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Na ruim vier jaar hard maar vooral met veel plezier werken ligt hier voor jullie mijn 

proefschrift. Alhoewel het doen van wetenschappelijk onderzoek en het schrijven van dit 

proefschrift veel zelfstandigheid en zelfdiscipline heeft vereist, zijn er de nodige personen die 

een directe of indirecte bijdrage hebben geleverd bij de totstandkoming. Deze personen wil ik 

bij deze graag bedanken. 

Allereerst wil ik mijn twee promotoren, Peter Verhoef en Thorsten Wiesel, bedanken voor de 

grote bijdrage die ze hebben geleverd. Peter, enorm bedankt voor alle hulp, kennis, 

begeleiding en vertrouwen die je me hebt gegeven in de afgelopen vier jaar. Ik heb enorm veel 

van je geleerd over het doen van wetenschappelijk onderzoek en het ontwikkelen van mijn 

conceptuele vaardigheden. Thorsten, enorm bedankt voor de fijne samenwerking en alle 

feedback. Ondanks de gegroeide fysieke afstand in de afgelopen 3,5 jaar hebben we goed 

kunnen samenwerken aan drie mooie projecten, waarvan twee reeds geaccepteerd zijn bij de 

International Journal of Research in Marketing. Met het afronden van dit proefschrift is 

slechts een hoofdstuk in de samenwerking tussen ons drieën afgerond, maar ik heb er alle 

vertrouwen in dat we ook in de toekomst door kunnen blijven gaan met onze productieve 

samenwerking. 

Hiernaast wil ik mijn andere coauteurs bedanken voor hun bijdrage. Koen Pauwels heb ik in 

2010 leren kennen tijdens het schrijven van mijn masterscriptie. Hierin ging ik gebruik maken 

van tijdreeksmodellen en om dit goed onder de knie te krijgen heb ik Koens colleges in het 

vak ‘Advanced Marketing Model Building’ bijgewoond. Anderhalf jaar later, toen ik net 

begonnen was aan mijn promotietraject en ik weer gebruik ging maken van tijdreeksdata, was 

het een logische keuze om Koen te vragen om deel te nemen aan dit project. Koen heeft mij, 

samen met Thorsten, tijdens dit eerste project enorm veel geleerd over het doen van 

academisch onderzoek, academisch schrijven en het doorstaan van het reviewproces. Dit heeft 

geresulteerd in een artikel wat terug te vinden is in het derde hoofdstuk van dit proefschrift en 

wat net voor het drukken van dit proefschrift geaccepteerd is voor publicatie in de 

International Journal of Research in Marketing. Uiteindelijk heb ik dit project ook gebruikt als 

mijn ‘job market paper’ en daarmee heeft het zeer sterk bijgedragen aan mijn nieuwe carrière 

aan de Goethe Universiteit in Frankfurt. Koen, enorm bedankt voor de fijne samenwerking! 

The second co-author who I would like to thank is P. K. Kannan. We met each other when 

you were visiting Groningen to give a brownbag presentation. I was working on an idea for 

the third project of my dissertation, which we discussed during your stay in Groningen. A few 



 

 

 

months after that you invited me to come to Maryland for a research stay to work further on 

this idea. This very fruitful visit has resulted in an MSI research proposal, which has received 

a grant from MSI. After working on this project further and presenting it at a number of 

conferences, it resulted in the working paper which can be found in the fourth chapter of this 

dissertation and is also included in the MSI Working Paper Series. I am very proud of this 

paper and hope we can find a good outlet for it, and also that we can start some other research 

projects in this area. Next to this I am very thankful that you have accepted to be part of my 

evaluation committee. 

Naast P. K. wil ik ook de twee andere leden van mijn beoordelingscommissie bedanken, te 

weten Marnik Dekimpe en Jaap Wieringa. Bedankt voor de waardevolle feedback die hebben 

geholpen de puntjes van dit proefschrift op de i te zetten en bedankt voor zitting te willen 

nemen in mijn beoordelingscommissie. Hiernaast wil ik Jaap ook bedanken dat hij mij zo’n 

zes jaar geleden heeft aangespoord om de research master te gaan volgen. Als dit niet gebeurd 

was, dan had ik zeer waarschijnlijk niet gekozen voor een carrière in de wetenschap en was dit 

proefschrift nooit tot stand gekomen. Hiervoor enorm veel dank! Ik ben hiernaast ook dank 

verschuldigd aan mijn interne leescommissie, te weten Jenny van Doorn, Tammo Bijmolt en 

Maarten Gijsenberg. Ik wil jullie bedanken voor de tijd die jullie gestoken hebben in het 

doorlezen van dit proefschrift en de waardevolle feedback die jullie gegeven hebben. Jullie 

feedback heeft een erg positieve bijdrage aan dit proefschrift geleverd. 

In de wetenschap, en zeker voor het doen van empirisch onderzoek, ben je nergens zonder 

goede data. Ik wil daarvoor de online retailer bedanken die de data heeft geleverd waarop de 

onderzoeken in hoofdstuk drie en hoofdstuk vier zijn gebaseerd. Naast het leveren van de data 

hebben jullie ook enorm bijgedragen met de discussies die we hebben gevoerd, de inzichten 

die jullie hebben gegeven over de dagelijkse marketingpraktijk en door het aansturen op 

praktische relevantie. De praktische kennis die ik heb opgedaan dankzij jullie zal ook in de 

toekomst nog erg van pas komen om de wetenschappelijk onderzoek te vertalen naar in de 

praktijk toe te passen inzichten en ook om problemen uit de praktijk te vertalen naar relevant 

wetenschappelijk onderzoek. Enorm bedankt voor deze grote bijdrage. 

In termen van data en contacten met het bedrijfsleven wil ik ook het Customer Insights Center 

en in het bijzonder Jelle Bouma bedanken. Mijn eerste ervaringen met de marketingvakgroep 

was tijdens mijn werk als student-assistent van het Customer Insights Center, waarin ik hielp 

bij het meten en verder uitwerken van de Dutch Customer Performance Index. Dit was een 



 

enorme leerzame periode voor mij en dankzij dit werk en de data die we hebben verzameld in 

deze periode heb ik uiteindelijk het tweede project van mijn promotietraject kunnen uitvoeren, 

welke terug te vinden is in hoofdstuk twee van dit proefschrift.  

Hiernaast wil ik ook iedereen bedanken van de marketingvakgroep in Groningen. Ten eerste 

de huidige en oud-promovendi: Niels, Sander, Alec, Yi-Chun, Daniela, Lisette, Stefanie, 

Eline, Jacob, Frank, Sebastian, Carmen, Martine, Jan, Feng, Sandy, Katrin en Titah. Dank 

jullie voor de gezellige tijd, de koffiepauzes, de activiteiten, de pokeravonden (bedankt voor 

de contributie!) en ga zo maar door.  Hiernaast wil ik ook mijn dank uitspreken aan alle 

andere leden en oud-leden van de vakgroep: Peter L., Tammo, Jaap, Koert, Bob, Laurens, 

Janny, Lara, Felix, Maarten, Jenny, Jan Willem, Liane, Hans B., Hans R., Marijke, Arjen, 

Martijn, Jelle, Wander, Yannick, Erjen, Sonja, Marjolein, Karel Jan, Keyvan en Jing. De 

vriendelijk en positieve sfeer op de afdeling heeft sterk bijgedragen aan de goede tijd en de 

goede herinneringen die ik heb aan Groningen. Ook wil ik in het bijzonder nog het 

secretariaat, Hanneke, Lianne en Annicka, bedanken voor alle ondersteuning die ze gegeven 

hebben in de afgelopen jaren. 

Na mijn vertrek uit Groningen kon ik meteen doorgaan in Frankfurt aan de Goethe 

Universiteit, waar ik ook de laatste details van dit proefschrift heb uitgewerkt. Ik wil daarom 

ook al mijn nieuwe collega’s in Frankfurt bedanken voor de goede en gastvrije ontvangst 
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overtuigd dat ik hier goed verder kan werken aan mijn wetenschappelijke carrière en ik kijk 

uit naar een hopelijk zeer productieve maar bovenal een zeer mooie tijd. 

Ook wil ik in het bijzonder nog mijn twee paranimfen, Niels Holtrop en Sander Beckers, 

bedanken. Niels, ik heb met erg veel plezier vier jaar lang jouw kantoorgenoot mogen zijn, 

waar we allebei vrijwel dagelijks aanwezig waren. Vooral nu ik een kantoor voor mij alleen 

heb merk ik pas hoe fijn het is om bijna altijd iemand in de buurt te hebben om zo nu en dan 
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goede herinneringen aan de diverse congresbezoeken en aangezien jij ook van plan bent in de 

wetenschap te blijven zullen we elkaar ongetwijfeld nog vaak tegenkomen. Sander, ik heb 

altijd met veel plezier met jou van gedachten gewisseld over diverse onderwerpen, zowel 

marketing als (en vooral) niet-marketing gerelateerd. Ook je verhalen over FC Groningen en 

Brabant (een goede combinatie) staan mij nog allemaal goed bij. Ondanks dat je nu het 



 

 

 

bedrijfsleven in bent gegaan zullen we elkaar ongetwijfeld nog regelmatig op de hoogte 

houden van diverse ontwikkelingen. 

Tot slot wil ik mijn familie en vrienden bedanken voor alle steun, afleiding en relativering. 
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1. Introduction  
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Marketers have in general difficulty justifying marketing expenditures (O’Sullivan and 

Abela 2007), and are unable or unwilling to measure the effects of their actions, or they lack 

the appropriate metrics or methods to do so (McGovern et al. 2004). This problem already 

exists for a long period of time, given the more than a century old saying attributed to John 

Wanamaker “half the money I spend on advertising is wasted; the trouble is I don't know 

which half”. This lack in accountability has led to a steep decline in the influence of 

marketing departments within firms (Verhoef and Leeflang 2009), especially in western-

European countries and Australia (Verhoef et al. 2011), which has alarmed both marketing 

academics as well as marketing practitioners (Nath and Mahajan 2008). The decreasing 

influence of the marketing department does not only have negative consequence for the 

marketing department itself, but also has negative consequence for the overall firm 

performance (Verhoef et al. 2011). Partly this is because of a decrease in the firm’s market 

orientation capabilities (Verhoef and Leeflang 2009; Verhoef et al. 2011). A decrease in the 

market orientation capabilities leads to firms being less focused on the profitable creation and 

maintenance of value for customers (Verhoef et al. 2011), and to a decrease in the generation 

and diffusion of, and responsiveness to, market information by the firm (Slater and Narver 

1994). Furthermore Verhoef et al. (2011) found a negative effect of the decreasing influence 

of the marketing department on firm performance above and beyond that of market 

orientation. More recently Feng, Morgan and Rego (2015) found that the power of marketing 

departments in U.S.-based firms has actually increased over time, but they also found that 

marketing department’s power enhances shareholder returns, underlying the importance of a 

powerful marketing department. Thus all these studies highlight the importance of having a 

strong marketing department for the performance of the overall firm. With that, as Verhoef 

and Leeflang (2009) and Verhoef et al. (2011) indicate, it is important to have a marketing 

department that is accountable. To increase the accountability of the marketing department, 

scholars have recommend to base marketing decisions more on facts and financial plans (e.g. 

O’Sullivan and Abela 2007; Verhoef and Leeflang 2009; Verhoef et al. 2011). 

In this dissertation we shine light on this problem and provide new possibilities to 

make the marketing department more accountable. Together with this we also respond to the 

challenges and opportunities for marketing in the 21
st
 century, stated by Leeflang, Verhoef, 

Dahlström, and Freundt (2013). One of the challenges they listed concerns the increasing 

amount of data, which especially occurs online where rich information about individual 

customers is available. One example of this is clickstream data, where all online activities of 

each individual customers are registered. Although it can be very challenging to use such ‘big 
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data’, because of the high volume, velocity and variety of these data (McAfee and 

Brynjolfsson 2012), when correctly gathered, structured and analyzed these data can provide 

rich insights. These data can make it for instance possible to measure, on an individual 

customer level, what the impact of marketing actions are and help to improve the 

effectiveness of these action, for instance in the form of better targeting and serving 

(individual) customers (e.g. Li and Kannan 2014 and Anderl, Becker, Wangenheim, and 

Schumann 2014). In other words, these data can help improve the accountability of (online) 

marketing and make a firm more market oriented. 

Another challenge stated by Leeflang, Verhoef, Dahlström, and Freundt (2013) 

focuses on communication channels. Although they only listed social media, which are indeed 

very interesting in terms of providing new ways for firms to communicate with their 

customers (e.g. De Vries, Gensler, and Leeflang 2012; Srinivasan, Rutz, and Pauwels 2015), 

the digital world has actually led to a wide range of new advertising and communication 

channels. We already know what the relative effectiveness of different traditional forms of 

advertising is (e.g. Assmus, Farley, and Lehmann 1984; Hanssens 2009; Sethuraman, Tellis, 

and Briesch 2011), and how well individual new advertising forms work in isolation (e.g. 

Agarwal, Hosanagar, and Smith 2011; Lambrecht and Tucker 2013, Skiera and Nabout 2013), 

insights about the relative effectiveness of these new advertising forms are still very scarce 

(Wiesel, Pauwels, and Arts 2011). 

A third challenge stated by Leeflang, Verhoef, Dahlström, and Freundt (2013) 

concerns the usage of different distribution channels. This challenge already received quite 

some attention in the multichannel literate, which often includes brick and mortar stores, 

websites and catalogs. From this literature stream we know that these channels are useful in 

different stages of the purchase funnel (Verhoef, Neslin, and Vroomen 2007; Konus, Verhoef, 

and Neslin 2008), however mobile devices have recently also started to play a role in this. 

Customers can now use one device as a search tool while other devices can be used as a 

purchase tool, in line with the research shopper phenomenon from the multichannel literature 

(Verhoef, Neslin, and Vroomen 2007). The role of mobile devices in this customer journey is 

however very much unknown, as also stated in one of MSI’s top-1-tier research priorities for 

2014-2016 (MSI 2014): “What new customer behaviors have emerged in a multi-media, 

multi-screen, and multi-channel environment?”. 
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Figure 1-1: Outline of the dissertation 

 

 

In this dissertation, we focus on three ways to make marketing more accountable, 

using the new challenges and opportunities of marketing in the 21
st
 century by Leeflang, 

Verhoef, Dahlström, and Freundt (2013), outlined in Figure 1-1. The first study’s key focus is 

on accountability in the traditional offline world, while the two other studies focus on the 

rapidly changing digital world using the opportunities of clickstream data, new ways to 

communicate with the customers and new ways of the customers to gather information. In the 

first study of this dissertation the focus is across firms and industries, and we provide answers 

to how usable different (combinations of) Customer Feedback Metrics (CFMs) are to monitor 

a firm’s customer base, and how this can help make firms more accountable. This more 

traditional form to quantify the impact of marketing and to make marketing more accountable 

has been very fruitful, as shown in the overview paper by Gupta and Zeithaml (2006). It is 

however unknown which CFM is most relevant at different units of analyses (i.e. the customer 

level or the firm as a whole) and how this relevance differs across industries. In the first study 

we are exploring this.  

As mentioned earlier, no study explores the effectiveness of a wide range of different 

on- and offline forms of advertising across multiple product categories. As a results, for 

managers it is unknown if and how much they should invest in the different new advertising 

forms. In the second study we therefore zoom in to the firm level and provide answers to the 

questions how valuable different (on- and offline) forms of advertising are and how the firm 

can better allocate their advertising budgets. Based on the findings of this research we provide 

managers guidelines in terms of which forms of (online) advertising are most effective and 

how they can use this information to make better (online) advertising budget allocations. This 

can again help marketing to become more accountable. 



 

 

 

Table 1-1: Setup of the studies 

 Level of analysis Focus Data Model Research Aim 

Study 1/ chapter 2 Across customers, 

firms and industries 

Offline 

+ online 

Two period 

survey 

Multi-level probit with 

selection 

Better understand which CFMs can best 

be used to monitor customer- and firm 

performance  

Study 2/ chapter 3 Firm level Online Time series SVAR Better understand how different (off- and 

online) advertising activities influence 

firm performance  

Study 3/ chapter 4 Customer level Online Clickstream Two stage multinomial 

probit and probit 

Better understand the online customer 

journey with respect to the (mobile) 

devices being used and how this impacts 

conversion 
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The third and final empirical study of this dissertation zooms in to the individual 

customer level and provides answers to the questions what the online customer journey looks 

like, what role different (mobile) devices play in this journey and how firms can use these 

insights to better segment, serve and (re)target customers. In the next sections we provide 

more details about the studies. An overview of the three studies from this dissertation can be 

found in Table 1-1.  

1.1.  Using customer feedback metrics to become more accountable 

One way to make the marketing department more accountable and increase their 

influence within the firm, Verhoef et al. (2011) state, is to let the marketing department focus 

on one overarching market asset, such as the brand- or customer equity, and choose the most 

relevant metric to monitor that asset. A problem that arises with this is that there may not be 

one ‘most relevant’ metric. There are in fact many metrics available that all provide different 

details about the impact of marketing (Farris et al. 2006), and new metrics are introduced on a 

regular basis (e.g. Reichheld 2003 and Dixon, Freeman and Tolman 2010). Some of these 

metrics are very much focused on a single interaction with the firm in the past, such as the 

Customer Effort Score by Dixon, Freeman and Tolman (2010). Others are the sum of 

experiences and provide more insights on the present, such as customer satisfaction, while 

others even focus on the future intentions of customers, such as the Net Promotor Score by 

Reichheld (2003). Farris et al. (2006) recommend to not only use one single metric to monitor 

the impact of marketing, but instead chose a portfolio or “dashboard” of metrics. The problem 

remains however that it is hard to choose the best portfolio of metrics, and when there are too 

many metrics the problem of losing focus arises (Verhoef et al. 2011). Because of this 

dilemma we investigate how one dimensional CFMs (i.e. metrics that focus on one aspect of 

the firm/customer) are performing compared to a dashboard of metrics, and how firms can 

choose the most appropriate metric(s) to monitor marketing’s impact in their situation. For 

this we investigate the performance of CFMs in predicting retention for a wide range of firms 

across multiple industries, which is the focus of the second chapter of this dissertation. 

1.2. Using insights on (online) advertising effectiveness to become more 

accountable 

Another way the marketing department can become more accountable (i.e. make better 

fact-based decisions), is by making better use of existing (scientific) knowledge about the 

impact of marketing (Hanssens 2009), and let managers base their decisions on this 

knowledge. This is especially helpful in situations where there is not the time, money, data 
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and/or knowledge to find the impact of a firm’s marketing efforts. When managers for 

instance have no clue (i.e. no objective measure) about how effective their advertising efforts 

are, and can therefore make no fact based decisions on advertising budget allocation, a good 

starting point would be to look at how effective advertising is in general and how this may 

differ depending on the ‘unique’ situation such as the industry, media type, time, country, and 

product category (Sethuraman, Tellis, and Briesch 2011). A problem with this is however that 

new marketing opportunities arise for which the current knowledge does not hold anymore. 

Examples of this are online and interactive forms of advertising, for which no generalizations 

are available (Hanssens 2009; Sethuraman, Tellis, and Briesch 2011). In the second study, 

which can be found in the third chapter of this dissertation, we therefore are exploring which 

online advertising forms are most effective, why they are most effective (e.g. do they attract 

more visitors or more profitable visitors), when the effect occurs (i.e. immediately and/or with 

a lag), and how managers can use this information to optimize their (online) advertising 

budget allocation. 

1.3. Using insights from the customer journey to become more accountable 

The third way the marketing department can become more accountable is to focus on 

individual (or segments of) customers in order to better serve and target these customers 

(Kumar and Reinartz 2012). Traditionally this has been done mainly at the segment level, i.e. 

identifying the segments in the market and target these segments of customers with different 

products through the appropriate channels. Targeting the individual customer has been very 

challenging because of the lack of data at the individual customer level and the limited 

possibilities to reach and serve individual customers differently. In the online world it has 

however become much easier to track customers throughout their ‘customer journey’, 

providing information about all touch points the customer has come into contact with (Court 

et al. 2009). This has led to a fast increase in the amount of data being available (Chin, Chiang 

and Storey 2012) and has given marketers the opportunity to better segment, serve and 

(re)target these individual customer (Li and Kannan 2014). However, even more recently, 

with the rise of mobile devices, the individual online customer journey has become scattered 

over multiple devices. As a consequence, the individual customer journey has become harder 

to fully observe by online retailers. However, when online retailers can identify the different 

devices of the same user, this can provide them rich insights about the stage customers are in, 

e.g. mobile devices are used more in the search phase, while fixed devices are used more in 

the purchase phase. This in turn can help online retailers to better segment, serve and target 
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their customers at the right moment in time and on the right device. Investigating the role of 

different devices in the online customer journey is therefore the focus of the fourth chapter of 

this dissertation. 

1.4. Outline of the dissertation 

To sum everything up, this dissertation focuses on providing tools and insights which 

can help make marketing departments more accountable in the 21
st
 century. For this we look 

at the problem from three different perspectives. In the first study, which is the second chapter 

of this dissertation, we explore the problem of marketing accountability and how CFMs can 

help in this across a wide range of firms and industries. In the second study, which is the third 

chapter of the dissertation, we zoom in to the firm level, and investigate how marketing 

actions in terms of (on- and offline) advertising can be linked to firm performance. In the 

fourth chapter we zoom in at the individual customer level, and investigate how customers go 

through the online customer journey and what role different devices play in this journey. In 

the fifth chapter we summarize the main findings of this dissertation, provide managerial 

implications, and give directions for future research. 



 

 

Chapter 2 

 

2. The Predictive Ability of Different Customer 

Feedback Metrics for Retention 
 

Abstract 

This study systematically compares different customer feedback metrics (CFMs)—namely 

customer satisfaction, the Net Promoter Score, and the Customer Effort Score—to test their 

ability to predict actual customer retention across a wide range of industries. We classify the 

CFMs according to a time focus (past, present, or future) and whether the full scale of the 

CFM is used or whether the focus is only on the extremes (e.g., top-2-box customer 

satisfaction). The data for this study represent customers of 93 firms across 18 industries. 

Multi-level probit regression models, which control for self-selection bias of respondents, 

investigate firm-, customer-, and industry-level effects simultaneously. Overall, we find that 

the top-2-box customer satisfaction performs best for predicting customer retention and that 

focusing on the extremes is preferable to using the full scale. However the best CFM does 

differ depending on industry and the unit of analysis (i.e., comparing customers or firms with 

one another). Furthermore, combining CFMs, along with simultaneously investigating 

multiple dimensions of the customer relationship, improves predictions even further. 

 

This chapter is based on De Haan, Evert, Peter C. Verhoef, and Thorsten Wiesel (2015), “The 

Predictive Ability of Different Customer Feedback Metrics for Retention,” International 

Journal of Research in Marketing, 32 (2), 195-206. 

This paper is included in the MSI November 2015 issue of “Journal Selections from MSI,” 

http://www.msi.org/articles/journal-selections-from-msi-october-2015. 
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New customer feedback metrics (CFMs), as Morgan and Rego (2006) label them, 

including Reichheld’s (2003) Net Promoter Score (NPS) and Dixon, Freeman, and Toman’s 

(2010) Customer Effort Score (CES), are introduced frequently. These CFMs promise to be 

“the best” indicator of (future) firm performance, prompting leading companies in a wide 

range of industries to start using them (Bain & Co. 2013). Academic research challenges these 

promises (e.g., Keiningham, Cooil, Aksoy, Andreassen, and Weiner 2007a; Keiningham, 

Cooil, Andreassen, and Aksoy 2007b; Morgan and Rego 2006); however, most studies 

investigate only a limited range of firms, industries, and settings, and they lack comparability, 

because they use different dependent variables, research settings, methodologies, units of 

analysis, and so on. Marketing managers thus lack guidance on which CFM to monitor and 

how to interpret changes in these CFMs, which can lead to uncertainty, frustration, and even 

abandonment of the CFMs in question. Such outcomes might lessen marketing departments’ 

accountability and influence (Verhoef and Leeflang 2009), hinder firms from becoming more 

customer centric (Shah, Rust, Parasuraman, Staelin, and Day 2006), and negatively affect 

marketing-mix performance (Mintz and Currim 2013). 

This study aims to provide, for a wide range of industries, insights into the impact of 

different CFMs, including which (combinations of) CFM(s) a firm should monitor, how to 

interpret changes in CFMs, and how this differs across industries. We use actual customer 

retention data to compare the predictive power of various CFMs across a large number of 

firms and industries. Our focus on customer retention reflects three key considerations: (1) 

customers are among the most important marketing assets of the firm, (2) an almost one-to-

one relationship exists between the value of the customer base and firm value, and (3) CFMs 

are frequently used as indicators of future loyalty (Gupta, Lehmann, and Stuart 2004; Rust, 

Zeithaml, and Lemon 2000). We simultaneously analyze customer-, firm-, and industry-level 

effects of CFMs on retention, using multi-level models to support comparisons of within-firm, 

between-firm, and between-industry effects. With this approach, we can provide 

generalizations and recommendations on which CFM(s) to monitor and how this differs 

across industries. We use surveys to collect CFM scores and customer background 

information from 6,649 respondents, who in total filled out 8,924 firm evaluations for 93 

firms across 18 industries. In a follow-up survey two years later, filled out by 1,308 

respondents who provided 1,375 firm evaluations (i.e., a 15.4% response rate), we measure 

our dependent variable, customer retention. We measure the usefulness of the CFMs in 

predicting retention by analyzing both in-sample fit (with the Akaike information criterion 

[AIC] and Bayesian information criterion [BIC]) and out-of-sample fit (with the Gini 
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coefficient, top-decile lift, and hit rate) for which we use a one-third holdout sample. In terms 

of the out-of-sample fit, the top-decile lift is an important criterion when the main goal is to 

identify customers most likely to churn, while the Gini coefficient and hit rate are important 

when the goal is to judge accuracy for all customers (i.e., make good predictions about both 

retainers and churners) (Blattberg, Kim, and Neslin 2008).  

Our results show that the top-2-box customer satisfaction score offers the single-best 

predictor of retention across industries. In general, transforming scales of the CFMs to capture 

the proportion of most satisfied customers (as is done with the top-2-box customer 

satisfaction) or splitting customers up into groups (as is done with the promoters and 

detractors of the NPS) is preferable to using the full scale of the CFMs. In addition, our results 

show that the CES in itself has little to no predictive power and performs the worst of all 

CFMs studied. Which CFM performs best in predicting retention is however industry 

dependent, and it also depends on whether the CFM is meant to be used for customer 

management (i.e., compare customers of the same firm with one another) or to analyze the 

competitive position of a firm (i.e., compare different firms in the same industry with one 

another). Combining metrics, especially the CES with the customer satisfaction–related 

CFMs, results in improved out-of-sample retention predictions. A dashboard of CFMs that 

measure different dimensions, as indicated in our conceptualization, is preferable to 

monitoring a single CFM. 

Table 2-1 illustrates the study’s contribution with a selective literature overview. This 

study is the first to investigate the predictive power of CFMs over three levels (i.e., customer, 

firm, and industry) simultaneously. In doing so, we can distinguish between the heterogeneity 

of customers (i.e., which CFM is most appropriate for customer management) and the 

heterogeneity of firms (i.e., which CFM is most appropriate for competitive positioning). 

Furthermore, this study is one of the first to use the official NPS, as Reichheld (2003) 

intended it, and to investigate the CES in line with Dixon et al.’s (2010) approach. As such, 

we test the ability of two recently introduced metrics that have become famous as key CFMs. 

We also combine CFMs to determine whether using multiple CFMs improves the predictive 

power, as often done in firms’ dashboards. Furthermore, we predict actual future performance, 

in contrast with other studies that investigate only same-period correlations (e.g., Anderson, 

Fornell, and Mazvancheryl 2004; Keiningham et al. 2007b). In doing so, we can test the 

usefulness of CFMs for predictive purposes. Finally, we judge the (combination of) CFMs on 

their out-of-sample predictions to determine whether they have real incremental predictive 
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power and to overcome over-fitting problems. In doing so, we can show the validity and 

robustness of our results. 

In summary, we investigate how valuable various CFMs are in predicting retention in 

different situations, both to increase the academic understanding of these CFMs and to help 

managers select the best CFM(s) according to their situation and demands. To do so, we 

examine (1) the overall usefulness of different CFMs in predicting retention, (2) the 

differences of this usefulness between industries, (3) the differences between different units of 

analysis (e.g., customer- or firm-level retention for customer management and competitive 

analysis purposes), and (4) the incremental power of monitoring multiple CFMs over using a 

single CFM. These insights can help practitioners decide which (combination of) CFM(s) to 

use in different situations and help academics understand how valuable CFMs are and what 

the determining factors (e.g., industry differences, unit of analysis) for this are. 

 



 

 

Table 2-1: Literature overview on (predictive) performance of CFMs (selection) 

 Level of analysis CFM Combine 

multiple 

CFMs 

Predictive 

power 

Out-of-

sample 

prediction 
Study Customer Firm Industry Satisfaction NPS CES 

Hallowell (1996)  √  √      

Ittner and Larcker (1998) (ch. 

3) 

√   √    √  

Ittner and Larcker (1998) (ch. 

5) 

 √ √ √    √  

Mittal and Kamakura (2001) √   √    √  

Anderson, Fornell, and 

Mazvancheryl (2004) 

 √ √ √      

Gruca and Rego (2005)  √ √ √    √  

Morgan and Rego (2006)  √  √ 
1
   √  

Keiningham, et al. (2007a) √  √ √ 
1
  √ √  

Keiningham, et al. (2007b)  √ √ √ 
1
     

Rego, Morgan, and Fornell 

(2013) 

 √  √    √
  

Van Doorn, Leeflang, and Tijs 

(2013) 

 √  √ √
 

  
2
 

 

Current paper √ √ √ √ √ √ √ √ √ 
1 
A proxy question used, instead of the official NPS question developed by Reichheld (2003). 

2 
Van Doorn et al. (2013) test predictive power but find no significant effects of the CFMs. 
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2.1. Conceptual background 

As Gupta and Zeithaml (2006) note, it is critical to understand the relationships among 

CFMs, customer behavior, and firm performance. Although the positive relationship between 

customer satisfaction and firm performance is well established (Gupta and Zeithaml 2006; 

Hanssens 2009), a similar state does not exist for other CFMs. In this section, we classify the 

CFMs under study and highlight the importance of the unit (or level) of analysis. 

2.1.1. Conceptual classification of metrics 

Research in marketing has discussed a large number of metrics. Farris, Bendle, 

Pfeifer, and Reibstein (2006) classify these metrics as share-of-mind metrics and consider 

customer satisfaction and willingness to recommend a specific sub-group within these 

metrics. In marketing research practice, these metrics are known as CFMs (Morgan and Rego 

2006). These CFMs have specifically gained attention in the service and relationship 

marketing and customer (relationship) management literature. Given the broad number of 

CFMs, we distinguish between these metrics on two dimensions. The first dimension is 

introduced by Bolton, Lemon, and Verhoef (2004) and by Zeithaml, Bolton, Deighton, 

Keiningham, Lemon, and Petersen (2006), who focus on the time span of measures and 

distinguish between more backward-looking (including the present) and more forward-

looking metrics. Forward-looking CFMs focus on what customers plan to do in the future and 

may signal something about the future performance of the relationship. Reichheld’s (2003) 

NPS is an example of a forward-looking CFM because it considers the willingness to 

recommend a firm in the future, which may also signal one’s future relationship with the firm 

(e.g., Zeithaml et al. 2006). Backward-looking metrics focus on the past and current 

performance of a company toward customers. The CES is a typical backward-looking CFM 

because it measures the perceived service performance from a specific past experience (Dixon 

et al. 2010). The CES is based on a single question (“How much effort did you personally 

have to put forth to handle your request?”), measured on a five-point scale. Dixon et al. 

(2010) suggest that the CES is a better predictor of repurchase (intentions) and increased 

spending than the NPS or customer satisfaction. Finally, customer satisfaction centers more 

on the overall evaluation of the interactions between the customer and the firm over time and 

tends to have a more present focus (Verhoef 2003), though it is also based on past experiences 

The second dimension pertains to how the measurement scale of the CFM is used. 

Advocates suggest looking not at the value of the scale but at the proportion of people 

responding very positive and/or very negative. An example of this is the top-2-box customer 
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satisfaction, which measures the proportion of customers filling in the two highest-scoring 

points of the overall customer satisfaction scale (Morgan and Rego 2006). Morgan and Rego 

(2006) show that this transformation serves as a good predictor of future business 

performance. The transformation to come to the official NPS also distinguishes between very 

positive, moderate, and very negative responses (Reichheld 2003). Transformations can 

theoretically be defended because research has shown that customers mainly focus on extreme 

experiences and therefore the effects of CFMs can be rather non-linear (e.g., Streukens and 

De Ruyter 2004; Van Doorn and Verhoef 2008). Moreover, service marketing experts have 

pledged to delight customers, implying that customers will evaluate firms with extreme scores 

on the CFM scales (Oliver, Rust, and Varki 1997). Firms can however also choose not to use 

a transformation and instead make use of the full scale (e.g., the 0–10 scale of the NPS). If we 

combine the two dimensions, we end up with a three-by-two classification matrix, as provided 

in Table 2-2.  

 

Table 2-2: Conceptualization of studied CFMs 

   Time dimension 

  Past focus Present focus Future focus 

Part of the 

scale used 

Full scale CES Customer satisfaction NPS value 

Focus on 

extremes 

 Top-2-box customer 

satisfaction 

Official NPS 

 

Combining CFMs could create a more powerful predictor, because the different CFMs 

all have their unique focus. Therefore, we also test whether using multiple CFMs 

simultaneously improves predictive power over monitoring only a single CFM. 

2.1.2. Studying effects across customers, firms, and industries 

In this study, we investigate the CFMs’ impact on retention at three different levels: 

customer, firm, and industry. These levels provide different insights into how the CFMs 

influence customer retention—specifically, (1) which part of retention can be attributed to the 

greater satisfaction of a customer than the average customer at the same firm, (2) which part 

can be attributed to the outperformance of the firm over competitors, and (3) which part can 

be attributed to the industry differences. Failing to separate the effects across these levels can 

lead to misinterpretation of the outcomes (Hox 2010). 

At the customer level, in which we investigate how the CFMs provide information 

about one customer compared with another customer at the same firm, CFMs can be used for 

customer management purposes. The customer level provides insights into how loyal 



28 | Chapter 2: The Predictive Ability of Different Customer Feedback Metrics 

 

customers differ from disloyal customers and the extent to which CFMs help discriminate 

between these customers. For example, Keiningham, et al. (2007a) show that CFMs are 

significant but not strong predictors of individual customer behavior, given the relatively low 

R-squares. This low level of prediction can be expected because many other factors influence 

customer behavior (e.g., competition, customer heterogeneity), but Keiningham, et al. (2007a) 

also show that CFMs can be used to distinguish between loyal and disloyal segments of 

customers within a firm. 

At the firm level, in which we investigate how the CFMs provide information about 

the firm compared with its competitors, CFMs can be used for analyzing the firm’s 

competitive position. Most studies on the effectiveness of CFMs (e.g., Keiningham, et al. 

2007b; Morgan and Rego 2006; Rego, Morgan, and Fornell 2013; Van Doorn, Leeflang, and 

Tijs 2013) focus on this level of analysis. Between-firm differences in CFMs are more likely 

to affect retention than within-firm differences. For example, if a customer is relatively 

unsatisfied with the firm, but the firm outperforms its competitors on average customer 

satisfaction, the customer is left with few alternatives to choose from and will not likely 

switch to a competitor (Rego et al. 2013). Furthermore, a firm that performs better than its 

competitors on customer satisfaction is also likely to receive more positive word of mouth, 

which is likely to increase the retention rate of other customers at the same firm. This positive 

word of mouth will also likely lower the retention rates at competing firms because customers 

will switch to the firm with more satisfied customers. 

Finally, at the industry level, in which we investigate how the CFMs provide 

information about the industry’s relative performance compared with other industries, CFMs 

can be used as a benchmarking tool, for example, for investors and other stakeholders. For 

explaining these between-industry differences, the usefulness of CFMs in predicting retention 

is less clear however. In industries in which customers are less satisfied or industries that have 

fewer promoters, switching rates could be lower, and thus retention rates could be higher. 

However, many other factors play a role, such as industry competitiveness, switching costs, 

and product visibility (Ou, Verhoef, and Wiesel 2014). At first glance, it is not clear how and 

if between-industry differences influence customer retention. 

2.2. Data 

 The data were collected for an annual study on customer performance of Dutch service 

firms in September 2010 (Bouma, Bügel, Verhoef, Alleman, Wiesel, and Wesselius 2010). 

The data came from an online survey sent to a sample of customers who are representative of 
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the Dutch consumer market. Each respondent could fill out the survey for multiple firms in 

his or her industry. In total, 6,649 respondents filled out the survey, providing a total of 8,924 

firm evaluations (i.e., 1.34 firm evaluations per respondent) for 93 firms across 18 industries. 

The survey measures the CFMs and asks other questions as well (e.g., Bouma et al. 2010). 

Table 2-3 presents an overview of the CFMs we study and their measurement. 

In November 2012—two years after they answered the initial survey—respondents 

received a request to participate in a follow-up survey. The subsequent survey asked whether 

the respondents remained customers at the firm for which they completed the first 

questionnaire. Among the 8,924 firm responses from 6,649 unique responders of the first 

survey, 1,308 unique responders also filled out the second survey, providing us with 1,375 

firm responses (i.e., a 15.4% response rate).  Descriptive statistics of this sample of firm 

responses appear in Table 2 4. We also have CES data for 20.5% of the sample; 79.5% of the 

customers had not contacted the firm with a request and thus could not provide a CES, though 

all respondents answered all other questions. The first survey provides the independent 

variables, while the retention variable (dependent variable) comes from the second survey. 

From the 1,375 firm responses, 370 (26.9%) customers churned within the two years between 

the surveys. Appendix 2.A provides more details about the differences in CFM scores and 

retention rates among industries. 



 

 

Table 2-3: Questions underlying the CFMs 

CFM Measurement 

1. Customer 

satisfaction 

“All in all, how satisfied or unsatisfied are you with [company X]?” (1 = very unsatisfied, 7 = very satisfied). Research has 

found that measuring customer satisfaction with one item is sufficient (e.g., Ittner and Larcker 1998; Van Doorn et al. 

2013). At the firm (industry) level, this translates into the average customer satisfaction score given within the firm 

(industry). 

2. Top-2-box 

satisfaction 

A dummy at the customer level indicates whether the customer has given a score of 6 or 7 on the customer satisfaction 

question. At the firm (industry) level, this is the proportion of customers of that firm (industry) that gave a score of 6 or 7. 

3. NPS “How likely is it that you would recommend [company X] to a friend or colleague?” (0 = very unlikely, 10 = very likely). 

Respondents who gave a score of 0–6 are “detractors,” those who gave a 7 or 8 are “passives,” and those who gave a 9 or 

10 are “promoters.” Subtracting the proportion of promoters by the proportion of detractors provides the NPS at the firm 

level (Reichheld 2003). At the customer level, the NPS reduces to a value of -1 for detractors, 0 for passives, and +1 for 

promoters. At the firm (industry) level, this translates to a score ranging from –1 (only detractors) to +1 (only promoters). 

4. NPS value This is the untransformed NPS score (0–10 range) provided by the customer. At the firm (industry) level, this translates to 

the average NPS value given within the firm (industry).  

5. CES “Did you try to contact [company X] with any kind of request?” (yes/no) If yes, the following question is asked: “How 

much effort did you personally have to put forth to handle your request?” (1 = very low effort, 5 = very high effort). At the 

individual customer level, we only have a dummy variable for the first question and a score in the 1–5 range for the second 

question. At the firm and industry level, we have the proportion of people who answered yes to the first question and the 

average score of the second question. 
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Table 2-4: Descriptive statistics (n = 1,375) 

Variable Summary statistics 

Age 18-29 years (12.7%), 30–39 years (18.6%), 40–49 years (22.2%), 50–64 

years (36.8%), ≥65 years (9.7%) 

Gender Male (51.7%), female (48.3%) 

Income <€30,000 (19.9%), approximately €30.000 (11.6%), €30.000–€60.000 

(29.1%), >€60.000 (10.3%), decline to answer (29.0%) 

CESyes/no Contacted company with a request (20.5%), did not contact company with 

a request (79.5%) 

Relationship 

length 

<1 year (6.5%), 1–2 years (6.9%), 2–3 years (8.8%), 3–5 years (11.6%), 

5–10 years (19.3%), >10 years (37.2%), don’t know (9.5%) 

Retention Still a customer (73.1%), not a customer anymore (26.9%) 

 Mean SD Minimum Maximum 

Satisfaction 5.14 1.56 1 7 

Top-2-box 0.48 0.50 0 1 

NPS official -0.24. 0.69 -1. 1 

NPS value 6.59 2.13 0 10 

CES (n = 282)  2.41  1.26 1 5 

 

For our analyses, we re-code some of the control variables, to increase the ease of 

interpretation and decrease the number of required parameters. For age, we re-code 18–29 

years to 23.5 years, 30–39 years to 35 years, 40–49 to 45 years, 50–64 to 57 years, and ≥65 

years to 70 years. In doing so, we only need to estimate one parameter that shows the change 

in retention when age increases by one year, rather than a parameter per age group, which 

must be compared with the baseline. For the same reason, we re-code the income groups: 

<€30,000 to 15, ~€30,000 to 30, €30,000–€60,000 to 45, >€60,000 to 75, and n/a (people who 

did not want to state their income) to 30. In addition, we create a dummy variable set to 1 if 

the respondent did not provide his or her income. Again, in this way we only need to estimate 

one parameter that shows the change in retention when income increases by approximately 

€1,000 and one parameter indicating whether people who did not state their income differ 

significantly from people with an income of ~€30.000 (i.e., Dutch modal income). Finally, we 

re-code relationship length as follows: <1 year to .5 year, 1–2 years to 1.5 years, 2–3 years to 

2.5 years, 3–5 years to 4 years, 5–10 years to 7.5 years, >10 years to 12.5 years, and n/a to the 

average relationship length at the same firm.  

 Note that other variables may influence retention but are omitted from our study 

because of limited data availability and the scope of our study (e.g., firm marketing-mix 

actions). We have only limited insights into the marketing actions conducted by the different 

firms in the time between the two surveys. From previous studies, we know that marketing 

actions influence CFMs (Gupta and Zeithaml 2006; Hanssens, Pauwels, Srinivasan, 
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Vanhuele, and Yildirim 2014; Srinivasan, Vanhuele and Pauwels 2010), which in turn 

influence behavior and firm performance. This last part, the impact of CFMs on behavior and 

performance, is the focus of our study. Therefore, the impact of marketing-mix actions on 

CFMs and on customer behavior and firm performance is outside the scope of this study. 

Including such variables in practice can however increase overall model fit and predictions 

(Hanssens et al. 2014; Srinivasan et al. 2010), so marketing practitioners should also take 

these variables into account. 

The correlation matrix in Table 2-5 provides initial insights.
1
 First, the length of the 

relationship is a good indicator of retention; not surprisingly, a person who already has a long 

relationship with a firm is more likely to stay with it than someone who has been a customer 

for only a short time. Among the customer satisfaction CFMs, the top-2-box customer 

satisfaction offers the highest correlation with retention, in line with the non-linear 

relationship of customer satisfaction with customer behavior found in previous studies (e.g., 

Dong, Ding, Grewal, and Zhao 2011; Ittner and Larcker 1998; Mittal and Kamakura 2001; 

Van Doorn and Verhoef 2008). Of the two NPS metrics, the official NPS correlates best; the 

size of this correlation is comparable to that of the top-2-box customer satisfaction. In 

addition, the CES significantly correlates with retention, but it is considerably lower than the 

correlation of the other CFMs. The CESyes dummy, which indicates whether the customer 

has contacted the firm with a request and provided a CES, is significant and positive, 

indicating that people who make requests are more likely to remain customers. This could 

potentially be explained by the service recovery paradox (De Matos, Henrique, and Rossi 

2007). 

                                                 
1
 For the correlation matrix, we use Pearson correlations. Note that we have three dichotomous variables in this 

correlation matrix: retention, top-2-box customer satisfaction, and CESyes. The Pearson correlation between a 

dichotomous variable (e.g., retention) and an interval variable (e.g., customer satisfaction) is mathematically 

equivalent to the point-biserial correlation (Warner, 2013). The Pearson correlation between two dichotomous 

variables is mathematically equivalent to the phi correlation (Warner, 2013). Using a Pearson correlation table in 

which both dichotomous and interval variables are included is thus appropriate. Furthermore, because the 

Pearson correlation is scale independent, it is appropriate to compare CFMs that are measured using different 

scales (e.g., NPS, which is measured on an 11-point scale, and customer satisfaction, which is measured on a 

seven-point scale). 



 

 

Table 2-5: Correlation matrix (n = 1,375) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

(1) Retention 1        

(2) Satisfaction .151
**

 1             

(3) Top-2-box .184
**

 .805
**

 1           

(4) NPS official .170
**

 .343
**

 .454
**

 1         

(5) NPS value .159
**

 .390
**

 .463
**

 .818
**

 1       

(6) CESyes .085
**

 .008
ns

 .041
ns

 .107
**

 .079
**

 1     

(7) CESa -.073
**

 -.165
**

 -.145
**

 -.090
**

 -.144
**

 .051
ns

 1   

(8) Relationship length .199
**

 .043
ns

 .043
ns

 .064
**

 .061
**

 .108
**

 -.081
ns

 1 
** 

p < .01, 
* 
p < .05, 

ns 
p > .05. 

a
For customers who did not provide a CES, we used the mean within the firm as a substitute. 
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2.3. Model 

Given both the study’s research objective to find which individual and combinations 

of CFMs performs best in predicting retention and given the data, we need a model that can 

handle the self-selection of customers to participate in the second survey, the hierarchical 

structure of the data, and, in some cases, multiple responses per participant. For this reason, 

we estimate two multi-level probit regression models that are allowed to correlate. The first 

equation predicts which customers participate in the second survey, and the second equation 

predicts retention. The multi-level structure of the models enables us to distinguish between 

the effectiveness of the CFMs at the three levels of analyses. We use clustered errors to 

account for the cases where there are multiple responses one respondent. The models are 

validated on the basis of in-sample fit (using the AIC and BIC) and out-of-sample fit (using 

the Gini coefficient, top-decile lift, and hit rate) for which we use a holdout sample containing 

one-third of the observations. 

2.3.1. Self-selection 

The self-selection of respondents in the second survey could potentially affect the 

findings; for example, customers who are more satisfied might be more likely to fill out the 

survey again (something we can observe). Similarly, customers who have churned might be 

less likely to fill out the survey (something we cannot observe). To investigate this potential 

bias, we evaluate whether the scores on the independent variables provided in the first survey 

differ between respondents and non-respondents of the second survey.  

 

Table 2-6: Differences between respondents and non-respondents 

 
Respondents Non-respondents 

 

 
n Mean n Mean p-Value 

Satisfaction 1375 5.14 7549 5.11 .563 

Top-2-box 1375 .48 7549 .47 .313 

NPS official 1375 -.24 7549 -.30 .005 

NPS value 1375 6.59 7549 6.43 .010 

CESyes 

 

21.0% 

 

18.0% .030 

CES 282 2.41 1362 2.52 .109 

Age 1375 47.2 7549 41.5 .000 

Gender (1 = female) 1375 .483 7549 .545 .000 

Income provided 

 

29.0% 

 

30.9% .160 

Income 976  € 38,483  5215  € 39,057  .408 

Relationship length 1375 7.65 7549 6.96 .000 
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Table 2-6 shows that respondents in the follow-up survey do not differ from non-

respondents in terms of the average customer satisfaction score, the top-2-box customer 

satisfaction, the CES, and income. People who provided a higher NPS are however 

significantly more likely also to take part in the follow-up survey. This can be an important 

insight for firms that use panel data to track their customers; customers who are more likely to 

promote the firm are also more likely to stay in the panel. This likelihood may provide an 

upward bias in the panel over time for this CFM, especially when the panel is not updated 

regularly. For customer satisfaction–related metrics, this does not seem to be the case. Older 

people, men, and customers who have a long relationship with the firm are also more likely to 

take part in the follow-up survey.  

The findings from Table 2-6 indicate that there is a self-selection bias, which affects 

some of the independent variables in our data set. Thus, we need to control for self-selection 

in our model. We do this by estimating a bivariate probit model with endogenous sample 

selection (Greene 2012, p. 789-792) with the following probabilities of the three possible 

outcomes:  

Pr(Participateijk = 0|X1ijk) = Φ1(-X’1ijkβ); (2.1) 

Pr(Retentionijk = 1|Participateijk = 1, -X2ijk, X1ijk) × Pr(Participateijk = 1|X1ijk) = Φ2(-

X’2ijkδ, X’1ijkβ, -ρ); (2.2) 

Pr(Retentionijk = 0|Participateijk = 1, X2ijk, X1ijk) × Pr(Participateijk = 1|X1ijk) = 

Φ2(X’2ijkδ, X’1ijkβ, ρ); and (2.3) 

where Φ1 is the univariate standard normal cumulative distribution function (c.d.f.), Φ2 

is the bivariate standard normal c.d.f., ρ is the correlation between the error terms of the 

participation and retention equation, and X1ijk (β) and X2ijk (δ) are the covariates in 

(parameters of) the participation and retention equation, respectively. If ρ is not significantly 

different from zero, there is no self-selection bias in the retention equation. We estimate the 

model using iterative maximum likelihood estimation, in which the Newton–Raphson 

algorithm is combined with the Davidon–Fletcher–Powell algorithm, using the cmp package 

(version 6.6.4) from Stata. To estimate the random effects, we use simulation-based 

estimation (Greene 2012). Finally, we use clustered errors to account for the multiple 

responses from some respondents (Greene 2012).
2
 

The model is only well identified if the participation equation has at least one variable 

that is not in the retention equation. Ideally, such a variable should be correlated with the self-

                                                 
2
 Given the low amount of firm evaluations per respondent, this only has a limited effect on the estimates. 
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selection procedure, but not with the retention probability, because otherwise it could be 

considered an omitted variable in the retention equation, which leads to omitted variable bias. 

The variable we chose for this is a dummy variable indicating whether the respondent also 

took part in the survey of the annual customer performance measurement among Dutch 

service firms in 2011 (i.e., a survey conducted between the first survey, in which we measured 

the independent variables, and the follow-up survey, in which we measured the dependent 

variable). Because these respondents participated in two subsequent surveys, it is likely that 

they will take part in other future surveys as well, meaning that this variable is likely strongly 

correlated with the self-selection procedure. However, because respondents were not required 

to answer questions for the same firm in the 2010 and 2011 surveys, in principle this new 

dummy variable should not be correlated with firm retention. 

Of the 8,924 respondents in the 2010 survey, 742 also took part in the 2011 survey. In 

addition, 14.5% of the respondents who only filled out the 2010 survey also participated in the 

2012 follow-up survey, while 25.5% of the respondents who filled out both the 2010 and 2011 

surveys participated in the 2012 follow-up survey. This is a significant difference (χ
2
 = 

62.886, p < .001). The retention rate from respondents who only filled out the 2010 survey is 

73.3%, while that for respondents who filled out both the 2010 and 2011 surveys is 72.0%, 

which is not a significant difference (χ
2
 = .143, p = .705). Thus, this dummy variable is 

appropriate as an additional variable in the selection equation to better identify the model 

because it is correlated with the self-selection procedure, but not with the outcome (i.e., 

retention) equation. 

2.3.2. Model estimation 

Because our data set has a hierarchical structure (i.e., customers are part of a firm, and 

firms are part of an industry), we must accommodate all three levels in our analyses. 

Therefore, we consider both within- and between-firm effects of different CFMs. We chose to 

use multi-level
3
 probit regression models with random intercepts

4
 at the firm and industry 

levels to account for heterogeneity of retention and participation at these levels, as specified in 

                                                 
3
 For all the different versions of this model, we performed a likelihood ratio test to investigate whether a multi-

level probit is preferable to a normal probit. We find that this is indeed the case (all p-value are smaller than 

.001, indicating preference for the multi-level probit over the simpler but less complete normal probit). 
4
 For all the different versions of this model, we performed a Hausman (1978) test to investigate whether 

random-effects models are preferable to fixed-effects models. All Hausman tests were highly non-significant, 

indicating that the parameter estimates of the random-effects models are consistent. Therefore, random-effects 

models are preferable because of their efficiency (Hausman 1978). Note that even a significant Hausman test in a 

multi-level model would not automatically imply that a random-effects framework should be abandoned, but that 

the conceptual level should also be considered when making such a decision (Fielding, 2004; Snijders & 

Berkhof, 2007). 
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Equations (2.4) and (2.5). Table 2-7 explains the variables in these two equations. As 

indicated in section 2.3.1, we must allow for correlated error terms to account for self-

selection, which we do in Equation (2.6). 

𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑖𝑗𝑘~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜋𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛,𝑖𝑗𝑘) 

𝑝𝑟𝑜𝑏𝑖𝑡(𝜋𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛,𝑖𝑗𝑘) = 𝛽𝑥,0𝑗𝑘 + 𝛽𝑥,1 ∙ (𝐶𝐹𝑀𝑥,𝑖𝑗𝑘 − 𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑗𝑘) + 𝛽𝑥,2 ∙ (𝐶𝐹𝑀̅̅ ̅̅ ̅̅

𝑥,𝑗𝑘 −

𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑘) + 𝛽𝑥,3 ∙ 𝐶𝐹𝑀̅̅ ̅̅ ̅̅

𝑥,𝑘 + 𝛽𝑥,4 ∙ 𝑙𝑒𝑛𝑔ℎ𝑡𝑖𝑗𝑘 + 𝛽𝑥,5 ∙ 𝑎𝑔𝑒𝑖𝑗𝑘 + 𝛽𝑥,6 ∙ 𝑖𝑛𝑐𝑜𝑚𝑒𝑖𝑗𝑘  + 𝛽𝑥,7 ∙

𝑖𝑛𝑐𝑜𝑚𝑒𝑛𝑎𝑖𝑗𝑘
 + 𝛽𝑥,8 ∙ 𝑓𝑒𝑚𝑎𝑙𝑒𝑖𝑗𝑘 + 휀𝑥,1𝑖𝑗𝑘.  (2.4) 

𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖𝑗𝑘~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜋𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛,𝑖𝑗𝑘) 

𝑝𝑟𝑜𝑏𝑖𝑡(𝜋𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛,𝑖𝑗𝑘) = 𝛿𝑥,0𝑗𝑘 + 𝛿𝑥,1 ∙ (𝐶𝐹𝑀𝑥,𝑖𝑗𝑘 − 𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑗𝑘) + 𝛿𝑥,2 ∙ (𝐶𝐹𝑀̅̅ ̅̅ ̅̅

𝑥,𝑗𝑘 −

𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑘) + 𝛿𝑥,300 ∙ 𝐶𝐹𝑀̅̅ ̅̅ ̅̅

𝑥,𝑘 + 𝛿𝑥,4 ∙ 𝑙𝑒𝑛𝑔ℎ𝑡𝑖𝑗𝑘 + 𝛿𝑥,5 ∙ 𝑎𝑔𝑒𝑖𝑗𝑘 + 𝛿𝑥,6 ∙ 𝑖𝑛𝑐𝑜𝑚𝑒𝑖𝑗𝑘  + 𝛿𝑥,7 ∙

𝑖𝑛𝑐𝑜𝑚𝑒𝑛𝑎𝑖𝑗𝑘
 + 𝛿𝑥,8 ∙ 𝑓𝑒𝑚𝑎𝑙𝑒𝑖𝑗𝑘 + 𝛿𝑥,9 ∙ 𝑝𝑎𝑛𝑒𝑙𝑖𝑗𝑘 + 휀𝑥,2𝑖𝑗𝑘.  (2.5) 

(
휀1𝑖𝑗𝑘

휀2𝑖𝑗𝑘
|𝑋1𝑖𝑗𝑘, 𝑋2𝑖𝑗𝑘) ~𝑁 [(

0
0

) , (
1 𝜌
𝜌 1

)], (2.6) 

To investigate the incremental power of each CFM, we estimate a baseline model in 

which only the control variables are included (i.e., no CFMs). We compare the models 

including the CFMs with each other and with the baseline model. As Equations (2.4) and (2.5) 

indicate, we group-centered the CFMs following Raudenbush’s (1989) procedure, so that we 

can distinguish the CFMs’ impact on retention at different levels of analysis. In other words, 

with this group-centering we disentangle the customer-, firm- and industry-level effects.
5
 For 

example, the parameter 𝛽𝑥,1 is the effect on retention when a customer has a one-point-higher 

score on CFM variable x (e.g., customer satisfaction) than the average customer within the 

same firm. Parameter 𝛽𝑥,2 is the effect when a firm has a one-point-higher score on the CFM 

variable x than the average firm within the same industry. Finally, 𝛽𝑥,3 is the effect when an 

industry has a one-point-higher score on the CFM variable x than another industry. With this 

industry parameter, we can investigate whether customers are more loyal in industries with 

better CFM scores.  

If we do not use group-centering, we cannot disentangle the different effects; in this 

case, 𝛽𝑥,1 would be a combination of the customer-, firm-, and industry-level effect, and 𝛽𝑥,2 

would be a combination of the (remaining) firm- and industry-level effect. Thus, group-

                                                 
5
 Thus, the CFM variables are all measured at the customer level, and through the group-centering approach, we 

distinguish among customer-, firm-, and industry-level effects. This deviates from other multi-level modeling 

approaches (e.g., Steenkamp & Geyskens, 2014), in which higher levels in the hierarchy (e.g., firm level) include 

the parameters from the lower levels as dependent variables (e.g., customer-specific parameters) as well as the 

associated higher-level predictors (firm level in this example). 
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centering aids interpretation of the effects. With group-centering, the CFMs at the three levels 

are completely uncorrelated and do not violate any of the assumptions of the multi-level 

model. Indeed, the variance in the original CFM is due to group-centering allocated over the 

three levels. 

 

Table 2-7: Variable definitions 

Variable Definition 

𝐶𝐹𝑀𝑥,𝑖𝑗𝑘 Score on CFM x for customer i of firm j in industry k 

𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑗𝑘 Average score on CFM x for firm j in industry k 

𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑘 Average score on CFM x in industry k 

𝑙𝑒𝑛𝑔ℎ𝑡𝑖𝑗𝑘 Length of the relationship (in years) for customer i with firm j in industry k 

𝑎𝑔𝑒𝑖𝑗𝑘 Age (in years) of customer i at firm j in industry k 

𝑖𝑛𝑐𝑜𝑚𝑒𝑖𝑗𝑘 Yearly income (in thousands of euros) of customer i at firm j in industry k 

𝑖𝑛𝑐𝑜𝑚𝑒𝑛𝑎𝑖𝑗𝑘
 Dummy indicating whether income for customer i at firm j in industry k is 

unknown 

𝑓𝑒𝑚𝑎𝑙𝑒𝑖𝑗𝑘 Dummy indicating whether customer i at firm j in industry k is female 

𝑝𝑎𝑛𝑒𝑙𝑖𝑗𝑘 Dummy indicating whether customer i at firm j in industry k participated in 

the 2011 survey 

 

Finally, we investigate industry heterogeneity by estimating a simplified version of the 

model in Equation (2.4)—namely, a logistic regression model with industry-specific 

parameters for each CFM, as shown in Equation (2.7).
6
 We model this version separately 

from Equations (2.4) and (2.5) because including industry-specific parameters in these two 

equations would make the model extremely complex, given that the random effects in the 

selection equation may be correlated with the retention equation, with each other’s (firm and 

customer level) intercepts, and so on. This would result in an extremely complex variance–

covariance matrix and over-complicated models, which would likely result in over-fitting and 

provide lower out-of-sample fit. Thus, Equations (2.4) and (2.5) give a general picture about 

the average effect of each CFM, while Equation (2.7) provides additional insights into 

industry heterogeneity. 

𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑖𝑗𝑘~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜋𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛,𝑖𝑗𝑘) 

𝑙𝑜𝑔𝑖𝑡(𝜋𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛,𝑖𝑗𝑘) = 𝛼𝑥,0𝑘 + 𝛼𝑥,1𝑘 ∙ (𝐶𝐹𝑀𝑥,𝑖𝑗𝑘 − 𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑗𝑘) + 𝛼𝑥,2𝑘 ∙ (𝐶𝐹𝑀̅̅ ̅̅ ̅̅

𝑥,𝑗𝑘 −

𝐶𝐹𝑀̅̅ ̅̅ ̅̅
𝑥,𝑘) + 휀𝑥,3𝑖𝑗𝑘,  (2.7) 

                                                 
6
 We choose to estimate a simplified version of Equation (2.4) because the results of the full model indicate no 

significant self-selection bias and no significant impact of the control variables on the CFM parameter estimates. 

Because the amount of observations per industry is relatively low (51 to 135 observation) and the retention rates 

are high (i.e., low number of churners), three parameters per industry is already quite high for a logistic 

regression model (Peduzzi, Concato, Kemper, Holford, & Feinstein 1996). 
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where 𝛼𝑥,0𝑘 captures the industry-level heterogeneity, 𝛼𝑥,1𝑘 captures the effect of 

differences between customers within the same firm, and 𝛼𝑥,2𝑘 captures the effect of 

differences between firms within the same industry. We investigate per industry which CFMs 

are useful for customer management within the firm (i.e., have a significant 𝛼𝑥,1𝑘) and which 

CFMs are useful to compare the focal firm’s competitive position with its competitors within 

the same industry (i.e., have a significant 𝛼𝑥,2𝑘). Furthermore, we indicate per industry which 

CFM is the most useful (i.e., have the highest significance level) for these two levels of 

analyses. 

2.3.3. Model validation and comparison 

We estimate the models for all the CFMs, using all 8,924 observations for Equation 

(2.5) and 1,375 observations for Equation (2.4), as well as only customers who made a 

request—that is, 1,644 observations for Equation (2.5) and 282 observations for Equation 

(2.4). In all models, we control for the length of the relationship, age, income, and gender. 

First, we estimate separate models for each CFM to compare how each performs in predicting 

retention (i.e., Equations (2.4) and (2.5) are estimated for each CFM). In doing so, we can 

compare the individual CFMs and provide insights into which single CFM is the best 

predictor of retention, in line with how some practitioners use CFMs in daily practice and the 

quest for the best predictor of future performance (e.g., Dixon et al. 2010; Reichheld 2003). 

Because we are less interested in the size of the effects and more in the model (in- and out-of-

sample) fit, omitting the other CFMs is not a concern (Blattberg et al. 2008). This procedure is 

also in line with studies comparing CFMs on their ability to explain firm performance (e.g., 

Morgan and Rego 2006; Van Doorn et al. 2013). Second, after investigating the single CFMs, 

we investigate whether using one CFM is preferable to monitoring multiple CFMs by also 

estimating models that include multiple CFMs simultaneously.  

If the models that include the CFMs perform better than the baseline model, which 

only includes the control variables, the CFMs have at least some incremental power. We test 

this by performing for each model a likelihood ratio test for nested models. We compare the 

in-sample fit of the different CFMs models, which are not nested, using the AIC and BIC, 

both of which penalize for over-fitting. To formally test which of the CFM is “the best CFM,” 

we calculate the Akaike weights in line with Wagenmakers and Farrell’s (2004) procedure. 

The Akaike weight indicates how likely it is that each CFM is the best out of all the CFMs 

tested. 
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In addition to the in-sample fit, we use three out-of-sample fit criteria: the Gini 

coefficient, the top-decile lift, and the hit rate (e.g., Lemmens and Croux 2006; Neslin, Gupta, 

Kamakura, Lu and Mason 2006; Risselada, Verhoef, and Bijmolt 2010). Accordingly, we 

used two-thirds of the observations per firm to estimate the models and one-third to validate 

them (i.e., we calculate the three fit criteria on the models’ out-of-sample predictions). The 

models containing the CFMs should perform better on all fit criteria than the baseline model, 

and the CFM that dominates the criteria is deemed the best single CFM. Because only a sub-

sample (282 of 1,375) of respondents answered the CES question, we also calculate the AIC 

and BIC for this sub-sample, to determine whether the CES outperforms the other CFMs for 

customers for whom this metric was especially designed. 

2.4. Results  

2.4.1. Main results 

Table 2-8 presents the parameter estimates and summary statistics of Equation (2.4). 

We observe that customer satisfaction, as well as most of the other CFMs, have a positive and 

significant impact at both the customer and firm level. Across all CFMs, except the CES, a 

one-point increase at the firm level has a significantly larger impact on customer retention 

than a one-point increase at the customer level (indicated by the superscript “a” in Table 2-8). 

This finding corroborates our argumentation that a customer at a high-scoring firm has few 

alternative companies to do business with and therefore is less likely to churn, even if he or 

she is relatively unsatisfied. At the industry level, customer satisfaction ratings and most of 

the other CFMs are not statistically significant, so industries with higher customer satisfaction 

rates do not appear to differ significantly in terms of retention rates from industries with lower 

customer satisfaction rates. 

Table 2-8 also shows that the intercept is significantly random at both the firm and 

industry level for all models, indicating that the CFMs and the control variables do not 

completely capture firm and industry heterogeneity with respect to retention. Furthermore, the 

participation and retention equations are negatively correlated with each other at the firm 

level, indicating that, in general, firms with a higher participation rate have a lower retention 

rate. The residuals of the participation and retention equations are not correlated however (ρ 

in Equation (2.6)), indicating no significant self-selection bias (i.e., the parameters do not 

differ substantially from those had we not controlled for self-selection).  

 



 

 

Table 2-8: Parameter estimates multi-level logistic regression models for retention 

Fixed part  Baseline Satisfaction Top-2-box NPS official NPS value CES 

 Intercept 1.059 (.527)* .002 (2.314)
ns

 .446 (.765)
ns

 1.151 (.508)* 1.387
 
(1.107)

ns
 1.651 (.778)* 

 CFM.cust.  .117
a
 (.050)** .482

a
 (.159)** .333

a
 (.129)** .096

a
 (.040)** -.198 (.136)

ns
 

 CFM.firm  .746 (.300)** 2.446 (.798)** 1.665 (.546)** .457 (.173)**
 
 .042 (.160)

ns
 

 CFM.indu.  .194 (.438)
ns

 1.270 (1.118)
ns

 -.227 (.492)
ns

 -.037 (.146)
ns

 -.311 (.240)
ns

 

 CESyes.cust.      .242 (.187)
ns

 

 CESyes.firm      .955 (1.467)
ns

 

 CESyes.indu.      1.285 (.750)* 

 Relation length .064 (.018)** .061 (.019)** .061 (.019)** .056 (.019)** .057 (.020)** .064 (.017)** 

 Age -.007 (.006
)ns

 -.006 (.006)
ns

 -.007 (.005)
ns

 -.008 (.006)
ns

 -.007 (.007)
ns

 -.008 (.006)
ns

 

 Income -.001 (.005)
ns

 .000 (.005)
ns

 .001 (.005)
ns

 .000 (.005)
ns

 .000 (.005)
ns

 -.001 (.004)
ns

 

 Income.na. -.065 (.171)
ns

 -.039 (.175)
ns

 -.025 (.173)
ns

 -.025 (.176)
ns

 -.036 (.180)
ns

 -.078 (.157)
ns

 

 Female .013 (.158)
ns

 .005 (.161)
ns

 -.010 (.160)
ns

 -.012 (.163)
ns

 -.021 (.167)
ns

 .006 (.146)
ns

 

Random intercept Baseline Satisfaction Top-2-box NPS official NPS value CES 

 Industry level .191 (.086)** .226 (.077)** .224 (.075)** .242 (.074)** .243 (.079)** .156 (.082)* 

 Firm level .421 (.063)** .359 (.063)** .344 (.063)** .321 (.063)** .352 (.063)** .399 (.061)** 

Cross-equation correlation Baseline Satisfaction Top-2-box NPS official NPS value CES 

 Industry level -.246 (.589)
ns

 -.225 (.505)
ns

 -.242 (.497)
ns

 -.239 (.480)
ns

 -.236 (.491)
ns

 -.414 (.606)
ns

 

 Firm level -.674 (.212)* -.651 (.244)* -.650 (.255)* -.714 (.251)* -.698 (.241)* -.620 (.230)* 

 Residuals -.304 (.201)
ns

 -.295 (.198)
ns

 -.289 (.202)
ns

 -.367 (.176)
ns

 -.336 (.180)
ns

 -.318 (.204)
ns

 

In-sample Log-likelihood -4,438.34 -4,420.76 -4,410.02 -4,410.04 -4,413.69 -4,425.80 

 LR test (baseline)  35.16** 56.64** 56.60** 49.30** 25.08** 

 AIC 8,916.67 8,893.52 8,872.05 8,872.07 8,879.38 8,915.60 

 BIC 9,058.60 9,078.03 9,056.56 9,056.58 9,063.88 9,142.69 

 Akaike weights .000 .000 .496 .491 .013 .000 

Out-of-sample Gini coefficient .130 .141 .167 .159 .153 .141 

 Top-decile lift 1.394 1.646 1.801 2.241 1.980 1.646 

 Hit rate .536 .588 .651 .557 .577 .550 

** p < .01, * p < .05, 
ns

 p > .05 (one-tailed for the CFMs, two-tailed for the rest). 
a
 Significantly (p < .05) smaller than the firm-level effect. 
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In terms of in-sample fit, the top-2-box customer satisfaction (which has a present 

focus and centers on the extremes) and the official NPS (which has a future focus and also 

centers on the extremes) perform best on both the AIC and BIC. This indicates that the 

transformations for these two CFMs make sense and that the focus on customers with more 

extreme opinions is important. All models perform statistically better than the baseline model 

in terms of the likelihood ratio test. Also in terms of the AIC, all models outperform the 

baseline model, while only the top-2-box customer satisfaction and official NPS outperform 

the baseline model in terms of the BIC. This finding indicates that the CFMs have some 

incremental power, but (in terms of in-sample fit) the extra complexity does not always 

outweigh the better fit. 

To determine which CFM performs best, we can evaluate the Akaike weights. The 

weights reveal a 49.6% certainty that the top-2-box customer satisfaction is the best CFM and 

a 49.1% certainty that the official NPS is the best CFM; thus, these two CFMs are almost 

equally likely to be the best CFM, and it is very unlikely that one of the other CFMs is the 

best. 

In terms of out-of-sample fit, all models perform better than the baseline model for all 

three out-of-sample fit criteria, with the top-2-box customer satisfaction performing best on 

both the Gini coefficient and the hit rate and the official NPS having the highest top-decile 

lift. The Gini coefficients and top-decile lift are comparable in value to previous studies on 

churn prediction. The statistics are somewhat higher than those in Risselada et al.’s (2010) 

study but somewhat lower than those in Lemmens and Croux’s (2006) study. Differences in 

out-of-sample fit can be explained by the type of model, the type of input variables, the time 

horizon of predictions, and the study including one firm rather than customers from a wide 

range of firms. 

We measure the CFMs on different scales, so the parameters from a probit model are 

not straightforward to interpret. Because of this, we depict the impact of a one standard 

deviation difference in the CFM at the customer level on retention probability for the average 

customer in Figure 2-1. The impact is highest for the top-2-box customer satisfaction, 

followed by the official NPS. Changes in these CFMs have the highest impact on the retention 

probability of a customer. For the CES the line in Figure 2-1 is most flat, indicating that a 

change in the CES has a smaller impact on retention probability. This is in line with the other 

findings; the top-2-box customer satisfaction and the official NPS perform rather well, but the 

CES does not seem to have a strong impact in general. 
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Figure 2-1: Impact of differences in CFM scores on retention 

 

 

A possible reason that other CFMs outperform CES is that not all customers had a 

service request, so not all customers provided a CES. Accordingly, we estimated the same 

models for only the sub-sample of customers who made a request (i.e., have a value of 1 for 

the CESyes variable). Table 2-9 shows that even for this sub-sample of customers, for whom 

the CES was especially designed, the CES is the only CFM that performs worse than the 

baseline model in terms of the AIC and is not significant according to the LR test. Thus, even 

for the group for which the CES was designed, it is still outperformed by the other CFMs. 

In terms of our conceptualization from Table 2-2, we can conclude that the “part of the 

scale used” dimension is the most important. We clearly find that the top-2-box customer 

satisfaction and the official NPS, which focus on the extremes, outperform the CFMs that use 

the full scale. We also find that in terms of the time dimension, a present and future focus 

both work well, but a strong past focus does not aid in predicting retention. 

 

Table 2-9: CFM comparison for customers who made requests 

 AIC LR test (baseline) 

Baseline 1742.55  

Satisfaction 1733.93 41.2
**

 

Top-2-box 1728.56 52.0
**

 

NPS official 1726.45 56.2
**

 

NPS value 1719.49 70.1
**

 

CES 1754.55 .0
n.s.

 

** p < .01, * p < .05, 
ns

 p > .05 
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2.4.2. Industry heterogeneity 

The predictive power of CFMs might vary between industries. Table 2-10 shows the 

performance of the CFMs at the customer level per industry. The table indicates whether and 

to what extent the CFMs are useful to compare customers within a firm with one another (i.e., 

whether they are useful as a key metric for customer management purposes; 𝛼𝑥,1𝑘 parameters 

in Equation (2.7)).  

 

Table 2-10: CFMs performance per industry at the customer level 

 

Satisfaction Top-2-box NPS off. NPS value CES value 

General insurance   1.000   

Health insurance      

Banks  1.000  .948 .985 

Mobile telecom 1.000 .973    

Fixed telecom   1.000 .768  

Energy      

Gasoline  .751 .722 1.000  

Travel agencies 1.000 .791    

Holiday parks  .750 1.000 .781  

Airlines 1.000   .940  

Supermarkets      

Drugstores .970 1.000  .827  

Department stores   .982 1.000  

Electronics 1.000 .950    

Do-it-yourself .888 .766 .898 1.000  

Furnishing   1.000   

Online booking .969 1.000  .840  

Online shopping .884 1.000 .734   

Significant 8/18 10/18 8/18 9/18 1/18 

Best performing 4/18 4/18 4/18 3/18 0/18 

Note: the numbers are the CFM’s t-statistic in the specified industry divided by the t-

statistic of the best performing CFM in that industry (indicated in bold). No number indicates 

a non-significant t-statistic. 

 

The scores in Table 2-10 indicate the relative impact of the CFMs compared with the 

best CFM in that specific industry (i.e., the t-statistic of the indicated CFM in that specific 

industry divided by the t-statistic of the best-performing CFM in that industry). No score 

means that the CFM is not significant in explaining retention in the industry. In three 

industries (health insurance, energy, and supermarkets), none of the CFMs are significant; in 

the other 15 industries, at least one CFM is significant. The top-2-box customer satisfaction is 

significant in ten of the 18 industries and is the best-performing CFM in four industries 
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(online booking, online shopping, drugstores and banks), though the relative differences from 

the raw customer satisfaction scores are not large. In the online world, in which customers can 

easily compare offers and switch firms, having highly satisfied customers (i.e., having a high 

top-2-box customer satisfaction) is of utmost importance rather than having “on average” 

quite satisfied customers. In terms of the classification of our conceptual framework, this 

indicates that in the online world, and also for drugstores, customers have a strong focus on 

the present and are driven by highly positive service experiences. The finding that customer 

satisfaction is important for loyalty in the online world is also in line with that of Shankar, 

Smith, and Rangaswamy (2003).  

For the offline world, and especially for industries in which customers do not purchase 

frequently (i.e., mobile telecom providers, travel agencies, airline companies, and electronics 

stores), the customer satisfaction score is the best predictor. This indicates that (moderately) 

positive experiences in the present are the main driver of retention in these industries. The 

official NPS performs best in more traditional utility companies (general insurance 

companies, and fixed telecom) and experience-type companies (holiday parks, and furnishing 

stores such as IKEA). Conversely, the untransformed NPS value is the best-performing CFM 

for gasoline stations, department stores, and do-it-yourself stores. These CFMs are part of the 

future focus dimension of our conceptual framework. The CES value is only significant in one 

industry and performs best in none. Thus, the past focus is less relevant across industries.  

Table 2-11 shows the performance of the CFMs at the firm level per industry. The table 

indicates whether the CFMs are useful to compare firms within an industry with one another 

(i.e., whether they serve as a key metric to analyze the competitive position of firms; 𝛼𝑥,2𝑘 

parameters in Equation (2.7)). In 10 industries, at least one CFM is statistically significant at 

this level, the best performing CFM is more evenly spread over the industries. The top-2-box 

customer satisfaction is the best-performing CFM to compare firms in the energy, electronics, 

and online booking industries, while untransformed customer satisfaction is best for 

supermarkets. Conversely, the official NPS is the best CFM to compare firms in the drugstore, 

and furnishing industries; the untransformed NPS is the best CFM for gasoline stations, and 

airline. The CES, which handles requests, is the best CFM to compare travel agencies and 

online shopping websites. 
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Table 2-11: CFMs performance per industry at the firm level 

 

Satisfaction Top-2-box NPS off. NPS value CES value 

General insurance      

Health insurance      

Banks      

Mobile telecom      

Fixed telecom      

Energy .934 1.000  .915  

Gasoline  .847 .829 1.000  

Travel agencies  .974   1.000 

Holiday parks      

Airlines .544 .559 .996 1.000  

Supermarkets 1.000 .997 .955 .961 .387 

Drugstores  .661 1.000 .908  

Department stores      

Electronics .903 1.000 .821 .919  

Do-it-yourself      

Furnishing .949 .909 1.000 .948  

Online booking  1.000    

Online shopping   .774 .755 1.000 

Significant 5/18 9/18 7/18 8/18 3/18 

Best performing 1/18 3/18 2/18 2/18 2/18 

Note: the numbers are the CFM’s t-statistic in the specified industry divided by the t-

statistic of the best performing CFM in that industry (indicated in bold). No number indicates 

a non-significant t-statistic. 

 

2.4.3. Combining metrics 

Because the different CFMs may measure different dimensions and all CFMs have 

their unique focus (see Table 2-2), combining CFMs could create even more incremental 

power in predicting customer retention. Table 2-12 depicts the results of combining the CFMs 

using Equations (2.4) and (2.5). Combining customer satisfaction with top-2-box customer 

satisfaction and combining the official NPS with the NPS value do not much improve the out-

of-sample predictions, probably because of multi-collinearity (i.e., there is not much 

incremental information to make better predictions). For all other combinations, we can 

observe some out-of-sample improvements.  

Most important, the Gini coefficient improves in all other cases; we find the highest 

Gini coefficient (.186) when we combine the top-2-box customer satisfaction and the official 

NPS. This means that by combining CFMs (i.e., having a dashboard of metrics that measure 

multiple dimensions, as indicated in Table 2-2), firms can obtain better predictions about their 
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customer base as a whole. By contrast, the hit rate only improves when we combine the 

customer satisfaction score with another (non-customer satisfaction–related) CFM. However, 

in all cases the hit rate is lower than that for the top-2-box customer satisfaction as a single 

CFM, so in terms of hit rate, use of multiple CFMs is not necessary. In terms of the top-decile 

lift, the best improvement occurs when we combine the top-2-box customer satisfaction with 

the CES. Thus, the CES has incremental power, given that it is used in combination with a 

customer satisfaction–related CFM (i.e., combining the past and present focus of Table 2-2). 

 

Table 2-12: Predictive performance multi-CFM models 

  

Satisfaction Top-2-box NPS off. NPS value CES 

Satisfaction 

Gini coefficient .141 

    Top-decile lift 1.646 

    Hit rate .588 

    

Top-2-box 

Gini coefficient .159 .167 

   Top-decile lift 1.915 1.801 

   Hit rate .630 .651 

   

NPS off. 

Gini coefficient .162 .186 .159 

  Top-decile lift 2.241 1.947 2.241 

  Hit rate .591 .595 .557 

  

NPS-value 

Gini coefficient .156 .175 .156 .153 

 Top-decile lift 1.947 1.947 2.241 1.980 

 Hit rate .589 .599 .564 .577 

 

CES 

Gini coefficient .151 .177 .163 .165 .141 

Top-decile lift 1.947 2.274 1.947 1.646 1.646 

Hit rate .596 .648 .553 .549 .550 

Note: Bold figures indicate an improvement over using one of the two separate CFMs, 

in italics the performance indicators for the single CFM models are shown. 

2.5. Discussion and conclusion 

In the scientific marketing literature, multiple studies have evaluated the performance 

of CFMs (Gupta and Zeithaml 2006). In addition, practitioner-oriented literature has proposed 

new CFMs that promise to be “the best” indicator of (future) firm performance on a regular 

basis (e.g., Dixon et al. 2010; Reichheld 2003). We contribute to this literature by 

investigating the power of different CFMs to predict customer retention for a large number of 

customers, at a large number of firms, in a large number of industries. In doing so, we provide 

guidance to managers on which CFMs to use in which industries. Understanding this enables 

managers to (1) evaluate their existing system of CFMs or (2) decide which CFMs to use if 

introducing a new measurement and management system. Our study offers five key results. 
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First, all CFMs, except the CES, have a significant impact on retention at both the customer 

and firm levels, but not at the industry level. The differences in performance of customer 

satisfaction and NPS are not substantial. Second, changes in top-2-box customer satisfaction, 

followed by the official NPS, have the highest impact on customer retention. This suggests 

that it is useful to transform CFMs and focus on very positive (or very negative) groups. 

Third, the predictive power of CFMs differs across industries, which is not reported in prior 

studies on the performance of different CFMs. Therefore, there is no single best metric to 

predict customer retention across industries. Fourth, the usefulness of CFMs differs depending 

on the purpose (key metric for customer management vs. key metric for analyzing the firm’s 

competitive position; see Table 2-13) because of the different performance of the different 

analyses. Fifth, combining CFMs tends to improve predictions. Therefore, firms might be 

better off using a dashboard of CFMs that includes different dimensions (Ambler and Roberts 

2008; Farris et al. 2006; Johnson and Schultz 2004). 

With our findings, we can state that, in contrast with previous research (e.g., 

Keiningham, et al. 2007b), monitoring NPS does not seem to be wrong in most industries. 

Our findings indicate that the NPS is an effective predictor of customer retention, though the 

top-2-box customer satisfaction is slightly better overall. In addition, with our findings, we 

can more specifically show the usefulness of the different CFMs for different purposes. In 

doing so, we distinguish among (1) the usefulness of these CFMs for discriminating between 

churners and retainers (or loyal customers) based on the Gini coefficient, (2) the identification 

of top churners based on the top-decile lift, (3) the usefulness for customer management based 

on the effects at the customer level, and (4) the usefulness for analyzing competitive 

positioning based on firm-level effects (see Table 2-13).  

 

Table 2-13: Summary of the usefulness of the CFMs 

 Discriminating 

between churners 

and retainers 

Identifying most 

risky customers 

(“top churners”) 

Useful for 

customer 

management 

Useful for 

competitive 

positioning 

Satisfaction + + ++ + 

Top-2-box ++ + ++ ++ 

NPS official + ++ ++ + 

NPS-value + + ++ + 

CES -- + +/- +/- 
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For differences across industries, we can state that customer satisfaction is useful as a 

key metric for customer management purposes in four industries (mobile telecom, travel 

agencies, airlines, and electronics), top-2-box customer satisfaction also in four industries 

(banks, drugstores, online booking, and online shopping), the official NPS score again in four 

industries (general insurance companies, fixed telecom, holiday parks, and furnishing), NPS 

value in three industries (gasoline, department stores, and do-it-yourself), and the CES in 

none of the industries. As a key metric for analyzing a firm’s competitive position, customer 

satisfaction is most useful in one industry (supermarkets), top-2-box customer satisfaction in 

three industries (energy, electronics, and online booking), the official NPS in two industries 

(drugstores, and furnishing), the NPS value in two industries (gasoline, and airlines), and the 

CES also in two industries (travel agencies, and online shopping). In terms of the limited 

overall incremental value of the CES in itself, managers should be reluctant to adopt any 

metrics that have a past focus and are limited in focus on one specific attribute and/or incident 

as an overall key performance metric. Furthermore, newly introduced CFMs should be 

classified in accordance with the existing CFMs, as we have done in our conceptualization in 

Table 2-2. From this classification, managers can judge how valuable the new CFM will be 

and what other CFMs the new CFM can be combined with to form a sufficient dashboard.  

2.6. Research limitations and further research 

One limitation of our study is that we use customers’ self-stated retention as a 

dependent variable. In contractual settings, this measure likely provides an accurate picture, 

but in non-contractual settings, the question can be difficult for customers to answer, 

especially if they do not often do business in the particular industry (Batislam, Denizel, and 

Filiztekin 2007). Another limitation is that we only investigate business-to-consumer firms, 

mainly in the retail and service industries. Furthermore, the data include only Dutch 

participants, who may use scales differently than, for example, U.S. respondents (Van Doorn 

et al. 2013). The impact of the CFMs may also differ depending on the economic, political, 

and cultural factors of a country (Ou, De Vries, Wiesel, and Verhoef 2014; Yeung, 

Ramasamy, Chen, and Paliwoda 2013). Furthermore, the impact might change over time, 

which could be investigated in a more longitudinal study. Finally, because of limited data 

availability and the scope of our study, we omitted some important variables, such as 

marketing-mix variables. However, prior research has recommended that especially 

practitioners include these variables in their dashboards to better predict future performance 

(Hanssens et al. 2014; Srinivasan et al. 2010). 
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This study investigates one of the firm’s most valuable assets, the customer base (Rust 

et al. 2000), and, from that base, one of the most important drivers of customer and firm 

value, customer retention (Gupta et al. 2004). Further research could investigate other 

outcome variables, such as customer profitability, cross-buying, or customer lifetime value 

(e.g., Shah, Kumar, Qu, and Chen 2012; Venkatesan and Kumar 2004). An advantage of these 

outcome variables is that companies can more clearly understand the impact of the CFMs on 

the value of their customer base and how to manage it more effectively. Another direction 

might be to conduct a longitudinal study to provide more fine-grained insights into when 

companies should target which customers on the basis of (changes in) the CFMs. 

Furthermore, in this study we investigated how valuable the different CFMs are across 

industries. This can be a starting point for future studies to explain industry differences, using 

variables such as industry competiveness and product visibility (see Ou, Verhoef, and Wiesel 

2014). Finally, although we accounted for firm- and industry-level heterogeneity, customer-

level heterogeneity might exist as well. Understanding how the different CFMs affect 

different (groups of) customers could help managers become more customer centric. 

 



 

 

Chapter 3 

 

3. The Effectiveness of Different Forms of Online 

Advertising for Purchase Conversion 
 

Abstract 

The Internet has given rise to many new forms of advertising. Scientific studies have focused 

on individual reactions to specific advertising forms in isolation and have offered little 

guidance for aggregate-level budget allocation decisions, which are typically based on simple 

rules. This article compares the long-term effectiveness of nine forms of advertising— seven 

online and two offline—by means of a structural vector autoregressive model and restricted 

impulse responses. For five product categories, we investigate how these forms of advertising 

generate traffic, affect conversion, and contribute to revenue. We find that content-integrated 

advertising is the most effective form, followed by content-separated advertising and firm-

initiated advertising. Although online advertising forms have similar power to drive traffic, 

content integration dominates content separation in the area of progression toward purchase. 

Last-click attribution underestimates content-integrated activities and suggests online 

advertising budget allocations that yield 10%–12% less revenue than the status quo, whereas 

the model’s proposed online advertising budget allocation yields a 21% revenue increase over 

the status quo. These results highlight the payoffs for companies that integrate content into 

online media. 

This chapter is based on De Haan, Evert, Thorsten Wiesel, and Koen Pauwels (2016), “The 

Effectiveness of Different Forms of Online Advertising for Purchase Conversion in a 

Multiple-Channel Attribution Framework,” International Journal of Research in Marketing, 

forthcoming. 

An earlier version of this paper is included in the MSI Working Paper Series: De Haan, Evert, 

Thorsten Wiesel, and Koen Pauwels (2013), “Which Advertising Forms Make a Difference in 

Online Path to Purchase?” MSI Working Paper Series No. 13, Boston, MA. Available at: 

http://www.msi.org/reports/which-advertising-forms-make-adifference-in-online-path-to-

purchase. 

This project was featured in Insights from MSI (2013), “Which Online Ads Motivate 

Consumers to Buy?” issue 2.  
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Our success depends on our ability to attract customers on cost-effective terms.… We 

are relying on the offline and online marketing initiatives as a source of traffic to our 

Web Site and new customers. If these initiatives are not successful, our results of 

operations will be adversely affected (Bluefly 2011). 

 

Online advertising comes in many forms and has grown from $9.6 billion in 2004 to 

$42.8 billion in 2013 (IAB 2014). Despite this growth, companies remain unsure about the 

relative effectiveness of online advertising forms (Hanssens 2009; Sethuraman, Tellis, and 

Briesch 2011). A key reason for this knowledge gap is that existing research focuses on 

tactical decisions within a particular form of advertising. For example, Agarwal, Hosanagar, 

and Smith (2011) and Skiera and Nabout (2013) show how the position of search engine 

advertising (SEA) influences the revenues and profits of these advertisements. Blake, Nosko 

and Tadelis (2015) show that brand-keyword paid search is ineffective for eBay, while non-

brand keywords affect new and infrequent users. Lambrecht and Tucker (2013) find that the 

effectiveness of retargeting depends on whether the consumer has well-defined product 

preferences, whereas Braun and Moe (2013) show that the most effective ad depends on the 

person’s ad impression history. The studies that do investigate several forms of online 

advertising typically omit offline marketing (e.g., Li and Kannan 2014). However, firms must 

actually manage multiple forms of online and offline advertising simultaneously and make 

strategic budget allocation decisions across advertising forms (e.g., Dekimpe, annd Hanssens 

2007; Lehmann 2004). Does sales effectiveness differ systematically by the advertising type? 

In addition to sales impact, managers express keen interest in knowing whether online 

advertising effects differ by product category and stage in the purchase funnel (e.g., Court, 

Elzinga, Mulder, and Vetvik 2009; Lecinski 2011). These questions are largely unanswered 

by current literature. Existing studies have examined online advertising effectiveness for only 

one product category at a time (e.g., Li and Kannan 2014, Pauwels, Stacey, and Lackman 

2013; Wiesel, Pauwels, and Arts 2011). It is also difficult to compare individual studies on 

advertising-form effectiveness because of differences in research setup, product categories, 

data types, and methodology. For example, some studies focus on short-term effects on sales 

(e.g., Agarwal et al. 2011; Blake et al. 2015), whereas others focus on a particular funnel 

stage (e.g., website visits; Ilfield and Winer 2002). Such studies give little insight into the 

traffic-to-sales conversion. This is unfortunate because evidence shows that multiple touch 

points or funnel stages are typically required before purchase (e.g., Frambach, Roest, and 

Krishnan 2007; Gensler, Verhoef, and Böhm 2012) and that these touch points have different 



Creating, Managing and Monitoring Customer Value in the On- and Offline World | 53 

 

 

 

effects on purchase likelihood (Braun and Moe 2013; Li and Kannan 2014). Finally, many 

recent studies only consider online advertising (e.g., Blake et al. 2015; Li and Kannan 2014), 

while many companies also engage in offline (mass) advertising.  

Overall, the existing studies provide fruitful insights into ways to improve the 

effectiveness of individual forms of online advertising but are of limited use for strategic 

decision making with respect to budget allocation across multiple forms of advertising. As a 

result, when making budget allocation decisions, managers tend to rely on gut feelings, trial-

and-error, and relatively simple rules, such as last-click methods (Econsultancy 2012; Jordan, 

Mahdian, Vassilvitskii, and Vee 2010). Instead, we offer the conceptual classification of 

different online advertising forms as content-integrated versus content-separated types and 

show this distinction relates to their relative sales effectiveness. Content-integration means 

that the advertising message is integrated into the editorial content of the website (e.g. a price 

comparison site), while content-separation implies it is not (e.g. retargeting prospects while 

they are visiting an unrelated website). While consultants have hinted to the higher 

effectiveness of content-integrated ads (e.g. Sarner and Herschel 2008), no research has 

demonstrated (1) the magnitude of this difference, (2) why last-click methods do not pick up 

this difference and, relatedly, (3) where in the online funnel this difference in effectiveness 

materializes. 

To the best of our knowledge, no study has compared the effectiveness of a wide range 

of online forms of advertising throughout the purchase funnel, over multiple product 

categories, and controlling for offline advertisements. In this study, our objectives are to 

examine (1) the relative effectiveness of different online advertising forms, (2) how long the 

effects last, and (3) where in the funnel the effects are strongest (i.e., bringing in more 

customers, increasing the conversion rate, and/or realizing higher average revenue per order). 

Furthermore, we investigate whether and to what extent simple rules, such as last-click, are 

biased as well as where in the funnel and for which types of online advertising such bias 

occurs. In addressing these questions, we contribute to current literature by analyzing the 

short- and long-term funnel-stage and revenue effects of a wide range of online advertising 

forms for five different product categories, while controlling for traditional forms of 

advertising. The studies with the closest parallels to our own are those of Wiesel et al. (2011), 

Li and Kannan (2014), and Blake et al. (2015). Our work differs from that of Wiesel et al. in 

that we include a wider range of online advertising forms, control for more traditional forms 

of offline advertising (e.g., television, radio), obtain data on several product categories, and 

analyze those categories using a structural vector autoregressive (SVAR) model. This 
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methodology enables us to test whether or not to include specific backward and forward 

feedback loops, which are automatically included in standard vector autoregression models 

(Srinivasan, Vanhuele, and Pauwels 2010; Trusov, Bucklin, and Pauwels 2009; Wiesel et al. 

2011). Our work differs from that of Li and Kannan and Blake et al. in our cross-category 

replication, the methodology of aggregate-level time-series analysis, and that we control for 

offline advertising forms. Time-series patterns of aggregate data allow analysts to observe the 

temporal sales impact of allocation shifts among online and offline advertising forms 

simultaneously (Dekimpe and Hanssens 2007).  

Overall, the key contribution of our approach is that we provide guidance to 

researchers and managers on strategic decision making with respect to aggregate-level budget 

allocation across multiple forms of advertising and to potential biases when using simple 

rules, such as last-click methods, for budget allocation decisions. We find that advertising 

forms in which the message is integrated into the editorial content of a medium are the most 

effective overall. These so-called content-integrated activities have the same power to drive 

website traffic as content-separated activities (i.e., activities in which the advertising message 

is separate from the medium’s editorial content). However, the difference is that content-

integrated activities are more effective in increasing product-specific, shopping basket, and 

checkout page sessions. As a result of these funnel benefits, content-integrated activities are 

substantially more effective in increasing overall revenues. Last-click attribution methods 

severely underestimate the effectiveness of content-integrated activities and lead to sub-

optimal (online) budget allocation, resulting in 10%–12% less revenue than the status quo and 

25%–27% less than our proposed allocation. 

3.1. Framework: Advertising effectiveness and funnel progression 

Our conceptual framework (see Figure 3-1) focuses on the revenue effect of several 

advertising forms. Advertising generates revenue by inducing a customer to begin the 

purchase process at a particular firm and helping him or her progress through the firm’s 

purchase funnel until a product or service is finally purchased. Thus, different advertising 

forms may differ in their total revenue effect, may vary in when the effect occurs, and may 

affect different stages of the purchase funnel. Consequently, we investigate the differential 

effectiveness of different advertising forms on three levels. First, we compare which 

advertising form is the most effective, i.e. which form has the highest revenue elasticity. 

Second, we investigate when the effect of different advertising forms occurs, i.e. how long it 

takes an advertising form to become effective (wear-in) and how long it remains effective 
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(wear-out). Third, we investigate where in the purchase funnel the effect occurs, i.e. whether a 

particular form of advertising attracts more website visitors and/or increases those visitors’ 

conversion probability. By answering these which, when, and where questions, we can create 

a more nuanced understanding of how different forms of advertising drive bottom-line 

performance and budget allocation. 

Figure 3-1 displays a typically observed online funnel. The first stage of the funnel is 

the front end of the website (home page), on which visitors can explore various product-

related pages (second stage). On the product pages, visitors can choose to place products into 

a shopping basket (third stage), followed by checkout (fourth stage), in which they purchase 

products and generate revenues. 

 

Figure 3-1: Website purchase funnel and advertising activities 

 

 

Advertising may increase revenues in this funnel in several ways. First, an advertising 

activity can generate additional traffic to the website (i.e., to the home page or product pages). 

This additional traffic can follow the funnel in the same manner as visitors who have not been 

exposed to the advertising (i.e., “direct load” visitors). Second, advertising can attract 

prospects who are more likely to go deeper into the website (i.e., those who have a greater 

likelihood of moving from product pages to the shopping basket) and therefore are more 

likely to convert to purchasing. Finally, different advertising activities can influence the 

amount shoppers spend at checkout. A checkout always generates revenues, but revenues are 

higher in some cases than in others. By distinguishing among the different stages in the 

website funnel, we can identify whether advertising forms differ in generating additional 

traffic, increasing the likelihood of conversion, and/or enhancing revenue per conversion. 
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In doing so, we distinguish between advertising forms in two ways. The first key 

distinction in advertising forms is the difference between firm-initiated contacts (FICs) and 

customer-initiated contacts (CICs). FICs, such as television, radio, and e-mail, focus on 

pushing the message to the consumer (Shankar and Malthouse 2007). However, these FICs 

(defined as any contact with a customer that is initiated by the firm) are increasingly 

unwanted (Blattberg et al. 2008). Conversely, CICs are triggered by (prospective) customers’ 

actions (e.g., Li and Kannan 2014; Shankar and Malthouse 2007; Wiesel et al. 2011). CICs 

include search (organic and paid), price comparison sites, referrals, and retargeting. While 

firms often pay to show their offer in CICs (e.g., paid search, retargeting), they only enjoy the 

benefits and (typically) costs of such communication if and when prospective customers take 

an action that triggers the CIC. The Internet has empowered consumers to interact with 

companies on their terms, and CICs show great potential and have become a substantial 

component of firms’ marketing (Ghose and Yang 2009). CIC response rates are projected to 

be much higher than traditional FICs (Sarner and Herschel 2008) in that they require a level 

of interest from the customer because they are based on customers’ own queries and are 

considered far less intrusive (Shankar and Malthouse 2007). In addition, the greater 

effectiveness may be due to the situation a customer is in, including the closeness of the 

customer to the purchase decision (e.g., Alba et al. 1997). A central idea in marketing is that 

customers move toward a purchase in a series of stages, including need recognition, 

information search, evaluation of alternatives, and, ultimately, choice (purchase). While FICs 

can reach consumers that have not yet recognized a need for the product category, CICs assist 

consumers who have - as evidenced by them searching for more information (e.g. search 

engines), evaluating alternatives (e.g. price comparisons) or getting close to buying the 

product (retargeting). As a result, CICs should be more (directly) sales effective than FICs. 

Indeed, previous studies (e.g., Li and Kannan 2014; Shankar and Malthouse 2007; Wiesel et 

al. 2011) show that CICs are more effective in generating revenue, which is the final part of 

the online purchase funnel (see Figure 3-1) and related to our which question. Regarding our 

where question, we expect that CICs are initiated by visitors who are more likely to go deeper 

into the funnel than visitors attracted through FICs. Regarding the when question, we expect 

that because customers must undertake an action that triggers the CIC and CICs are more 

related to the later stages of the purchase funnel, the effect will be more immediate than that 

of FICs, for which the firm undertakes the first action and must stimulate the prospective 

customer; this action is aimed more at the earlier need recognition and information stages and 

therefore will take relatively more time. 
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As a second dimension, we investigate the difference between content-separated and 

content-integrated activities. Our inspiration derives from Russell and Belch’s (2005, p. 74) 

definition of brand placement as “the purposeful incorporation of brands into editorial 

content.” We define “content-integrated” marketing communication as advertising or other 

promotional (paid or unpaid) activities on third-party websites that are an integral part of the 

medium’s editorial content. For example, consumers specifically access price comparison 

sites to obtain information on the searched-for items. The prices that different retailers set for 

a product or service are the actual content that comparison sites offer. In contrast, “content-

separated” advertising means that the information, message, or offering of the advertisement 

is not part of the medium’s editorial content. Retargeting messages, traditional banners, and 

paid search advertising (typically appearing at the right, top, or bottom of the loaded search 

engine’s site) are examples of content-separated activities. A similar rationale for CIC versus 

FIC applies to content integration versus content separation: by accessing e.g. a price 

comparison site, the prospect indicates interest in the product/category and thus is further 

down in the purchase funnel. However, we do not envision a direct mapping from our 

advertising classification to purchase funnel stages given the widely varying paths possible in 

the “online decision journey” (e.g. Andler et al. 2014, Srinivasan, Rutz and Pauwels 2015, 

Verhoef, Neslin and Vroomen 2007). Moreover, two forms of content-separated ads may 

target different stages, e.g. paid search advertising is most likely to be helpful in the 

information search stage, while retargeting requires a previous visit to the page displaying the 

product. 

Why could content-integrating advertising be more persuasive and relevant than 

advertising separated from the site’s editorial content? Traditional content-integrated forms of 

advertising, such as product placement, tend to be more informative and amusing but less 

irritating than content-separated activities (Tutaj and Van Reijmersdal 2012), which might 

explain why product placements in films and on television increase brand awareness, positive 

attitudes, and purchase intentions (e.g., D’Astous and Chartier 2000; Russell 2002). This 

higher customer response and greater purchase intent likely translate into greater effectiveness 

of content-integrated forms of advertising. All else being equal, we thus expect greater 

effectiveness of content-integrated advertising activities than of content-separated activities, 

answering our which question. In term of the where question, given that the messages are 

more informative (Tutaj and Van Reijmersdal 2012) and lead to higher purchase intentions 

(e.g., D’Astous and Chartier 2000; Russell 2002), we expect that content-integrated forms of 

advertising attract customers who are more likely to go more smoothly through the online 
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funnel than customers who are attracted by content-separated advertising forms. Regarding 

the when question, because they induce positive attitudes and higher purchase intentions, 

content-integrated activities are probably more likely to attract customers immediately. 

Combining these two dimensions enables us to classify advertising forms in our current data 

and to position other established and future forms of advertising. 

3.2. Data 

A major European online retailer provided daily data from July 2010 to August 2011, 

covering 385 days. The data provider is a pure online retailer with no physical stores that 

mainly sells well-known brands that are also available in other online and physical stores. 

Both its positioning and budget allocation are similar to other larger online retailers (e.g., 

Amazon.com, Zalando). For our data provider, branded and product-related SEA yields 

63.5% of the total online advertising budget. In comparison, in 2011 SEA had a 46.5% share 

in online advertising expenditures in the United States (IAB 2013). E-mail accounts for 1.6% 

of the retailer’s online advertising budget, which is somewhat higher than the .7% share of e-

mail in online advertising expenditures in the United States (IAB 2013). Our data also show 

that 33.4% of basket sessions lead to an actual sale for our data provider, indicating that in 

66.6% of the cases, the customer abandons the shopping basket. This finding is in line with 

the 60%–70% rate of shopping-basket abandonment indicated by Bronto (2012). 

We have category-level
7
 data for five different product categories: (1) fashion; (2) 

electronics, entertainment, and hardware (EE&H); (3) home & gardening (H&G); (4) sports 

and leisure (S&L); and (5) beauty and wellness (B&W). We use daily data because 

expenditures on advertising activities vary daily, making it inappropriate to aggregate to, for 

example, the weekly level (Tellis and Franses 2006). Moreover, shoppers can and do progress 

through website funnel stages within one or a few days. Table 3-1 provides an overview of the 

operationalization of variables. For each of the advertising variables, we know the 

expenditure per day per product category. The exceptions are radio, television, and branded 

SEA (i.e., SEA related to the online retailer itself), for which expenditures are made at the 

firm level. Referrals (non-paid links from other websites to the retailer’s website) represent 

free advertising to the retailer and are measured in terms of how many people per day visit the 

retailer’s site through a referral. Referrals involve no (direct) costs, which makes this form of 

online advertising extremely attractive.  

                                                 
7
 The data provider performs most of its budget allocation at this broad product-category level, making this level 

appropriate for examining differences between advertising effectiveness and providing relevant insights for 

online retailers. If we had product-level data, we could investigate intra-category differences.. 
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Table 3-1: Variable operationalization. 

  Variable Operationalization 

Advertising 

E-mail Daily costs of e-mails consisting of products in the product 

category (€1 for every 2,500 e-mails sent), which are sent to 

people who have signed up. 

SEA product Daily cost of SEA for product-related search terms (i.e., can 

be divided by product category). 

SEA branded Daily cost of SEA related to retailer-related search terms. 

These are measured at the retailer level and cannot be divided 

into individual product categories. 

Retargeting Daily cost of retargeting (i.e., banners that are displayed at a 

third-party website and show advertisements that are related to 

a customer’s previous visits); costs are for the category that is 

being advertised/clicked. 

Referrals Daily number of website sessions started by clicking links on 

third-party websites (for which the retailer has not paid). 

Portals Daily cost of portals (i.e., websites that provide links to other 

websites with specific information). In contrast with referrals, 

the online retailer pays for inclusion on portal websites. 

Comparison Daily cost for inclusion on price comparison websites for a 

specific product category. 

Television Daily cost of television advertising. These are measured at the 

retailer level and cannot be divided into individual product 

categories. 

Radio Daily cost of radio advertising. These are measured at the 

retailer level and cannot be divided into individual product 

categories. 

Website 

Funnel 

Stages 

Home page Daily number of sessions that include the home page. 

Product Daily number of sessions that include (one or more) product 

pages. 

Basket Daily number of sessions that include the shopping basket. 

Checkout Daily number of sessions that include a checkout/payment. 

Outcome 
Sales 

revenues 

Daily gross sales revenues. 

Control 

Organic 

search 

Daily number of website sessions started from organic search 

results. 

Affiliates Daily cost of affiliates (i.e., third-party websites that provide 

an overview of the retailer’s products). Affiliates receive a 

share of the sales revenues when the customer buys a product 

through them. 

 

For the website funnel, home page sessions (i.e., the number of sessions during which 

the online retailer’s home page was viewed) are not product-category specific; instead, they 

occur at the firm level. All the other parts of the website funnel, including revenues, are 

product-category specific; thus, the values vary among the five product categories. A session 
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is measured by the online retailer through its web server logs. The session ends when the 

customer has been inactive for more than 30 minutes or has actively left the website. 

In addition to the seven online advertising activities and the website funnel stages, we 

have data on how many people visit the website through organic search (i.e. clicking on the 

non-advertised results returned by search engines). We also know how many people visit the 

website though affiliate programs (i.e., third-party websites that promote the retailer’s website 

in exchange for a percentage of the generated revenues). These data are available for each of 

the five different product categories. Finally, the online retailer spends money on firm-level 

(not product-category-level) advertising on television and radio. An external company collects 

information regarding the daily reach of each commercial, which the online retailer then uses 

to distribute the cost of each campaign over the days, which is the data we have. 

Table 3-2 provides the coefficient of variation and the correlation matrix for each 

variable of interest at the firm level.
8
 The coefficients of variation show substantial changes in 

spending for each advertising form over time, which enables us to examine their temporal 

effect on sales revenues. This variation over time is highest for radio and television, for which 

advertising is conducted in pulses (i.e., there are periods of many commercials followed by 

periods of no commercials), and lowest for portal advertising.
9
 As expected, high correlations 

exist between sales revenues and funnel metrics, but correlations among advertising forms are 

moderate. This information enables us to distinguish the separate effects of different 

advertising forms on performance. The highest correlation among advertising forms is .643 

(product- and brand-related SEA). As mentioned, the correlations among the funnel stages are 

high (e.g., a day with a surge in home page visits also experiences a surge in checkouts) but 

not perfect, indicating that not all traffic is equally likely to lead to purchase. This enables us 

to investigate the funnel progression of different forms of advertising. The “Methodology” 

section details how we address the issue of highly correlated funnel stages. 

                                                 
8
 Appendix 3.A. shows the correlations and coefficients of variation at the product-category level. 

9
 For e-mail, the variation over time is much higher at the product-category level than at the firm level, as 

Appendix 3.A. shows. A product category may be the topic of an e-mail campaign on one day and then receive 

no e-mail coverage the next day, when another product category is covered. At the firm level, these product-

category differences cancel each other out, resulting in a lower coefficient of variation. 



 

 

Table 3-2: Descriptive statistics and correlations of the endogenous variables of interest. 

  CV 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 

1. Sales revenues .377 1.000              

2. Checkout .332 .965
**

 1.000             

3. Basket .290 .943
**

 .978
**

 1.000            

4. Product .203 .843
**

 .864
**

 .897
**

 1.000           

5. Home page .263 .857
**

 .828
**

 .830
**

 .840
**

 1.000          

6. E-mail .890 .093
ns

 .093
ns

 .109
*
 -.017

ns
 .097

ns
 1.000         

7. SEA product .742 .408
**

 .428
**

 .484
**

 .370
**

 .230
**

 .138
**

 1.000        

8. SEA branded .812 .688
**

 .643
**

 .651
**

 .613
**

 .580
**

 .123
*
 .643

**
 1.000       

9. Retargeting .316 .405
**

 .379
**

 .380
**

 .436
**

 .401
**

 .039
ns

 .257
**

 .217
**

 1.000      

10. Referrals .348 .453
**

 .445
**

 .414
**

 .557
**

 .554
**

 -.001
ns

 .025
ns

 .287
**

 .326
**

 1.000     

11. Portals .183 .559
**

 .525
**

 .571
**

 .618
**

 .533
**

 .081
ns

 .365
**

 .630
**

 .244
**

 .182
**

 1.000    

12. Comparison .280 .428
**

 .443
**

 .520
**

 .476
**

 .347
**

 .103
*
 .586

**
 .490

**
 .178

**
 .070

ns
 .551

**
 1.000   

13. Television 1.290 .389
**

 .354
**

 .398
**

 .303
**

 .298
**

 .099
ns

 .454
**

 .367
**

 .090
ns

 -.046
ns

 .321
**

 .376
**

 1.000  

14. Radio .941 .315
**

 .315
**

 .311
**

 .246
**

 .304
**

 -.074
ns

 .136
**

 .161
**

 .106
*
 .199

**
 .022

ns
 .090

ns
 .237

**
 1.000 

** p < .01, * p < .05, 
ns

 p > .05  
Note: CV = Coefficient of variation (the standard deviation divided by the mean). 
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Figure 3-2 shows the time series of overall sales revenues for the five product 

categories (scaled for confidentiality reasons). The two peak periods, indicated by the shaded 

bars in the graph, are the two five-day discount periods, which we control for using five 

dummy variables per product category. During the rest of the year, there are no product-

category-wide discount activities. It is therefore not necessary to control for price for these 

broad product-category levels. In addition, the assortment size for each product category is 

stable over the period for which we have data; that is, in no category has there been a major 

increase or decrease in the amount of products offered. Figure 3-2 also shows a clear weekly 

pattern, which we control for by day-of-the-week dummy variables.  

 

Figure 3-2: Standardized sales revenues for the five product categories 

 
Note: The vertical bars represent discount sales periods. 

 

Figure 3-3 shows the time series of the total online advertising expenditure for each of 

the five product categories. The expenditures vary more strongly and have a less clear weekly 

pattern than the revenues. 

The data provider allowed us to share only the relative allocation of marketing actions, 

not absolute numbers across different product categories. Substantial variation occurs over 

time with all marketing actions and across different product categories. The analyzed retailer 

focuses most of its efforts on product-related SEA (32.0% of the total advertising budget and 

53.1% of the online advertising budget), followed by television (23.2%) and radio (16.5%). 

Price comparison sites (7.3%), portals (7.0%), retargeting (6.8%), and branded SEA (6.3%) 
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all receive an approximately equal share of the total advertising budget. The remaining 1.0% 

of the total budget (i.e., 1.6% of the online budget) is spent on e-mail, which is relatively 

inexpensive at €1 per 2,500 e-mails sent. 

 

Figure 3-3: Standardized total online advertising expenditure for the five product 

categories 

 
Note: The vertical bars represent discount sales periods. 

 

For Fashion, we observe a substantial revenue hike in early March. Both product SEA 

and comparison site advertising have started increasing before this revenue hike, so there 

seems to be a relation, but it is unclear which action may be responsible for the revenue hike 

from eyeballing the data. In contrast, the revenue hike in mid-March for EE&H clearly 

coincides with the hike in comparison advertising, while hikes in product SEA have little 

noticeable revenue impact. Next, both H&G and S&L categories show little noticeable effects 

of either advertising form. Large hikes in product SEA around mid-March do not appear to 

move revenue, while comparison site advertising remains substantially above revenue in some 

periods (e.g. after mid-February for H&G and after mid-March for S&L) and below revenue 

in other periods (e.g. mid-February to mid-March for S&L). Finally, B&W shows mostly 

decreasing revenue after mid-March, which coincides with the prior day drop in comparison 

advertising and occurs despite substantial hikes in product SEA.  
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Figure 3-4: Category revenues, product-related SEA, and comparison site ad 

spending 
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In summary, the dataset is rich in advertising forms and in time-series expenditures 

and revenue measures, which are required to assess the relative effectiveness of advertising 

forms. Furthermore, information on the online funnel stages and across the five product 

categories allows us to test whether advertising effectiveness differs by stage and/or by 

product category. 

3.3. Model-free indications of different advertising effectiveness 

For model-free indications about the effectiveness of the different advertising forms in 

the different product categories, we visualize in Figure 3-4 for all five product categories the 

spending on product-related SEA (the data provider’s largest content-separated advertising 

form in terms of advertising expenditure) and on comparison site advertising (the largest 

content-integrated advertising form in terms of expenditure). Together these two advertising 

forms make up about two-thirds of the data provider’s online advertising budget.  

In sum, these model-free indications reveal that (1) content-integrated comparison site 

advertising appears to have a stronger revenue relation than content-separated product SEA 

on average, (2) different categories likely show different advertising effectiveness, (3) we 

need a model to separate the (immediate and dynamic) effects of different advertising forms. 

3.4. Methodology 

3.4.1. Modeling approach considerations and justification 

Our modeling approach must be able to answer the questions of which advertising 

forms are most effective, when the effect takes place (i.e., wear-in and wear-out), and where 

in the website funnel the effect occurs. In addition, it must capture dynamic dependencies 

among aggregate-level time-series metrics of marketing, funnel stages, and revenues.  

Vector autoregressive (VAR) models are designed for aggregate-level time-series data 

such as advertising expenditures, funnel stages, and revenues (e.g., Srinivasan et al. 2010; 

Wiesel et al. 2011). Thus, they include the proper dynamics that we want to investigate (i.e., 

when does the effect take place, thus what is the wear-in and wear-out). These models offer a 

flexible and unified treatment of short-term, long-term, and indirect effects and address 

endogeneity by incorporating lagged effects and complex feedback loops typical of these 

types of data (Dekimpe and Hanssens 2007). Daily advertising, revenues, and funnel data 

enable us to test for temporal Granger causality (Granger 1969). The Granger causality of 

each variable in the model is tested by investigating, for each combination of variables, 
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whether they have Granger-caused each other. For each variable that has a Granger-causal 

relationship to another variable, the variable is treated as endogenous in the VAR model.  

Significant for our research purposes and for answering the where question, recent 

studies have emphasized the importance of allowing customers to skip stages (e.g., the home 

page) and of marketing to affect conversions throughout the funnel (e.g., Wiesel et al. 2011). 

Such studies typically have empirical frameworks that allow for all possible feedback loops 

and routes. However, several routes may be implausible. For example, customers cannot enter 

at any point in the funnel (e.g., the shopping-basket stage is necessary before checkout and 

can only be accessed after viewing at least one product page). Furthermore, it is unlikely that 

later stages in the funnel significantly drive earlier stages (e.g., that the number of product 

sessions affects the number of home page sessions) and ultimately generate revenues. 

Therefore, we need a modeling approach that allows us to test for specific dynamic 

interactions and to potentially restrict them on the basis of the test results. Testable restrictions 

can be based on sample-based information (e.g., in-sample test of model fit, out-of-sample 

forecasting accuracy), managerial judgment or technical limitations (e.g., the website is 

designed so that one stage must follow another), and/or marketing theory (e.g., brand 

awareness comes before brand liking in the hierarchy of effects).  

SVARs are “specifically designed to supplement sample-based information with 

managerial judgment and/or marketing theory” (Dekimpe and Hanssens 2000, p. 185). 

Although SVARs have received considerable attention in the field of economics (e.g., 

Litterman 1983; Pesaran and Smith 1998), they are not commonly used in marketing 

(Pauwels 2004; Pauwels et al. 2005; Horváth et al. 2005). In our context, SVARs enable us to 

investigate whether we can restrict parameters associated with specific routes to zero, which 

greatly reduces the number of parameters to be estimated in the final model and reduces 

multicollinearity. Owing to the high correlation among funnel stages (Table 3-2), including all 

stages in each equation would severely hinder the model’s ability to distinguish between the 

effects per stage. By restricting impossible routes, we substantially reduce this 

multicollinearity. 



 

 

Table 3-3: Overview of methodological steps 

Methodological step Relevant literature Research question 

1. Granger-causality test  Granger (1969) 

 

Which variables temporally Granger-cause which 

other variables? 

2. Unit root and cointegration     

Augmented Dickey–Fuller test 

Kwiatkowski–Phillips–Schmidt–Shin test 

 

Cointegration analysis 

Dickey and Fuller (1979) 

Kwiatkowski, Phillips, Schmidt and 

Shin (1992) 

Johansen (1991) 

Are variables stationary, or do they evolve? 

 

 

Do evolving variables share a long-term equilibrium? 

3. Dynamic interaction models     

Vector AutoRegression model 

VAR in differences 

Vector error correction  

Structural VAR (SVAR) 

Predictive validity 

Dekimpe and Hanssens (1999) 

 

Pauwels, Srinivasan, and Franses (2007) 

This study 

Leeflang et al. (2015) 

How do performance and advertising interact in the 

long and short run, accounting for unit roots and 

cointegration  

and excluding specific paths? 

How does the model predict out-of-sample? 

4. Policy simulation analysis     

Unrestricted impulse  

response functions (IRF) 

Sims (1980) What is the net dynamic impact of a change in 

advertising on performance? 

Restricted IRF Pauwels (2004) What is the dynamic impact of a change in one 

advertising activity, keeping other advertising 

constant? 
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3.4.2. Model estimation steps 

We estimate a SVAR model for each of the five product categories. Our approach 

extends the persistence modeling steps in Dekimpe and Hanssens (1999), as shown in Table 

3-3. In the first step, we determine which variables are Granger-caused by other variables. 

This analysis determines which variables we must include as endogenous in the system. When 

two or more variables are endogenous, we must capture their dynamic interactions in a 

dynamic system model (Lütkepohl and Krätzig 2009). We include variables that do not have a 

Granger-causal relationship to any other variable as exogenous in the model. 

In the second step, we perform unit-root and cointegration tests to determine the form 

of the variables to include in the models. Variables with a unit root are included in first 

differences. If some of these variables are co-integrated, however, a vector error correction–

type model is appropriate (Lütkepohl and Krätzig 2009). 

With the outcomes of these first two steps, we estimate in the third step the appropriate 

dynamic models with the appropriate number of lags, determined by the Bayesian information 

criterion (BIC). As exogenous control variables, we include in each equation an intercept, a 

linear time trend, six day-of-the-week dummies, quarter-of-the-year dummies, and five 

dummies for discount periods. Equation (3.1) shows the general model form in matrix 

notation: 

Yt = Α + BtYt + ∑ ΦiYt−i
p
i=1 + ψXt + Σt,  t = 1, 2, …, T, (3.1) 

where Yt is the m × 1 vector of endogenous variables (where m is the number of endogenous 

variables), A is an m × 1 vector of intercepts, Xt is the vector of exogenous control variables, 

Σt is the m × 1 matrix of residuals, B is the m × m matrix of (restricted) parameters with direct 

effects, and Φi are the m × m matrices of (restricted) parameters for lag i. The BICdetermines 

the value of p (the amount of lags to be included in the model). We log-transform all variables 

so that the parameters can be interpreted as elasticities. Because on some days the expenditure 

on some of the variables is zero, we use Manchanda, Rossi, and Chintagunta’s (2004) 

procedure—that is, in all cases we use ln(yt + 1) instead of ln(yt). Provided that the elasticities 

have a value between 0 and 1, an advantage of this procedure is that we can capture the 

diminishing returns of advertising (Leeflang, Wieringa, Bijmolt, and Pauwels 2015).  

For Equation (3.1)’s B and Φi; respectively the direct (same-period) and lagged 

effects, we can restrict some of the parameters to zero to capture specific relationships 

(Pauwels 2004). These restrictions transform the VAR model into an SVAR model, as shown 

in Equation (3.2) (for clarity of exposition, we group the advertising variables). 
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 (3.2) 

The first restriction (Block 1) implies that (changes in) the metrics of website funnel 

stages cannot influence (changes in) the metrics of earlier funnel stages on the same day. For 

example, when we observe an increase in both shopping-basket and checkout sessions, we 

attribute the latter to the former, not vice versa. The second restriction (Block 2) implies that 

consumers do not typically skip stages in the website funnel on the same day. For example, an 

increase in the number of product-page sessions does not directly increase checkout sessions; 

this effect is fully mediated by an increase in shopping-basket sessions. Finally, restrictions 3 

and 4 generalize the backward restriction (Block 3) and the skipping restriction (Block 4), 

respectively, to dynamic effects on subsequent days. If all restrictions hold, the resulting 

model is much simpler than the standard VAR structure that allows for all contemporaneous 

(same-day) and dynamic effects among all the endogenous variables. We test for each of the 

restrictions in two ways. First, the BIC yields an in-sample test of model fit. Second, we 

assess out-of-sample forecasting accuracy, which is crucial to both managers and scholars 

(Franses 2005). In general, more complicated models may perform better in-sample but tend 

to perform worse out-of-sample (Leeflang et al. 2015). This is especially important given the 

large number of endogenous variables and the dynamic model structure. We split the dataset 

into the usual two-thirds for estimation and one-third for validation and calculate the mean 

absolute percentage error (MAPE) in the validation sample (Leeflang et al. 2015). Our final 

model is a model with restrictions that results in the lowest BIC and MAPE. To account for 

heteroskedasticity and cross-equation contemporaneous correlation in the error terms, we 

estimate the models using seemingly unrelated regression (Pauwels 2004; Zellner 1962). 

We tested whether certain advertising forms enhance each other by including each 

possible interaction between the advertising variables one-by-one in the models but found no 

significant improvements in terms of the BIC. While some studies have found significant 

interactions (e.g., Li and Kannan 2014, for a U.S. lodging chain), others report no significant 

interactions (e.g., Wiesel et al. 2011, for a Dutch furniture seller). In addition to differences in 

application settings, a likely reason for the absence of interactions is that managers use 

different advertising forms to reach different types of consumers, as confirmed by our data 
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provider. In addition, our data provider does not specifically design campaigns to gain 

synergies. 

3.4.3. Restricted policy simulation and the website funnel effects of advertising  

To answer our which question (i.e., which advertising form has the highest revenue 

elasticity), we perform in the fourth step (Table 3-3) a restricted policy simulation (Pauwels 

2004). This analysis enables us to interpret the effects of an impulse on a marketing action by 

itself (i.e., without it changing the other endogenous advertising variables in the model). The 

restricted impulse response function of this simulation provides us with advertising elasticities 

as traditionally interpreted (i.e., the effect of a 1% increase in advertising, while keeping 

everything else constant).
10

 A key benefit of restricted impulse response functions is that they 

do not require estimation of a new, restricted model (which would bias the coefficient 

estimates); instead, they only restrict the simulation of performance effects, based on the 

estimates from the full model’s estimation (Pauwels 2004).  

For ease of illustration, after estimating the effects per advertising form for the five 

product categories, we translate the advertising elasticities back to the overall firm level. To 

do this, we take the weighted mean of the elasticities using the precision of the parameter 

estimates (i.e. 1 divided by the parameter’s standard error). This calculation assumes that a 

1% increase in advertising variable i is allocated over different product categories, similar to 

how the budget is normally allocated over those categories. We translate the effect of 

advertising on each stage in the website funnel in the same way. To reach an optimal online 

advertising budget allocation, we follow the procedure of Danaher and Dagger (2013) and 

Naik and Raman (2003). For the budget allocation we can only use variables which are 

measured in terms of monetary expenditure. The variable ‘referrals’, which does not directly 

involve monetary expenditures but is measured in the amount of referrals (i.e. the daily 

number of website sessions started by clicking on non-paid for links on third-party websites), 

is thus not included in the budget allocation. Further details on the budget allocation 

procedure appears in Appendix 3.B. 

                                                 
10

 As Wieringa and Horváth (2005) demonstrate, the sum of IRFs of a log-transformed model do not have a 

direct interpretation. Because of this they have proposed an alternative approach. We have also tested this 

approach for our setting, but in our case the results are virtually the same and all conclusions remain the same. 

One reason for this could be that we do not find many long-term effects (i.e. an effect on sales of more than 1 

day) and a second reason that the effect sizes we find are all relatively small. 
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3.5. Results 

3.5.1. Model selection  

The Granger-causality tests show that all nine advertising variables, organic searches, 

affiliates, four stages of the website funnel, and revenues are significantly Granger-caused by 

at least one other variable. This finding indicates that we must treat them all as endogenous. 

The augmented Dickey–Fuller and Kwiatkowski–Phillips–Schmidt–Shin tests indicate unit 

roots in organic searches for all product categories and in expenditures on comparison 

websites and SEA for the S&L category. Because there are three variables with a unit root for 

S&L, we perform a cointegration test (Johansen 1991), which shows that the variables are not 

co-integrated. Consequently, we estimate all five SVAR models with the variables with a unit 

root in first differences. For all five models, the BIC underscores the use of one lag, which 

gives us 43 parameters to estimate in the revenue equation for each product category. Because 

each product category has 385 observations, the resulting 8.95 observation-to-parameter ratio 

is considered sufficient (Hanssens, Parsons and Schultz 2003, p. 185). 

Table 3-4 presents the parameter restriction tests. The BIC and MAPE indicate that 

both current and lagged backward and skipping paths can be excluded. This empirical 

evidence is consistent with technical limitations on funnel progression and managerial 

intuition. Therefore, we proceed with a much simpler SVAR model—namely, the model in 

which all four blocks in Equation (3.2) are set to zero.  

 

Table 3-4: Restricted model tests 

 Block 1 Block 2 Block 3 Block 4 MAPE BIC 

Model 1 √ √ √ √ 4.24% 113,168.2 

Model 2 X √ √ √ 4.10% 113,098.0 

Model 3 X √ X √ 4.10% 113,055.6 

Model 4 X X √ √ 3.97% 113,046.0 

Model 5 X X X X 3.89% 112,971.1 

 

On the product-category level, this final model explains 99% of the variation in 

revenues for fashion and S&L, 96% for EE&H, 94% for H&G, and 92% for B&W. The 

explained variance is lower for earlier funnel stages in the purchase funnel (e.g., 87%, 90%, 

89%, 77%, and 84% for product page stage for the respective product categories). Key drivers 

of the high explanatory power of revenues are the advertising variables, which together 

explain 78% of the variance in revenues for fashion, 85% for S&L, 77% for EE&H, 63% for 
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H&G, and 61% for B&W. This result reflects the richness of our data for both online and 

offline forms of advertising. The sales promotion dummies, lagged sales revenue, current and 

lagged checkout sessions, and day-of-week dummies capture much of the remaining variance 

in sales revenues. The previous stage in the purchase funnel, as well as the lag variable of the 

current funnel stage, explains much of the variance in the current stage, as can also be derived 

from the correlations table (Table 3-2). However, the advertising variables significantly add 

explanatory power in funnel stage progression on top of the other variables for each funnel 

equation, as we verified in a series of F-tests (p < .01 in all cases). This indicates that our data 

are appropriate to investigate funnel progression and, thus, to answer our where question. 

3.5.2. Revenue elasticities and the purchase funnel effects of each ad form 

From the selected SVAR, we calculate the restricted impulse responses of revenue to a 

1% change in the advertising variables. Table 3-5 captures the key results with respect to 

long-term advertising elasticity (the cumulative effect) and wear-in and wear-out for each 

advertising activity. A wear-in (wear-out) of 1 means that the first (last) significant effect of 

advertising on revenue occurs on the day of the impulse, a wear-in (wear-out) of 2 means that 

the first (last) significant effect occurs on the second day, and so forth. As Table 3-5 shows, 

the wear-out of most channels is within one or two days. This finding is in line with the 

results of other studies (e.g., Li and Kannan 2014). 

Of the 45 (9 × 5) long-term advertising elasticities, 29 (64.4%) are significantly 

different from zero. This result compares favorably with the 57% significant advertising 

elasticities that Sethuraman et al. (2011) find in their meta-analyses. Furthermore, 55.2% of 

the significant advertising elasticities (16 of 29) are (also) significant after the first day. This 

finding indicates that examining only the same-day impact would lead to biased results. 

In terms of sign and size, all significant advertising elasticities are positive and vary 

between .003 and .215. Of the 29 significant advertising elasticities, one (i.e., product-related 

SEA for S&L) is from an advertising variable included in first differences. This elasticity 

represents the performance effect of permanently increasing marketing spending by 1%, i.e. a 

permanent increase in expenditure only results in a temporary change in revenue. This would 

in the long run result in an as good as 0% return on investment. Given the difference in 

interpretation of the variables in first difference, we focus the remainder of our analysis on the 

28 elasticities of marketing variables included in levels. For the insignificant elasticities and 

the elasticities in first differences we assume the effect on revenue is zero. 



 

 

Table 3-5: Long-term advertising elasticities and timing in days per product category 

   Fashion EE&H H&G S&L B&W 

   Advert. 

Elasticity 

Wear- Advert. 

Elasticity 

Wear- Advert. 

elasticity 

Wear- Advert. 

elasticity 

Wear- Advert. 

Elasticity 

Wear- 

   in out in out in out In out in Out 

 Television n.s. - - n.s. - - .006 1 2 .004 2 2 n.s. - - 

FIC Radio .003 2 2 n.s. - - .007 1 1 .003 1 1 n.s. - - 

 E-mail .005 2 2 n.s. - - n.s. - - .008 2 3 .014 1 1 

 SEA product .084 2 2 .048 1 1 n.s. - -  .032
*
 2 2 n.s. - - 

CIC separated SEA branded .032 1 2 .036 1 2 .042 1 1 n.s. - - .051 1 1 

 Retargeting .051 1 1 n.s. - - n.s. - - .040 1 1 n.s. - - 

 Referrals .129 1 1 .184 1 2 .175 1 2 .204 1 3 .129 1 2 

CIC integrated Portals .182 1 2 .173 1 2 .119 1 1 .123 1 1 .075 1 1 

 Comparison n.s. - - .154 1 1 n.s. - - n.s.
*
 - - .215 1 2 

*The variable is in first differences; therefore, the elasticity must be interpreted as follows: “a 1% permanent change in variable x will give a temporally increase of y% in 

sales revenues,” where x is the advertising variable and y is the elasticity. 

n.s. = not significant. 
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3.5.3. Product category differences 

Table 3-5 shows consistency across product categories in the relative size and ordering 

of the elasticities. We do, however, observe some differences. First, EE&H revenues do not 

increase with any FIC but do increase with price comparison site advertising. Such products 

are rather expensive search goods, and thus induce price comparison (Nelson 1970). Second, 

fashion and S&L see no impact of price comparison - but retargeting works in these 

categories. A likely reason is that consumers have well-defined preferences in the early stages 

of their journey, which makes retargeting more effective (Lambrecht and Tucker 2013). 

Finally, product-related SEA increases revenues for fashion and EE&H, which are two of the 

most popular product categories purchased online (Nanji 2013). This limits the research-

shopper phenomenon (Verhoef, Neslin, and Vroomen 2007) of consumers who search for 

products online but wind up buying them in bricks-and-mortar stores—a likely scenario for 

H&G (Home and Gardening), for example. 

3.5.4. Answering the “which, when, and where” questions 

The key aim of our study is to provide guidance to researchers and managers on 

strategic decision making with respect to budget allocation across multiple forms of 

advertising. To do so, we investigate the differential effectiveness of different advertising 

forms by answering three questions: which advertising forms are most effective, when does 

the effect take place, and where does this effect occur in the purchase funnel? In addition, we 

illustrate the biases of simple rules, such as last-click methods, for budget allocation 

decisions. Next, we examine the implications of our results, guided by the three main 

questions and the discussion of biases when using last-click methods. 

3.5.4.1. Answering the “which” question 

To answer the which question (i.e. which advertising form is the most effective), we 

use the two recent classifications of advertising forms introduced previously to provide 

further insights into our results. First, we classify forms of advertising as CICs and FICs, 

following Wiesel et al. (2011) and Li and Kannan (2014). Significant elasticities occur 53.3% 

of the time for FICs (8 of 15), consistent with John Wanamaker’s century-old notion that half 

the money spent on advertising is wasted. For CICs, 70.0% of elasticities (21 of 30) are 

significant, which is in line with previous studies that show that CICs are more effective than 

FICs (e.g., Li and Kannan 2014; Sarner and Herschel 2008; Wiesel et al. 2011). When 

splitting CICs into content-integrated and content-separated categories, as indicated in Table 
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3-5, we find that 60% (9 of 15) of the elasticities for content-separated CICs are significant. In 

contrast, 80% (12 of 15) of the elasticities for content-integrated CICs are significant.  

We obtain a clear effectiveness distinction along the dimension of firm- versus 

customer-initiated forms of advertising. The mean advertising elasticity is .003 for FICs and 

.080 for CICs (.003 and .074 respectively if we weigh the elasticities by precision). In other 

words, in our dataset, CICs are 26.7 times (or 24.7 times if we look at the weighted mean) 

more effective than FICs. This finding is consistent with previous studies that report much 

higher revenue elasticity for CICs than for FICs (Sarner and Herschel 2008; Wiesel et al. 

2011) and in line with the theoretic expectations in our “Framework” section. The likely 

reason is that prospective customers are more attentive to information that is directly relevant 

to what they seek; however, firm-initiated advertising often reaches them at the wrong time 

and with a sub-optimal message. Our CIC–FIC effectiveness ratio of 26.7 and 24.7 is 

somewhat higher than Sarner and Herschel’s (2008) ratio of 15 but far lower than Wiesel et 

al.’s (2011) ratio of 400 between SEA and FICs. A reason for the lower effectiveness of CICs 

could be that the company Wiesel et al. (2011) examine is relatively small, whereas ours is 

already established and therefore has less to gain from paying for SEA (Blake et al. 2015). 

When we split CICs into content-separated and content-integrated, as in Table 3-6, we 

find that content-separated activities are on average 9 (unweighted) or 10 (weighted) times 

more effective than FICs, while content-integrated activities are 44.3 (unweighted) or 43.3 

(weighted) times more effective in generating revenues than FICs. Our research is the first to 

show this higher revenue effectiveness of content-integrated than content-separated CICs. 

However, this finding is consistent with previous studies on the effect of traditional content-

integrated advertising on purchase intentions (e.g., D’Astous and Chartier 2000; Russell 

2002) and the positive perceptions customers have of these messages (Tutaj and Van 

Reijmersdal 2012). It is also in line with the theoretic expectations in our “Framework” 

section. The differences among the three groups—FICs, content-separated CICs, and content-

integrated CICs—are all statistically significant, as indicated in Table 3-6. Furthermore, the 

findings hold for all five product categories. This gives us confidence that our key substantive 

findings are not product-category specific, although there are too few observations per 

category to test for significance – a key avenue for future research. 



 

 

Table 3-6: Advertising elasticities split by activity type and product category 

Activity type Example 
Mean 

elasticity 

Weighted 

elasticity 

Fashion 

elasticity 

EE&H 

elasticity 

H&G 

elasticity 

S&L 

elasticity 

B&W 

elasticity 

FICs Television, 

radio, e-mails 

.003
b
 .003

b
 .003 .000 .004 .005 .005 

CICs (content-

separated) 

SEA, 

retargeting 

.027
b
 .030

b
 .056 .028 .014 .020 .017 

CICs (content-

integrated) 

Portals, price 

comparison, 

referrals 

.133
a
 .130

a
 .104 .171 .098 .163 .139 

a 
significantly (p < .01) different from the other two activities. 

b 
significantly (p < .05) different from the other two activities. 



Creating, Managing and Monitoring Customer Value in the On- and Offline World | 77 

 

 

 

Regarding face validity, we can compare our model’s results with the model-free 

indications in section 3. As to the main message of this paper, content-integrated comparison 

site advertising indeed has a larger revenue elasticity than content-separated product SEA; 

consistent with Figure 4. Could this be an artifact of the methodology? Unlikely, because our 

model reveals comparison site advertising has no significant revenue impact in 3 out of 5 

categories. In Fashion, the largest category, the model attributes the revenue increase to 

product SEA instead of to comparison site advertising (recall from section 3 that both 

advertising forms increased prior to the revenue hike). In the second largest category, EE&H, 

both product SEA and comparison site advertising increase revenue, but the elasticity of 

comparison site advertising is three times as large, consistent with our observations in section 

3. And in both H&G and S&L categories, the model results confirm our model-free intuition 

that neither advertising form substantially increases revenue
11

. Finally, the B&W category 

results show a substantially larger revenue elasticity for comparison site versus product SEA 

expenditures, consistent with our observations in Figure 4. 

3.5.4.2. Answering the “when” question 

Immediate (same-day) revenue effects are significant for FICs in only 37.5% (3 of 8) 

of the cases. For content-separated CICs, this is true in 77.8% (7 of 9) of the cases, whereas it 

is always the case for content-integrated CICs (12 of 12 cases). Therefore, the effect of 

content-integrated CICs occurs quickly, whereas it is lagged for FICs. This observation makes 

sense because CICs are triggered by a consumer action indicating (at least some) interest in 

the category, and these differences are in line with the expectations in the “Framework” 

section of this article. For wear-out, we do not observe much difference between the groups. 

In approximately half the cases, there is (still) a revenue effect after the first day. 

3.5.4.3. Answering the “where” question 

Finally, after investigating which advertising form is most effective and when this 

effect takes place, we investigate where in the purchase funnel the effect takes place (e.g., 

whether an advertising form brings more visitors to a website, or whether it increases visitors’ 

conversion probability). By grouping according to advertising category, we obtain the mean 

funnel elasticities for FICs, content-separated CICs, and content-integrated CICs. Figure 3-5 

illustrates these funnel elasticities and shows that both content-integrated and content-

                                                 
11

 Note from Table 3-5 that product-related SEA does have an impact on revenue in the S&L category, but since 

this variable is measured in first differences it means that a 1% permanent change in product-related SEA 

expenditures will give a temporally increase of .032% in product category revenues, which is extremely limited. 
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separated CICs outperform FICs in generating home page traffic. However, the two types of 

CICs do not differ significantly from each other in this respect. The likely reason is that many 

content-integrated CICs link to a specific product page that is of interest to both the third 

party and the customer who clicked on the link. This interest should translate into higher 

conversion through the funnel. We find that all later website funnel metrics show a 

significantly greater elasticity for content-integrated activities. Content-integrated CICs tend 

to distinguish themselves from other forms of advertising in the later stages of the funnel. 

They are more effective in attracting people to product-specific pages; from there, visitors 

move more smoothly through the website funnel, thus producing higher total revenues. These 

findings stay the same when we weight the elasticities from all stages based on the precision 

with which they are estimated.  

 

Figure 3-5: Advertising elasticities for funnel stages 

 

 

3.6. Managerial implications for budget allocation and the last-click bias 

To allocate budgets across advertising forms, managers need to know how different 

advertising forms contribute to revenues. In this section we therefore optimize the budget 

allocation in order to (1) compare our results with simple rules like last-click (online 

allocation only) and (2) to make budget allocation recommendations (online and offline). One 

of the most popular methods in practice, used in more than half the cases, is the last-click 
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attribution method (Econsultancy 2012). We compare our SVAR with two last-click methods. 

First, the “last-click/same-session” method examines which advertisement form started the 

session. If the customer started the session without clicking on an advertisement link (i.e., by 

typing in the URL him- or herself), the session is called a “direct load.” Direct load can be 

interpreted as goodwill or (brand) awareness developed by the retailer; it can also come from 

traffic from offline advertising forms (e.g., television, radio) for which no “click” occurs. 

Second, the “last-click/7-days” method includes additional historical information. When a 

session is started by typing in a retailer’s URL, the customer’s sessions for up to the previous 

seven days are investigated. When a previous session during those seven days was started by 

clicking on an advertisement, that advertisement receives the credit for the current session. If 

there was no previous session during the previous seven days or if all the sessions during the 

previous seven days were also direct load, the current session is also labeled “direct load” 

(i.e., not driven by advertising). With both of these last-click methods, no credit is given to 

earlier advertisements, the effect of seasonality, or baseline revenues. Furthermore, the impact 

of offline advertising and other forms of advertising that generate visitors but not (direct) 

clicks are ignored. For these reasons, studies have found that last-click attribution is 

insufficient and delivers biased insights (Jordan et al. 2010; Li and Kannan 2014).  

How does the data provider allocate its online advertising budget? Table 3-7 compares 

the current online budget allocation with the allocation derived from the two last-click 

attribution methods.
12

 Note that the current allocation does not strictly follow any of the last-

click attribution methods. When confronted with this difference, the retailer’s managers 

indicated that they adjust the last-click recommendations using their own judgment and use 

trial-and-error to search for better ways to allocate their budgets. Specifically, management 

believed that last-click methods over-estimated the power of e-mails and branded SEA, while 

they underestimated the power of product-related SEA, retargeting, and price comparison 

sites. As a result, management spends less on e-mails (1.6% instead of the recommended 

48%–50%) and branded SEA (10% instead of 16%–20%). However, managers are unsure 

about whether they have gone far enough or even too far in these adjustments. This practice 

underscores managers’ need for guidance in allocating firm advertising budgets. 

  

                                                 
12

 The retailer directly provided us with the data and outcomes of last-click/same-session and last-click/7-days. 

Last-click methods are only available for online advertising forms; thus, we concentrate on those in our analysis. 

Because referrals do not involve any costs, we do not include referrals in the budget allocation. 
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Table 3-7: Comparison of online budget allocation and sales revenues: current, 

SVAR, and last-click methods 

  
Current 

allocation 

Last-

click/same-

session 

Last- 

click/7-

days SVAR 

E-mail 1.58% 47.71% 49.81% 1.71% 

SEA product 53.12% 10.06% 12.45% 10.49% 

SEA branded 10.38% 20.11% 15.81% 10.14% 

Retargeting 11.21% 5.18% 7.31% 5.74% 

Portals 11.56% 10.92% 8.89% 42.64% 

Comparison 12.14% 6.03% 5.73% 29.28% 

Revenue forecast 

(relative to current) 
100.00% 90.32% 87.95% 121.01% 

Revenue forecast 

(relative to SVAR) 
82.64% 74.64% 72.68% 100.00% 

 

To offer guidance, we calculate the online budget allocation suggested by our SVAR 

model using the procedure of Danaher and Dagger (2013) and Naik and Raman (2003). The 

last column of Table 3-7 shows our suggested online budget allocation. For both e-mails and 

branded SEA, our analysis agrees with management intuition and recommends allocating 

budgets substantially lower than those offered by last-click methods. Especially the power of 

e-mail is over-estimated by last-click attribution. Our rationale is that most customers only 

react to e-mail when they have decided what and where to buy based on other sources 

(including other advertising forms) and are reminded about their purchase intentions by the e-

mail, which provides easy click access to the product. Indeed, Li and Kannan (2014) find that 

customers use some channels more frequently to navigate to a website even if they have 

previously visited the website through other channels. However, in their study, the use of a 

last-click approach leads to under-estimation of the e-mail effect. The difference between our 

findings and theirs might be due to the nature of e-mail (i.e., permission-based) targeting and 

content focus (e.g., customer acquisition vs. cross-selling). Our online data provider increased 

the amount of e-mails during various periods to obtain more clicks but did not observe a 

substantial change in website visits or revenues. This trial-and-error approach to increasing 

the number of e-mails, which the retailer already considered high, is closer to the optimal 

method identified by the SVAR than it is to last-click methods.  

The last-click/7-days method is close to the SVAR results for product-related SEA and 

retargeting, two advertising forms for which our analysis opposes management’s current 

allocation. Both advertising forms are content-separated: their message is not part of the 
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website’s editorial content. Each of the three analytic methods consistently shows that such 

advertising forms are less effective in terms of sales than the data provider believes them to 

be. In contrast, only our SVAR analysis shows the power of content-integrated advertising: 

we recommend that the data provider allocate 43% to portals and 29% to price comparison 

sites. Last-click methods underestimate these effects, plausibly because these forms of 

advertising generate few direct visits but a large amount of brand and product exposure, 

which is an important part of content-integrated CICs. Our analysis supports the data 

provider’s decision to upwardly adjust the last-click method allocation but also shows that this 

adjustment does not go far enough for the content-integrated advertising forms. This is 

consistent with research on anchoring and adjustment (Wilson, Houston, Etling, and Brekke 

1996) and suggests that last-click methods can severely bias allocations even when 

management adjusts the anchor in the right direction.  

What happens to retailer revenues under each of the four allocations in Table 3-7? 

Using our model estimates, the retailer would increase revenues by 21.01% by switching from 

its current allocation to our recommended allocation. In contrast, switching to the last-

click/same-session (last-click/7-day) method would decrease revenues by 9.68% (12.05%) 

from the current allocation. Accordingly, the allocation from last-click/same-session (last-

click/7-day) yields 25.36% (27.32%) less revenues than our recommended allocation. The 

retailer is unlikely to achieve our recommended allocation immediately because CICs (e.g., 

SEA expenditures) can only be increased when enough additional customers use these 

channels (Wiesel et al. 2011). Thus, in practice, we recommend that managers move toward 

the SVAR’s suggested optimal allocation, e.g. in a field experiment. 

Finally, we run the allocation procedure including the two offline advertising forms, 

television and radio. Table 3-8 reports the results of this procedure. One of the downsides of 

last-click procedures, which the table shows, is that these methods cannot garner direct traffic 

through these channels and therefore cannot allocate sales to these advertising forms. As a 

result, with last-click methods the current budget for offline advertising forms is redistributed 

over the online advertising forms.  

An important caveat to Table 3-8 relates to interpreting the very low allocation to 

offline advertising forms, based on their low revenue elasticity in our model estimated on 

daily data. Such low elasticities can be expected if the retailer uses offline advertising mainly 

to build and retain brand awareness, perception, and goodwill rather than to drive immediate 

sales (e.g. Hanssens 2009; Sethuraman, Tellis, and Briesch 2011). In the online world, such 

goodwill may translate into the direct load; i.e. visits that where started by typing in the 
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website’s URL instead of using (online) advertising
13

. This online retailer enjoys an average 

direct load of 54.9% of all online visits (ranging from 37.8% for EE&H to 63.0% for 

Fashion), the remaining 45.1% of the visits come to the website via one of the online 

advertising channels. This direct load is higher than the 39.7% share in offline advertising out 

of the total advertising spending. Because we do not have data from the start of the online 

retailer though, we cannot establish how much of this direct load can be attributed to past 

online advertising, past offline advertising or other factors such as word-of-mouth or a 

personal positive experience.  

 

Table 3-8: Comparison of total budget allocation and sales revenues: current, 

SVAR, and last-click methods 

  
Current 

allocation 

Last-

click/same-

session 

Last- 

click/7- 

days SVAR 

E-mail .96% 47.71% 49.81% 1.68% 

SEA product 32.03% 10.06% 12.45% 10.33% 

SEA branded 6.26% 20.11% 15.81% 9.99% 

Retargeting 6.76% 5.18% 7.31% 5.66% 

Portals 6.97% 10.92% 8.89% 42.02% 

Comparison 7.32% 6.03% 5.73% 28.86% 

Television 23.23% n/a n/a .65% 

Radio 16.47% n/a n/a .81% 

Revenue forecast 

(relative to current) 
100.00% 101.78% 99.11% 139.14% 

Revenue forecast 

(relative to SVAR) 
71.87% 73.14% 71.23% 100.00% 

 

A second caveat regarding budget allocation (in both Table 3-7 and Table 3-8) is our 

assumption that prospects lost by cutting one advertising form are not (fully) recovered by 

finding their way directly to the retailer. To fully analyze this ‘recovery’ issue, we would need 

individual-level data in controlled field experiments, as executed for eBay by Blake et al. 

(2015). They find that cutting branded keyword SEA has no sales impact for eBay: prospects 

that type in the retailer’s name in a search engine are likely determined to check out that 

retailer and thus will use other ways (such as natural search clicks) to go to its page. Cutting 

non-branded keyword SEA does lower sales, but only for new and infrequent customers. Note 

that several of Blake et al’s (2015) findings may help understand ours. Content-separated 

                                                 
13

 We thank an anonymous reviewer for this suggestion 
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CICs such as SEA may be mostly spent on the regular customers (as shown for eBay in Blake 

et al. 2015), while content-integrated CICs such as referrals, portals and price comparison 

sites may feature more new and infrequent customers. Likewise, retargeting focuses on 

customers that have already looked at the page of the specific product advertised. Following 

our and Blake et al (2015)’s rationale, customers really still interested in purchasing that 

product would find a way to return – the others are unlikely to be convinced by an ad at a time 

they are checking out an unrelated website. Would Blake et al. (2015)’s zero sales impact on 

branded keyword SEA for eBay apply for all CIC advertising at our retailer? Only a field 

experiment would answer that question, but we find it unlikely for at least two reasons: First, 

previous field experiments at companies other than eBay have shown a substantial impact of 

CICs (Montaguti, Neslin and Valentini 2015; Wiesel et al. 2011). Second, even looking at just 

two forms of SEA (branded and non-branded), Blake et al. (2015) find different sales 

effectiveness. They also state that SEA is “unlikely to play a persuasive role” in contrast to 

“display ads” to which their findings may not apply. Thus, the recovery issue appears to differ 

on a continuum by advertising form – consistent with our rationale. In sum, distinguishing 

these effects in field experiments for different advertising forms and different companies 

represents a promising avenue for further research. 

3.7. Conclusion  

In summary, the data presented here are rich with respect to use of online advertising 

forms, purchase funnel metrics, the number of product categories, and offline advertising 

forms. Thus, we are able to provide a more nuanced understanding of the differential 

effectiveness of different forms of online advertising, which, to the best of our knowledge, has 

previously been unavailable. In doing so, we answer three questions about effectiveness: 

Which advertising forms are most effective? When does the effect take place? and Where in 

the purchase funnel does the effect take place? Such an understanding of advertising form 

effectiveness is necessary to provide guidance on strategic decision making with respect to 

budget allocation across multiple forms of advertising. This is particularly important because 

managers tend to rely on trial-and-error or simple rules, such as last-click methods, because 

they lack knowledge and/or better approaches. Our study shows the substantial biases of this 

method. We hope that our research not only stimulates additional research but also 

encourages the future use of marketing science approaches to budget allocation decisions 

rather than relying on gut feelings, trial-and-error, or overly simplistic heuristics.  
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3.8. Limitations and further research 

This study has several limitations that provide fruitful avenues for further research. 

Although we examine multiple product categories, the data come from one online retailer. 

Our substantive results are similar across all five categories, indicating broader insight into 

the effectiveness of the advertising forms considered. However, further studies are necessary 

to generalize our findings to other contexts. For example, research could compare more and 

less established retailers to analyze whether the effectiveness of a form of advertising is 

dependent on how well the firm is known, as suggested by Blake et al. (2015) and Li and 

Kannan (2014) and confirmed by Demirci et al. (2014). Field experiments are important to 

verify the causality and policy implications (Blake et al. 2015; Li and Kannan 2014). 

Research could also investigate advertising effectiveness in other sectors. In addition, we do 

not know the advertising expenditures of manufacturers and the retailer’s competitors. To the 

extent that these third-party activities are correlated with the focal retailer’s advertising, this 

omission could affect our effect size estimates for the retailer’s own advertising activities. 

This lack of data also constitutes a limitation that our data provider and several other (online) 

retailers must address in practice when making decisions about budget allocation. As previous 

studies (e.g., Pauwels 2004; Srinivasan et al. 2010) have demonstrated, it is straightforward to 

include such third-party marketing activity in (structural) VAR models and to generate 

insights into dynamic competition patterns. Another limitation is that we examine a relatively 

short period. We checked for but did not find evidence of time-varying parameters. Other 

studies (e.g., Sethuraman et al. 2011) have shown that the effectiveness of advertising 

decreases over time. Furthermore, although we use daily data and divide these into product 

categories, the data are still at an aggregate level. Within the same day, we do not know which 

stages precede which other stages. Another limitation of aggregate data is their inability to 

account for heterogeneity in response in advertising (Manchanda, Dubé, Goh, and 

Chintagunta 2006). Further research could extend our findings by distinguishing advertising 

form effectiveness for different customers.  



 

 

Chapter 4 

 

4. The Role of Mobile Devices in the Online 

Customer Journey 
 

Abstract 

The widespread use of mobile devices has important consequences for the online customer 

journey. The preferred device depends on the device’s advantages and disadvantages and on 

the shopping goals of the customer. Using clickstream data from a large online retailer, the 

authors find that when a customer goes from a more mobile device (e.g., smartphone) to a less 

mobile device (e.g., personal computer), the conversion rate increases significantly. This 

effect of device switching on conversion is stronger for customers who have less experience 

with the online retailer. It is also stronger when customers interact in two consecutive sessions 

with the same product, especially when this product is higher priced and when these two 

sessions are closer to each other in time. The findings illustrate the importance of focusing not 

just on the conversion rates of individual devices per se but on the multiple devices customers 

use in their paths to purchase. Such a focus helps managers identify critical moments when 

the conversion rate more than doubles, as this study’s simulation shows. 

 

This chapter is based on De Haan, Evert, P. K. Kannan, Peter C. Verhoef and Thorsten Wiesel 

(2015), “The Role of Mobile Devices in the Online Customer Journey,” Working Paper. 

This project received an MSI research grant (#4-1879). 

This chapter is also included in the MSI Working Paper Series: De Haan, Evert, P. K. 

Kannan, Peter C. Verhoef and Thorsten Wiesel (2015), “The Role of Mobile Devices in the 

Online Customer Journey,” forthcoming.  
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The rapid increase in the use of mobile devices has changed how consumers behave 

and shop online. With worldwide sales expecting to increase from just over 1 billion units in 

2013 to more than 1.7 billion units in 2017, smartphone sales have become significantly 

higher than personal computer (PC) and laptop sales, which are stable at approximately 320 

million units per year (mobiForge 2014). For tablets, sales are expected to increase from 227 

million units in 2013 to 407 million units in 2017, also surpassing the sales of fixed devices 

(mobiForge 2014). Despite this, many online retailers regard mobile devices and especially 

smartphones as a mixed blessing. On the one hand, there is a rapid increase in the amount of 

website traffic associated with the usage of these devices, but, on the one hand, the visits 

using these devices have a substantially lower conversion rate than fixed devices 

(Bosomworth 2015). This conversion gap does not seem to be decreasing over time (Chaffey 

2015), making some online retailers doubt the return on investment in mobile platforms, 

which, in turn, translates to lower prices for mobile advertising (Hof 2015).  

Because of the distinctive roles of the different devices in the online customer journey, 

mobile devices should not be investigated in isolation or be compared directly with the 

conversion rates of fixed devices. Direct comparison could result in misleading insights 

because of last-click attribution problems (e.g., De Haan, Wiesel, and Pauwels 2015; Li and 

Kannan 2014). Rather, research should investigate how different devices complement each 

other in the customer’s online journey. Such information would help online retailers identify 

critical moments in the customer journey, improve the cross device service directed at 

customers, and obtain a better understanding of the true value of mobile devices. Providing 

insights into this multiscreen environment constitutes two 2014–2016 top-1 research priorities 

of the Marketing Science Institute (MSI; 2014): “What new customer behaviors have emerged 

in a multi-media, multi-screen, and multi-channel environment?” and “How do social media 

and digital technology change customer experiences and the consumer path to purchase?” 

The purpose of this article is to empirically examine cross device usage in the online 

customer journey, thus extending insights from studies on customer behavior in multichannel 

environments. According to extant multichannel literature focusing on bricks-and-mortar 

stores, websites, and catalogs, consumers often use different channels at different stages of the 

purchase funnel (Konus, Verhoef, and Neslin 2008; Verhoef, Neslin, and Vroomen 2007). 

Research also knows why customers choose certain channels (Gensler, Verhoef, and Böhm 

2012; Kumar and Venkatesan 2005; Montoya-Weis, Voss, and Grewal 2003), that customers 

who use multiple channels are more valuable (Kumar and Venkatesan 2005; Montaguti, 

Neslin, and Valentini 2015; Venkatesan, Kumar, and Ravishanker 2007), and that the type of 
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product moderates these differences (Kushwaha and Shankar 2013). However, although 

extensive literature exists on channel choice behavior and its consequences on customer 

behavior (e.g., Ansari, Mela, and Neslin 2008; Neslin, Grewal, et al. 2006; Verhoef, Kannan, 

and Inman 2015), only a few studies have examined device usage in the purchase process and 

its consequences on purchase behavior (Andrews et al. 2015; Luo et al. 2014) and no study to 

our best knowledge takes a cross device perspective when investigating the path to purchase. 

Given the attributes of new forms of devices, such as tablets and smartphones, the channel 

characteristics in the context of cross device usage are quite different from those assessed in 

extant multichannel literature and thus merit a critical examination. 

In this study, we explore how consumers’ shopping behavior differs across devices 

and how device switching affects their path to purchase and, ultimately, conversion. We 

develop a conceptual framework to examine device switching on the path to purchase and 

examine how specific customer characteristics, product characteristics, and the passage of 

time moderate such switching. We then empirically test our hypotheses by investigating how 

switching between devices affects conversion probabilities along the customer journey. To 

our knowledge, this is the first study to examine cross device usage in the context of 

customers’ path to purchase and to assess its impact on conversion. Our contribution is 

twofold. First, from an academic perspective, we examine the evolving behavior of customers 

and the implications as they interact with newer forms of technology to shop in online and 

mobile contexts. Second, from a practitioner perspective, online retailers and managers can 

use the insights from our research to serve customers better across devices. That is, by 

providing cross device services (e.g., integrated shopping baskets), retailers can use 

personalized targeting based on customers’ preferences across devices to increase sales.  

Using clickstream data from a large European online retailer, we find that switching 

from a more mobile device (e.g., smartphone) to a less mobile device (e.g., PC) on average 

almost doubles the conversion probability compared with continuing with the same device. 

The strength of this switching effect on the conversion probability depends on customer-, 

session-, product-, and time-specific variables. First, the more experienced the customer is 

with the online retailer, the less strong is the impact of device switching on conversion rates. 

Second, for sessions in which customers view a product they have already examined before 

(e.g., two consecutive sessions in which a customer views the same pair of jeans), such device 

switching has a strong impact on the increase in conversion rates. This effect becomes even 

stronger when the sticker price of the product is high and the consecutive sessions are closer 

to each other in time. The effect of switching on conversion, however, does weaken over time, 
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likely because of the experience people gain with mobile devices and the technical 

advancements of these devices (e.g., better interfaces and payment systems). We show that 

these differences are due to device characteristics—mobile devices offer advantages in terms 

of fast and easy ways to collect information, and fixed devices offer advantages in terms of 

reducing (perceived) risk. Managers can use these insights to provide better cross device 

customer service and identify critical moments in the path to purchase where the conversion 

rate more than doubles. 

4.1. Research Background 

Mobile devices (e.g., tablets, smartphones) differ considerably from fixed devices in 

terms of how, when, where, and by whom they are used. According to eMarketer (2014), 

U.K. consumers spent a vastly increasing amount of time on smartphones and tablets, which 

respectively doubled and even tripled between 2012 and 2014, while time spent on fixed 

devices increased only slightly. Lee, Kim, and Kim (2005) find that mobile Internet usage 

occurs more frequently outdoors, when consumers are on the move and at public locations. 

They also show that utilitarian activities, including online shopping, do not depend on the 

type of location but are conducted significantly more often when consumers are working than 

when they are not. Consumers also use mobile devices more frequently, but for shorter 

durations, than fixed devices (Cui and Roto 2008). In terms of demographic differences, in 

general smartphone users are younger and more educated and have a higher income (Smith 

2012), though these differences tend to decrease over time (Blodget 2012). Taube (2014) 

furthermore shows that the average person in the United Kingdom switches 21 times an hour 

among the smartphone, tablet, and laptop. Such switching behavior can have consequences 

for the customer’s online journey, which is likely to be scattered over these different devices, 

and their behavior on these devices may also differ. 



 

 

Table 4-1: Differences Between Devices 

 Least Mobile <-> Most Mobile 

Consequence Source  PC/Laptop Tablet Smartphone 

Perceived security High Medium Low ↓ Risk Chin et al. (2012) 

Ease of quick searches  Low High High ↑ Info Deloitte (2013) 

Portal/different locations Low Medium High ↑ Info ↑ Risk Lee et al (2005) 

Ease in filling out forms High Medium Low ↑ Info ↓ Risk Shankar et al. (2010) 

Ease in making payments High Medium Low ↓ Risk Shankar et al. (2010) 
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With regard to the characteristics of the different devices, research has shown that 

consumers perceive fixed devices as more secure for online shopping and making payments 

(Chin et al. 2012), while mobile devices provide more ease and flexibility for information 

search (Deloitte 2013). Part of this can be explained by location. People often use fixed 

devices in the security of their homes but use mobile devices more frequently when they are 

on the go, on the job, or in a public location, including shops (Lee, Kim, and Kim 2005; Rapp 

et al. 2015). People on the go may use mobile devices to search for product information, but 

because of the lack of privacy and security, they may wait until they get home to actually 

purchase the product. As mentioned previously, online sessions on mobile devices are more 

frequent but shorter on average (Cui and Roto 2008), making them ideal for quick information 

searches because of their easy accessibility. Conversely, the smaller screen sizes of mobile 

devices can be a limitation when filling out payment forms (Shankar et al. 2010). 

These different characteristics, as summarized in a non-exhaustive list in Table 4-1, 

likely have consequences for the way people go through the online customer journey in terms 

of switching behavior and its impact on conversion. Early in the customer journey, mobile 

devices can provide advantages in gathering information; later on, when customers are closer 

to the moment of purchase, fixed devices can reduce the perceived risks and provide more 

convenience during purchase transactions. The need for easy access to information, risk 

reduction, and convenience likely differs depending on the specific shopping and purchase 

situation. We investigate this in the next section. 

4.2. Conceptual Model 

We develop our conceptual model and hypotheses, beginning with the basics from 

marketing channels theory (e.g., Verhoef, Neslin, and Vroomen 2007) that are relevant in the 

context of shopping and purchase in the context of multiple devices. In the various phases of 

shopping and purchase—prepurchase determination, purchase consummation, and 

postpurchase interaction—several channel flows exist. These include information flow, 

promotion flow, negotiation flow, ownership flow, and product/service flow. Information 

flow occurs when customers actively search for information or when firms advertise and 

provide information on product attributes and price. Promotion flow occurs when firms 

provide discounts, price cuts, and other enticements to customers. Negotiation flow involves 

customers and firms/channel partners negotiating on price and delivery terms. Ownership 

flow is the actual transfer of title, and, finally, product flow is the actual transfer of the 

product from the firm to the customer. In the online or mobile context, the product could be 
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content such as music, streaming videos, or text, in which case such flow occurs directly in 

those channels. In the case of physical products, shipping occurs through mail or other means 

of transportation. 

The key point here is that these flows can be unbundled in both a multichannel and 

cross device context. Thus, information flow can occur in one device, such as the mobile 

device, while ownership flow can occur in a fixed device, such as a PC or laptop. Such 

unbundling of channel flows is also a function of the various costs customers incur when 

shopping and purchasing in various channels and devices. In the context of multiple devices, 

search costs can differ across devices, as some devices are easier to use for information search 

than others (e.g., Chin et al. 2012; Shankar et al. 2010). The effort expended in such tasks 

across devices and the convenience of each can also differ depending on the costs of 

accessing these devices in a given situation. Finally, the risks of business transactions can also 

differ across devices—mobile devices may be less secure than fixed devices, leading to higher 

perceived risks. 

When a customer embarks on a path to purchase, the unbundling of the channel flows 

across the devices in each phase of the purchase journey depends on all the costs the customer 

perceives. If the mobile device is easily accessible and convenient to search, these low costs 

could lead the customer to choose the mobile device in a given situation, such as when he or 

she is outdoors or in a retail store. If the risk of transaction is high on a mobile device, the 

customer will likely wait until he or she can access a more secure device (Chin et al. 2012). 

Note that these costs are perceived and imputed costs and thus likely differ from customer to 

customer. Regardless, a logical analysis of how customers’ costs shape their preferences for 

devices in a given situation and how these preferences unbundle channel flows is a suitable 

starting point for our conceptual framework. 

In this study, we focus on customers who have embarked on their path to purchase in a 

cross device environment and examine the impact of device switching on the outcome of the 

journey (i.e., conversion). We posit that switching from a more mobile to a less mobile device 

will increase conversion probabilities (H1) because the more mobile device offers advantages 

for information search (e.g., flexibility, quickness), while the fixed device offers advantages 

for purchase (e.g., perceived security, ease of payment). We also posit that the magnitude of 

the effect of device switching on conversion will depend on customers’ experience with the 

online retailer (H2) and will change over time (H3). We argue that this magnitude will depend 

on whether the customer views the same product on consecutive sessions across devices (H4), 

on how soon they investigate this product again (H5), and on the price of this product (H6). 
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This all again relates to the relative importance of information search and purchase in the 

given situation. Figure 4-1 illustrates our conceptual framework. 

 

Figure 4-1: Conceptual Framework 

 

 

4.3. Hypotheses 

The multichannel literature has shown that consumers shop at different channels 

according to whether they perceive the channel as performing better on attributes that are 

important for information search or better on attributes that drive purchase (Verhoef, Neslin, 

and Vroomen 2007). This also applies to the case for the device people use to visit an online 

retailer. In the early stages of their online journey, customers want to gather information about 

certain products, which could be more convenient with a more mobile device. According to 

Google (2012), the smartphone is the starting point for multiscreen activities, such as online 

shopping. In later stages of the funnel, when customers are closer to deciding on which 

product to purchase, perceived security and ease of purchasing (e.g., placing an order) become 

more important, reducing the perceived risk. According to Moth and Charlton (2013), 

consumers use fixed devices relatively more often for actual purchases. The low conversion 

rates on the smartphone in particular are largely driven by the early stage most customers are 

in and can likely be compensated when customers switch to a less mobile device. That is, we 

expect that when customers go from a more mobile device to a less mobile device in the next 

session, the conversion rate will be higher than when the customer already was using the same 

or a less mobile device in the previous session. 
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H1: The conversion rate in the current session is higher if consumers used a 

more mobile device in the previous session. 

Chaudhuri and Holbrook (2001) and Sirdeshmukh, Singh, and Sabol (2002) show that 

loyalty and trust are positively related to each other, whereas Belanger, Hiller, and Smith 

(2002) show that online trust is mainly driven by consumers’ security and privacy concerns. 

We argue that loyal customers tend to trust the online retailer more and have less concern 

about its security and privacy. For other customers, there are more advantages to switching to 

a fixed device, due to the higher (perceived) security provided by these devices (Chin et al. 

2012). Thus, we argue that customers who are more loyal to, and thus more experienced with 

an online retailer, feel less of a need to switch to a fixed device when going deeper into the 

purchase funnel and therefore are more flexible in device usage. Furthermore, more 

experienced customer also know the structure of the website better, increasing the ease of 

going through the website in different stages of the journey on different devices. In a similar 

vein, Melis et al. (2015) show that when their online experiences with grocery shopping 

increases, multichannel shoppers become more flexible in choosing online retailers. We 

assume that this flexibility also holds with regard to which device to use when shopping 

online. In other word, more experienced customers have lower risk and inconvenience costs. 

As such, we expect that the order of devices used is less important for more experienced 

customers, and with that the positive impact of switching from a more mobile to a less mobile 

device is less strong for these customers.  

H2: The increase in conversion rate when going from a more mobile to a less 

mobile device is lower when customers are more experienced.  

In addition to the experience with a specific online retailer, over time increasingly 

more people own multiple devices (Heggestuen 2013) and thus become more experienced 

using these devices in general (Google 2012). Furthermore, technological advancements, such 

as auto fill-in of forms, better mobile payment systems, and better security systems, reduce 

the risk and inconvenience and increase security perceptions of purchasing through mobile 

devices. With that, we argue that over time, the real and perceived differences of mobile 

devices versus fixed devices become smaller. With more experience with these different 

devices, risk and inconvenience costs decrease, and in turn, the positive effect of switching on 

conversion is likely to decrease as well.  

H3: The increase in conversion rate when going from a more mobile to a less 

mobile device becomes lower over time. 
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The more related two subsequent sessions are to each other in terms of the products 

being viewed, the more likely consumers are to search for additional assurances that they are 

buying the right product. In her study on directed-buying strategies, Moe (2003) shows that 

repeat viewing of a product within a session leads to higher conversion probabilities. We 

expect this higher conversion also holds when the repeat viewing occurs across sessions. 

Furthermore, when the customer evaluates the same product when switching from a more 

mobile to a less mobile device, the ease of information collection with the mobile device 

(Deloitte 2013; Lee, Kim, and Kim 2005), in combination with the additional security of the 

less mobile device (Chin et al. 2012), is likely to increase the impact of device switching on 

conversion. In other words, customers who view the same product on different devices are 

likely to progress further on the path to purchase, and device switching is a consequence of 

their objective to reduce risk and inconvenience costs. Thus: 

H4: The increase in conversion rate when going from a more mobile to a less 

mobile device is higher when customers view the same product in the current session 

as in the previous session. 

We expect that the positive effect of device switching on conversion when customers 

evaluate the same product in subsequent sessions is stronger when these sessions are close to 

each other in time. In this case, the advantages the more mobile device offers for better and 

quicker information search is better transferred to the less mobile device in terms of reducing 

risk in completing the transaction. In other words, when sessions are farther apart in time, the 

customer is more likely to have forgotten the previous information, which will reduce the 

advantage of switching from a more mobile to a less mobile device. Thus, continuing on the 

path to purchase for the given product while switching devices indicates the customer’s desire 

to consummate the purchase. When consecutive sessions are closer in time, customers are 

more likely to complete the purchase. 

H5: The increase in conversion rate when going from a more mobile to a less 

mobile device when the customer views the same product is higher when the sessions 

are closer to each other in time. 

Finally, we expect that the positive effect of device switching on conversion when 

customers evaluate the same product in subsequent sessions is stronger when the product is 

more expensive. Wu and Wang (2005) show the importance of both good information search 

and risk reduction for more expensive products. Therefore, customers have a bigger 

advantage and reduce risk of buying a wrong product when switching from a more mobile 

device (which offers the opportunity of quick and easily accessible information search) to a 
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less mobile device, which offers greater (perceived) security, when looking to purchase more 

expensive products because of the higher perceived risks for high-priced goods. Thus: 

H6: The increase in conversion rate when going from a more mobile to a less 

mobile device is higher when the same product the customer views is higher in price.  

4.4. Data Description and Variable Operationalization 

We used individual-level clickstream data of a large European online retailer. The data 

period ranged from December 20 2011, to October 31 2012 (i.e., 317 days). The retailer sells 

a total of 139,240 different products, ranging from fashion, to electronics, to gardening, to 

beauty. For the study, we used observations from customers who engaged in at least two 

sessions, which is needed to determine how the previous session influenced the current 

session. The online retailer defines a session as one consecutive period in which the customer 

is active on the website. A sessions starts when the customer enters the online retailer’s 

website and ends when the customer actively leaves the website or when the customer is 

inactive (i.e. hasn’t visited a new page on the retailer’s website or hasn’t clicked on a link on 

the website) for more than 30 minutes. In our study we used data only from registered 

customers; it was not possible to capture device switching of unregistered users and 

registration is necessary to make a purchase. Additionally, we are only interested in 

subsequent sessions that belonged to the same “customer journey.” If for example a customer 

had one session where (s)he only viewed electronics and in the next session the same 

customer only looks at clothing, the two sessions are not considered to belong to the same 

‘customer journey’. Thus, sessions in our final data set include those preceded by a session 

which contained at least one of the exact same products (SKUs) or the same broad product 

categories or a sessions that was “empty”, i.e. a session in which a customer did not view a 

specific product or product category, thus indicating that the purpose of the session was to 

simply explore the online retailer.  

Table 4-2 provides an overview of the steps we went through to get to the final dataset. 

In the first step we have deleted all observations by non-registered customers, as mentioned 

earlier. One thing that can be observed in Table 4-2 is that in the first session of each journey, 

i.e. the session we cannot use to test the impact of device switching, smartphones have 

actually a reasonably high conversion rate. Smartphones can thus be effective in terms of 

directly leading to conversions, as long as it is a short (one session) journey, otherwise the 

direct (last-click) conversion of smartphones is substantially lower than that of other devices. 

 



 

Table 4-2: Procedure to come to the final dataset 

 Amount of sessions (% of full dataset) Conversion 

 Total Fixed Tablet Smartph. Total Fixed Tablet Smartph. 

1. Full dataset 9,983,409 

(100.0%) 

8,402,023 

(100.0%) 

845,911 

(100.0%) 

735,475 

(100.0%) 

3.8% 4.1% 3.4% 1.2% 

2. - Only registered/identified customers 5,126,824 

(51.4%) 

4,452,720 

(53.0%) 

476,552 

(56.3%) 

197,552 

(26.9%) 

6.8% 7.0% 5.7% 4.3% 

3. - At least two sessions in same journey 3,251,023 

(32.6%) 

2,820,998 

(33.6%) 

297,491 

(35.2%) 

132,534 

(18.0%) 

8.5% 8.9% 7.3% 4.5% 

4. - only first sessions journey 939,680 

(9.4%) 

809,169 

(9.6%) 

93,610 

(11.1%) 

36,901 

(5.0%) 

7.5% 7.6% 6.4% 6.2% 

5. - excluding first sessions (final sample) 2,311,343 

(23.2%) 

2,011,829 

(23.9%) 

203,881 

(24.1%) 

95,633 

(13.0%) 

9.0% 9.4% 7.6% 3.9% 
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Table 4-3: Descriptive Statistics of Sessions (N = 2,311,343 Sessions) 

Variable Summary Statistics 

Current device Fixed (87.0%), tablet (8.8%), smartphone (4.1%)  

Previous device Fixed (87.5%), tablet (8.9%), smartphone (3.6%) 

Conversion Yes (9.0%), no (91.0%) 

Shopping basket Yes (23.1%), no (76.9%) 

Product session Yes (54.7%), no (45.3%) 

Same SKU as prev. Yes (6.8%), no (93.2%) 

  M Median SD Minimum Maximum 

Days since prev. session 4.71 1 13.54 0 312 

Product price in euros 

(if product session = 

yes) 

122.22 49.26 218.54 0 8,982 

 

The final sample included 170,763 customers who engaged in 2,311,343 usable 

sessions. For each session, we have detailed information on which device customers used to 

visit the website, which pages they viewed during each session, which products they bought 

and at what price, and so on. Table 4-3 provides descriptive statistics on the session level. As 

the table shows, customers conducted the vast majority of sessions on a fixed device, with a 

mean conversion rate of 9.0% across all sessions. In 23.1% of the sessions, customers put 

something in their shopping basket; in 54.7% of the cases, they evaluated a product; and in 

6.8% of the cases, they evaluated the same SKU as in the previous session.  

 

Table 4-4: Descriptive Statistics per Device (N = 2,311,343 Sessions) 

 
Fixed Tablet Smartphone 

Session 2,011,829 203,881 95,633 

Previous fixed 1,971,956 (98.0%) 30,132 (14.8%) 19,895 (20.8%) 

Previous tablet 30,007 (1.5%) 172,290 (84.5%) 1,459 (1.5%) 

Previous smartphone 9,866 (.5%) 2,841 (1.4%) 72,897 (76.2%) 

Pages/session 19.91 18.35 7.82 

Info pages/session .13 (.7% of total) .10 (.5% of total) .82 (10.5% of total) 

Search pages/session .67 (3.4% of total) .59 (3.2% of total) .43 (5.5% of total) 

Product category pages/session 13.57 (68.2% of total) 12.31 (67.1% of total) 4.62 (59.1% of total) 

Product pages/session 4.69 (23.6% of total) 4.60 (25.1% of total) .77 (9.8% of total) 

Shopping basket 23.7% 22.7% 12.8% 

Conversion 9.4% 7.6% 3.8% 

Basket/conversion rate 2.53 2.97 3.34 

 

When splitting up the sessions by device used, as we do in Table 4-4, we show that 

customers were likely to continue using the same device in subsequent sessions rather than 
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switching. In line with other retailers (Chaffey 2015), the conversion rate was highest for 

fixed devices, followed by tablets and then smartphones. Furthermore, the basket-to-

conversion rate (i.e. the amount of sessions with at least one product put into the shopping 

basket divided by the amount of sessions with at least one product purchased) was highest for 

smartphones and lowest for fixed devices (i.e., a higher shopping cart abandonment rate for 

mobile devices). This can be a first indication that consumers use these more mobile devices 

more to search for information and store products in the shopping basket, while they use the 

less mobile devices relatively more to make actual purchases. That the smartphone is used 

more to search for information can also be seen in Table 4-4; the sessions on this device are 

shorter in terms of amount of pages viewed, but relatively more search pages are used (i.e. the 

search tool from the online retailer to get an overview of the different products that fit the 

search query). Also more information pages related to the online retailer itself (e.g. frequently 

asked questions, shipping policy, and terms of conditions) are viewed on the smartphone. For 

fixed devices and tablets product category pages are visited relatively more, but the biggest 

difference can be found in the amount of product pages viewed compared to smartphone 

sessions. This is again provides some further indication in line with what we expect; the 

deeper in the funnel the customer is, the more likely (s)he will use a less mobile device. 

Figure 4-2 provides information on the day of the week customers used the devices. 

Customers used the tablet significantly more on Sundays and smartphones and fixed devices 

relatively more during the week. We controlled for day of the week in our model because this 

can influence both device switching and conversion. The day of the week can also serve as a 

rough proxy for the location of the customer (e.g., at work, at home). 

 

Figure 4-2: Share of Weekly Traffic for Each Device per Day 
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In addition to the device, the type of website may influence the conversion. The 

retailer has both a regular and a mobile version of the website, of which the latter is optimized 

for smaller screens. In terms of the products offered, prices, and promotions, the two websites 

do not differ from each other. As Table 4-5 shows, only smartphone sessions are extensively 

conducted on both the regular and mobile websites, while the vast majority of sessions on the 

tablet and fixed device took place on the regular website. The conversion for smartphone did 

not differ significantly between the two websites; thus, the type of website does not drive the 

lower conversion of smartphone sessions. For tablets, the difference is also not statistically 

significant. For the fixed device, we find a significant lower conversion for the mobile 

website than the fixed website, which likely is due to the customer visiting the mobile version 

of the site by accident (e.g. by clicking on a link to the mobile version of the website). 

Therefore, we also need to control for type of website in our model. 

 

Table 4-5: Difference Between Regular and Mobile Website 

 Fixed Tablet Smartphone 

Regular website 
n = 2,004,931 

conversion = 9.38%
**

 

n = 203,337 

conversion = 7.63%
 n.s.

 

n = 42,914 

conversion = 3.86%
 n.s.

 

Mobile website 
n = 6,898 

conversion = 3.49%
**

 

n = 544 

conversion = 6.07%
 n.s.

 

n = 52,719 

conversion = 3.84%
 n.s.

 
**

 Significantly (p < .01) different from same device but other version of the website. 
n.s.

 Not significantly (p > .05) different from same device but other version of the website. 

 

4.5. Model-Free Evidence 

Strong preliminary evidence indicates that the research-shopper phenomenon 

(Verhoef, Neslin, and Vroomen 2007) exists from the device perspective; customers often use 

mobile devices to search for information and then switch to fixed devices to finalize the 

purchase. As Figure 4-3 shows, a high percentage of customers (17.2% and 24.9%) switched 

from the mobile device to the fixed device to make a purchase, while only a small percentage 

(2.8% and 2.7%) switched the other way round. 
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Figure 4-3: Mobile Devices More Frequently Used in Sessions Before Purchase 

 

 

Regarding the impact of device switching on conversion, Figure 4-4 shows that the 

conversion rate per device is highly dependent on the previous device used. That is, when 

consumers used a more mobile device in the previous session, the conversion rate was 

significantly higher, in support of H1. For example, given the previous session has been on a 

fixed device, then the probability of converting if the customer comes back on the fixed 

device is 9.3%. If the last session was however on a tablet or smartphone, the probability of 

converting on the fixed device is significantly higher at 14.3% and 11.2% respectively. The 

same situation applies when customers switched from a smartphone to a tablet, with a 

significantly higher conversion than when customers used the tablet or a fixed device in the 

previous session. Furthermore, when customers switched from a less mobile device to the 

smartphone, the conversion was lower than when they already used the smartphone in the 

previous session. For the tablet, the effect of switching from a less mobile device is the other 

way around. This result may be due to customer heterogeneity (e.g., a segment of customers 

using one device), which we will need to control for. 
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Figure 4-4: Device Switching Effect 

 

 

When we control for the number of sessions, the conversion rate is significantly higher 

for cross device customers than for customers who used only one device to visit the website 

(see Figure 4-5). Customers who had, for example, ten sessions split over multiple devices 

had a 19.7% higher conversion rate than customers who used fixed device for all ten sessions. 

The conversion rate of these cross device users was double that of users who used a tablet or a 

smartphone for all ten sessions. Initial evidence suggests that demographic differences are not 

driving these different conversion rates; rather, controlling for demographic differences makes 

these differences in conversion even stronger. Thus, we find that mobile and fixed devices 

strengthen each other and that there is indeed a positive interaction between the different 

devices used. This is in line with findings in the multichannel literature, namely that 

customers who use multiple channels are better connected with the firm and are therefore 

more valuable (Kumar and Venkatesan 2005). 
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Figure 4-5: Cross device Users Have Significant Higher Conversion Rates 

 

 

4.6. Model 

We model the impact of device switching using a three-equation simultaneous model; 

we estimate the model using three-stage least squares, similar to the model Verhoef, Neslin, 

and Vroomen (2007) use. In the first part of the model, we explain the device choice per 

session. The model includes the device used in the previous session, variables pertaining to 

device choice only (X), variables pertaining to device choice and conversion (Z), and control 

variables (V). Because we have three possible outcomes—namely, a fixed device, a tablet, or 

a smartphone, we use a multinomial probit model, with the fixed device as the base case. In 

the second part of the model, we predict whether the customer purchases anything or not in a 

given session. This model includes the device used, the switching between devices (from a 

more mobile to a less mobile device, and vice versa), variables pertaining to conversion only 

(W), variables pertaining to device choice and conversion (Z), and control variables (V). 

Given that purchase is binomial, we use a probit model for this second stage. Equations (4.1) 

and (4.2) illustrate both parts, respectively. 

 

𝑈𝑑𝑒𝑣𝑖𝑐𝑒𝑘,𝑖,𝑠 = 𝛼𝑘
𝑑 + ∑ 𝛽𝑘𝑞

𝑑 𝑋𝑖,𝑠,𝑞𝑞 + ∑ 𝛿𝑘𝑞
𝑑 𝑍𝑖,𝑠,𝑞𝑞 + ∑ 𝜙𝑘𝑒

𝑑 𝑉𝑖,𝑠𝑒 + 휀𝑘,𝑖,𝑠
𝑑 , and  (4.1) 
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𝑈𝑐𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛𝑖,𝑠 = 𝛼𝑘
𝑐 + ∑ 𝛽𝑙

𝑐𝑊𝑖,𝑠𝑙 + 𝛾1
𝑐𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 + 𝜔1

𝑐𝑇𝑜𝑚𝑜𝑟𝑒𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 +

∑ 𝛿𝑘𝑞
𝑐 𝑍𝑖,𝑠,𝑞𝑞 + ∑ 𝛾𝑞+1

𝑐 𝑍𝑖,𝑠,𝑞𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠𝑞 + ∑ 𝜔𝑞+1
𝑐 𝑍𝑖,𝑠,𝑞𝑇𝑜𝑚𝑜𝑟𝑒𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠𝑞 +

∑ 𝜙𝑒
𝑐𝑉𝑖,𝑠,𝑒𝑒 + 휀𝑘,𝑖,𝑠

𝑐 ,  (4.2) 

where: 

𝑋𝑖,𝑠,𝑞 = The value of customer i in session s on device choice attribute q. 

𝑊𝑖,𝑠,𝑞 = The value of customer i in session s on conversion attribute q. 

𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 = A dummy variable indicating that customer i switched to a less 

mobile device in session s compared with session s – 1. 

𝑇𝑜𝑚𝑜𝑟𝑒𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠= A dummy variable indicating that customer i switched to a more 

mobile device in session s compared with session s – 1. 

𝑍𝑖,𝑠,𝑞 = The value of customer i in session s on device choice and 

conversion attribute q. 

𝑉𝑖,𝑠,𝑒 = The value of customer i in session s on device choice and 

conversion control attribute e. 

휀𝑘,𝑖,𝑠
𝑑 , 휀𝑘,𝑖,𝑠

𝑐  = Error terms assumed to follow a multivariate normal distribution. 

We assume that the errors are independent between subjects but 

correlated between equations. 

 



 

Table 4-6: Operationalization of Independent Variables 

X variables Operationalization M SD Min. Max. Transform Hyp. 

Urbanization Score indicating the urbanization of the address of the 

customer, ranging from 1 (“very high”) to 5 (“very low”) 

3.20 1.35 1 5   

Device_lag Dummy for device used in the previous session       

W variables Operationalization M SD Min. Max. Transform Hyp. 

Conversion_ly Percentage of conversion in the year before the data period .18 .30 0 1   

Device Dummy for device used in the current session       

Z variables Operationalization M SD Min. Max. Transform Hyp. 

Sessions_ly Number of sessions in the year before the data period 50.57 122.26 0 2158 Log(x+1) H2 

Time Days since November 1, 2011 209.51 90.05 49 365 Log((x+1)/365) H3 

Same_SKU Dummy indicating if the same SKU as in the previous 

session was viewed 

.19 .39 0 1  H4 

Time_prev. Days since the previous session 4.71 13.54 0 312 Log(x+1)  

Time_prev._same Days since the previous session in which the same SKU 

was viewed 

.45 3.10 0 301 Same_SKU* 

Time_prev._session 

H5 

Price_lag Mean price of products viewed in previous session 76.61 183.16 0 8982 Log(x+1), mean if 

no product viewed 

 

Price_lag_same Mean price of products viewed in both the current and 

previous session 

12.40 83.21 0 4999 Same_SKU* 

Price_lag 

H6 

Product_viewed Dummy indicating if a product was viewed in the current 

session 

.55 .50 0 1   

Product_viewed_lag Dummy indicating if a product was viewed in the previous 

session 

.62 .49 0 1   

Age Age of the customer on November 1, 2011 40.93 12.55 14 111   

Female Dummy indicating if the customer is a women .75 .43 0 1   

V variables Operationalization M SD Min. Max. Transform Hyp. 

Mobsite Dummy indicating if the session was on the mobile site .03 .16 0 1   

Day Six dummies indicating the day of the week       
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We define 𝑈𝑑𝑒𝑣𝑖𝑐𝑒𝑘,𝑖,𝑠 as customer i’s utility of choosing device k for session s and 

𝑈𝑐𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛𝑖,𝑠 as customer i’s utility of purchasing something in session s. Table 4-6 

provides a description of all the variables X, W, Z, and V. Before estimating the model, we 

mean-center the variables X, W, Z, and V, defining 𝛾1
𝑐 as the effect of switching to a less 

mobile device when all other variables have a mean value. For H1, we thus expect that the 

value of 𝛾1
𝑐 is significantly larger than zero. We test H2–H6 using the 𝛾𝑞+1

𝑐  parameters, as 

indicated in Table 4-6. To test for customer experience (H2), we use the number of sessions 

the customer had a year before the data collection (‘Sessions_ly’) as a proxy, as can be seen in 

Table 4-6 as well. To test for whether the effect of switching changes over time (H3), we 

include a time trend (‘Time’). For H4, we use a dummy variable that indicates if the customer 

evaluated the same SKU as in the previous session (‘Same_SKU’). Because customers who 

evaluated a product before are more likely to make a purchase in general, we control for 

product pages viewed in both the current (‘Product_viewed’) and previous sessions 

(‘Product_viewed_lag’). Table 4-6 provides all the details on the variables’ operationalization 

and transformation. 

Given potential customer endogeneity in terms of device to use and when to switch 

(e.g., forward-looking behavior), we allow the errors of Equations (4.1) and (4.2) to be 

correlated (see Verhoef, Neslin, and Vroomen 2007). In both equations, we use clustered 

errors to account for the cases in which there are multiple sessions per customer.  

4.7. Results 

Table 4-7 shows the parameter estimates of Equation (4.2). Appendix 4.A. of this 

article presents an overview of the parameter estimates for Equation (4.1), which is not of our 

central focus. Because we mean-centered the variables, the main effects in Table 4-7 are the 

derived effects when the other variables have a mean value. The constant is the estimate when 

someone uses two times in a row a fixed device, the parameter for Tablet (Smartph.) is the 

deviation of this when someone uses two times in a row a tablet (smartphone). The estimate 

for ‘To_less_mobile’ is how someone going from a more mobile to a less mobile device 

deviates from these baseline effects in terms of conversion. In line with H1, and as already 

shown in our model-free evidence, this effect is positive (𝛾 = .178, p = .000); that is, the 

conversion rate of the current session is higher when the previous session occurred on a more 

mobile device, while keeping all other variables at the mean value. Thus, H1 is supported. 
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Table 4-7: Parameter Estimates Conversion Equation (N = 2,311,343, pseudo-R² 

= .133) 

 Coef. Error p-value Expected 

Constant -1.436 .005 .000  

Conversion_ly .246 .008 .000  

Tablet -.110 .011 .000  

Smartph. -.217 .026 .000  

To_less_mobile .178 .018 .000 H1: + 

To_more_mobile -.142 .022 .000  

Sessions_ly -.050 .002 .000  

Sessions_ly × Tablet .017 .004 .000  

Sessions_ly × Smartph. .029 .007 .000  

Sessions_ly × to_less_mobile -.012 .006 .020 H2: - 

Sessions_ly × to_more_mobile .004 .007 .621  

Time .053 .003 .000  

Time × Tablet -.022 .012 .068  

Time × Smartph. -.034 .020 .093  

Time × to_less_mobile -.076 .020 .000 H3: - 

Time × to_more_mobile .017 .025 .491  

Same_SKU .388 .006 .000  

Same_SKU × Tablet -.035 .019 .069  

Same_SKU × Smartph. -.210 .049 .000  

Same_SKU × to_less_mobile .103 .033 .001 H4: + 

Same_SKU × to_more_mobile .162 .042 .000  

Time_prev. .042 .002 .000  

Time_prev. × Tablet -.018 .005 .001  

Time_prev. × Smartph. -.016 .010 .135  

Time_prev. × to_less_mobile -.034 .009 .000  

Time_prev. × to_more_mobile .069 .010 .000  

Time_prev._same -.007 .003 .042  

Time_prev._same × Tablet .070 .012 .000  

Time_prev._same × Smartph. .018 .036 .604  

Time_prev._same × to_less_mobile -.070 .023 .001 H5: - 

Time_prev._same × to_more_mobile .005 .026 .843  

Price_lag -.106 .002 .000  

Price_lag × Tablet -.008 .007 .272  

Price_lag × Smartph. .022 .016 .163  

Price_lag × to_less_mobile -.013 .012 .296  

Price_lag × to_more_mobile .034 .014 .017  

Price_lag_same -.098 .003 .000  

Price_lag_same × Tablet .004 .011 .720  

Price_lag_same × Smartph. .003 .025 .908  

Price_lag_same × to_less_mobile .030 .019 .055 H6: + 
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Price_lag_same × to_more_mobile -.049 .024 .040  

Product_viewed 1.019 .005 .000  

Product_viewed × Tablet -.130 .016 .000  

Product_viewed × Smartph. -.062 .032 .057  

Product_viewed × to_less_mobile .305 .029 .000  

Product_viewed × to_more_mobile .436 .034 .000  

Product_viewed_lag .262 .005 .000  

Product_viewed_lag × Tablet .018 .017 .278  

Product_viewed_lag × Smartph. -.039 .038 .297  

Product_viewed_lag × to_less_mobile -.064 .028 .024  

Product_viewed_lag × to_more_mobile -.228 .034 .000  

Age -.003 .000 .000  

Age × Tablet -.003 .001 .000  

Age × Smartph. .001 .001 .531  

Age × to_less_mobile .002 .001 .018  

Age × to_more_mobile .001 .001 .273  

Female .023 .006 .000  

Female × Tablet -.045 .018 .014  

Female × Smartph. .006 .027 .835  

Female × to_less_mobile .008 .025 .757  

Female × to_more_mobile .009 .029 .755  

Mobile_site .575 .018 .000  

Tuesday .002 .005 .732  

Wednesday .047 .004 .000  

Thursday .032 .005 .000  

Friday .015 .005 .001  

Saturday -.104 .005 .000  

Sunday -.030 .005 .000  

Note: Hypothesized effects are in bold
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Though not explicitly hypothesized, Table 4-7 also shows that when customers switch 

from a less mobile to a more mobile device, the conversion probabilities decrease (𝛾 = –.142, 

= .000). As hypothesized, the effect of device switching on conversion is lower for customers 

who are more experienced with the online retailer in terms of the number of sessions (𝛾 = –

.012, p = .020), in support of H2. So the switching between devices has less strong 

consequences for customers who have more experience with the online retailer. One potential 

explanation is that they already know the structure of the website and trust the online retailer 

more, making the advantages of the different devices in the different phases in the path to 

purchase less important for these customers. In accordance with H3, the effect of device 

switching on conversion decreases over time (𝛾 = –.076, p = .000). Over time, people in 

general become more experienced with the different devices, and furthermore the capabilities 

of the different devices increases due to technical advances, again making advantages of the 

different devices in the path to purchase less important. The effect of device switching is 

stronger when the customer evaluates the same SKU in two subsequent sessions (𝛾 = .103, p 

= .001), which is an indicator that the customer is indeed progressing in the path to purchase. 

With this, H4 is also supported. This effect of evaluating the same SKU is even more so when 

the sessions are closer to each other in time (𝛾 = –.070, p = .001; i.e., weaker when there is 

more time between the two sessions). Potentially, this is because customers can still fully 

remember the information they collected on one device and take this information with them to 

the session on the device that is more suitable to finish the path to purchase (i.e. the less 

mobile device). With that H5 can also be supported. Finally, the effect of evaluating the same 

SKU is even stronger when this product is more expensive (𝛾 = .030, p = .055; i.e. significant 

at the 10% level). Reason for this could be that for more expensive products, the risks are 

higher and thus a device with a higher (perceived) security (i.e. the less mobile device) has 

even stronger advantages. Thus H6 is weakly supported. 

In addition to the hypothesized effects we can also investigate some of the other 

findings from Table 4-7. One interesting finding is that the impact of switching to a less 

mobile device on conversion is stronger for older (in age) customers (𝛾 = .002, p = .018). This 

finding makes sense when we look at the line of reasoning of our hypotheses. It is likely that 

older customers are less experienced with mobile technology than younger customers (Smith 

2012), and are because of that more risk averse, similar to less experienced customers. This 

finding thus is something that could be expected. For gender we do however see no 

significant difference. Furthermore we can see that the conversion, when everything else is 

constant, is higher on the mobile version of the website. This could be because, in the case of 
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smartphone (where this device is especially used as we already see in Table 4-5), this website 

is optimized for smaller screens and takes away some of the disadvantages when working on 

the smaller screen. Finally we can see that the conversion is higher on weekdays than in the 

weekend, which could be because of the location of the customer and/or the time they need or 

want the product. This underlines the importance of controlling for day of the week and the 

type of website. 

4.8. Robustness Checks 

As a first robustness check, we estimated the same model, but instead of predicting 

device choice in Equation (4.1), we predict device switching (i.e., 𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 and 

𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 variables; the same device is the base case). The results of the conversion 

equation are consistent with our previous results. In terms of our estimates of interest in 

Equation (4.2) (i.e., the hypothesized effects), no changes in terms of significance occurred 

and all estimates are similar in magnitude. Thus, the results we found are robust in this 

respect, as can also be seen in Appendix 4.B. As a second robustness check, we estimated the 

same model, but also included whether the customers already switched between devices in the 

previous session (i.e., we look back and add one additional lag and take a longer-term 

perspective of the path to purchase). The main findings are again consistent. In terms of our 

estimates of interest in Equation (4.2) (i.e., the hypothesized effects), in most cases the effect 

is distributed across the two lagged periods. Switching to a less mobile device has both a 

direct effect (γ = .107, p = .000) and a positive effect if switching already happened in the 

previous session (γ = .128, p = .000). For all our hypothesized variables, the effect of 

switching to a less mobile device is immediately significant and/or lagged significant. Thus, 

the findings are also robust when including an additional lag, for which all estimates can be 

found in Appendix 4.C.. As a third robustness check, we split the 𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 and 

𝑇𝑜𝑙𝑒𝑠𝑠𝑚𝑜𝑏𝑖𝑙𝑒𝑖,𝑠 variables to account for the specific device customers used in the previous 

session. The main findings are also consistent in this case. In line with H1, switching from a 

more mobile to a less mobile device increases the conversion rate. This holds for all possible 

switching patterns under H1—that is, from a tablet to a fixed device (γ = .161, p = .000), from 

a smartphone to a fixed device (γ = .186, p = .000), and from a smartphone to a tablet (γ = 

.376, p = .000). For the other hypothesized variables, we find that in at least one of the three 

combinations, switching to a less mobile device leads to a significantly higher conversion. 

Thus, the results are robust even when we split up the switching behavior. For full details, see 

Appendix 4.D.  
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A final robustness check that we have performed, which can be found in Appendix 

4.E., is only using observations from customers who have used all three different devices in 

their path to purchase. What we can already see in Table 4-2 is that the relative number of 

sessions on smartphones by registered customers (i.e. customers we can identify) is low, with 

only 26.9% compared to 53.0% for fixed devices and even 56.3% for tablets. This brings us to 

one limitation, namely that we cannot be certain that we correctly capture every session of a 

customer. That is, we cannot tie customers to sessions in which they did not log in with their 

user ID and there is also no other way to identify that it’s that specific customer (e.g., they did 

not click on a personalized link in an e-mail). This is a problem even with the best methods 

available in industry to reconcile cross device usage of customers – probabilistic matching 

and deterministic matching. The matching rates vary around 50-70% based on application 

contexts (Schiff 2015). These limitations might lead to underestimation of the effects of 

device switching, since we might not capture all devices a customer is using to go to the 

online retailer. So in reality a customer might have used this device but it might not be 

correctly identified, in which case we do not observe this device switching and with that 

underestimate the actual degree of device switching. An advantage of using this subsample of 

customers who have used all three devices is that we have correctly identified all devices by 

these customers. A downside is that only a very limited amount of (very active) customers 

have used all devices, which is a group of customer that is not completely representative for 

the whole customer base in terms of demographics; this subsample is younger given the 

average age of 35.9 years compared to 40.2 years for the complete sample and contains 

somewhat more females with respectively 73.6% and 70.7% respectively. Furthermore this 

subsample of customers is more loyal to the online retailer with in average 24.9 sessions in 

the previous year compared to 14.8 sessions in the previous year for the average customer in 

the complete sample. By focusing on this much more restricted subsample, the amount of 

usable observations drops by 93.5% (from 2,311,343 to 149,246 observations), making it 

much harder to find significant effects in such a complex model with many interactions. In 

terms of our estimates of interest in Equation (4.2), the main effect is still significant and 

comparable in magnitude to the full model (𝛾 = .116, p = .001) despite the drop in 

observations and focusing on this very specific subsample of customers. The main effect as 

per H1 is in this case still highly significant. All the other hypothesized parameters are in the 

hypothesized direction and most are comparable in magnitude to the parameters in the full 

model, but due to dropping 93.5% of the observations they are not significant at the .05 level 

anymore. H4 is however significant at the .10 significance level, and H5 is close to that 
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(p=.102). So the results also are robust for this specific subsample of customers who used all 

three devices in the data period, and the main effect is very strong in terms of significance. 

Due to a vast decrease in observations the two- and three-way interactions are harder to 

detect. All in all, these four robustness checks show that our results are very robust. 

4.9. Simulation 

Since the parameters are from variables measured on different scales and given the 

many interactions in our model, we want to clearly demonstrate how strong the impact of 

device switching on conversion is in different scenarios. It is not only important that the 

effects are statistically significant, but also managerially substantive, which can be considered 

as at least as important (Sawyer and Peter 1983). Therefore, we have performed a simulation 

using the parameters estimates from Table 4-7. In the simulation, we investigate the effect of 

device switching (to more/less mobile) by incorporating different scenarios with respect to the 

experience of the customer with the online website in terms of the amount of sessions in the 

previous year (5 vs. 50 sessions), if the customer has looked at the same SKU or at a different 

product (same vs. different), and the price of the product (50 vs. 500). With this, we can show 

what the critical moments in the customer journey are with respect to device switching and 

how large the increases in conversion probabilities are. This information can help online 

retailers decide when in the path to purchase could best be (re)targeted.  



 

Table 4-8: Conversion Probabilities Scenarios 

Condition Condition change More Mobile 

Device 

Same Device Less Mobile 

Device 

Customer with 50 sessions, retarget 

with the same SKU of €50 

Baseline 
11.9% (-23.2%) 15.6% (.0%) 31.5% (102.4%) 

Customer with 5 sessions, retarget 

with the same SKU of €50 

Less experienced 
12.7% (-26.7%) 17.3% (.0%) 36.3% (110.0%) 

Customer with 50 sessions, retarget 

with a different SKU of €50 

Different SKU/product 
8.3% (-34.2%) 12.6% (.0%) 23.6% (87.1%) 

Customer with 50 sessions, retarget 

with the same SKU of €500 

Higher priced 
5.2% (-23.2%) 6.8% (.0%) 18.1% (166.2%) 

Note: The change in conversion relative to using the same device appears in parentheses. The change from the baseline condition is underlined and italic. 
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In this example, we assume that the customer chooses his tablet to evaluate a product 

on the retailer website. The customer can come back to the online retailer on the same device, 

a more mobile device (i.e., a smartphone), or a less mobile device (i.e., a fixed device). Table 

4-8 provides the conversion probabilities from this simulation study. The conversion rates in 

all scenarios are higher when the customer comes back to a less mobile device. In these 

scenarios, the conversion probabilities increase by 87.1%–166.2% when the customer 

switches a less mobile device. This is especially the case when the product is expensive, in 

line with H6, but the difference is less strong when the customer evaluates a different product 

(not per se in the same product category), in line with H4. This information can help retailers 

decide when and on which device to (re)target customers and aid them through their journey 

by optimizing across device services (e.g., shared shopping baskets across devices). 

4.10. Managerial Implications 

In this study, we addressed two of MSI’s (2014) top-1 research priorities for 2014–

2016: “What new customer behaviors have emerged in a multi-media, multi-screen, and 

multi-channel environment?” and “How do social media and digital technology change 

customer experiences and the consumer path to purchase?” More specifically, we investigated 

the consequences of switching between mobile devices for the outcome of the customer 

journey. We based our study on theory and findings from the multichannel literature that 

indicate that mobile devices provide more flexibility in information search, while less mobile 

devices provide more convenience and security, which is highly beneficial in the purchase 

phase of the path to purchase. Our main findings are that: 

 Switching from a more mobile to a less mobile device increases the conversion 

probability. We explain this by the fact that more mobile devices are more 

ideal for customers to look up information (also found in our model-free 

evidence and data description), while less mobile devices are more ideal for to 

finalize a purchase because of the ease and higher perceived security.  

 This explanation is supported by our moderators; the effect of device switching 

on conversion is weaker for more experienced customers and decreases over 

time, in line with (perceived) risk reduction due to a higher familiarity with the 

online retailer and the different devices. 

 The effect of device switching on conversion is however stronger when the 

customer has evaluated the same SKU in two subsequent sessions, when the 

two sessions are close to each other in time, and when the product is more 
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expensive. This is because this is an indication that the customer is looking for 

additional information, is progressing through the path to purchase, and is in 

need of more (perceived) security which the less mobile device can provide. 

This is similar to what has been found in the multichannel literature, namely that some 

channels or better suited for information search, while some are more ideal to conduct a 

purchase (Verhoef, Neslin, and Vroomen 2007). For managers we have with these findings 

the following recommendations: 

 Do not be too concerned with the low conversion rate of mobile devices; 

rather, such a low conversion may indicate that the customer is not yet far 

along the online journey. Mobile devices are in fact of high value in the online 

customer journey; customers who use these devices together with fixed devices 

are significantly more valuable, in terms of conversion probabilities, than 

equally active single-device users. Mobile devices strengthen the fixed devices 

in terms of conversion, and therefore the credit of conversion should not be 

given to a single device. Therefore, we recommend that online retailers 

continue investing in mobile devices and also look further than last click (i.e. 

not only at the converting device but across devices in the overall path to 

purchase).  

 Mobile devices provide valuable information, which can help online retailers 

identify critical moments in the customer journey at which the conversion rates 

(more than) double, as we show in our simulation. A challenge will be to 

correctly identify which devices belong to which customers, so that they can 

track customers not only across sessions on one device but also across the 

different devices. Doing so would provide managers the opportunity to better 

(re)target and serve customers in the different stages of their path to purchase. 

With the recent availability of commercially available solutions to track 

customers’ across devices (both deterministic and probabilistic cross device 

tracking) such actions can be readily implemented. Our results suggest that 

retailers could try to re(target) customers for the same products they viewed on 

the mobile devices very soon after they viewed the product, and especially if 

the price of the product is high.  

 Since cross device users are more valuable than single device users, and since 

different devices can strengthen each other in the path to purchase, we 

recommend online retailers to better integrate customers’ cross device 
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experiences, to provide a better service experience. For example, retailers 

could employ one cross device shopping basket, which would help customers 

select products on one device and then purchase the products on a different 

device. After customers select certain products on the mobile device and come 

back to the fixed device, they could be forwarded automatically to the selected 

products, thus increasing the service and easing the purchase process. To 

increase the service even more, managers could better optimize the mobile 

platform for information search, so that the website structure fits the behavior 

of customers better. 

4.11. Limitations and Further Research 

One limitation of this study is that though we have controlled for device switching in a 

separate equation, most of our findings are mainly descriptive. Because customers do not 

randomly use a specific device, and because they can be forward looking in terms of how, 

when, and where to purchase, the effects we find are more correlational than causal. To 

overcome this limitation, further research could investigate the change in customers’ behavior 

when they adopt a mobile device using for instance a field or natural experiment to examine 

causality. Regardless, the descriptive findings are still useful to managers to understand the 

role of multiple devices in customers’ path to purchase.  

A second limitation, as we have shown in the data section, is that we might not have 

correctly identified all sessions across all devices for all customers. Especially sessions on 

smartphones can in a lower amount of cases be attributed to a specific (registered) customer. 

A reason for this is that some customers never logged in on this specific device, because since 

they don’t use the device to place an order the need to log in is also lower. As a consequence, 

these sessions are not registered in the customer’s path to purchase. Because of this, we might 

have underestimated switching from and to certain devices, which likely underestimates the 

real impact of device switching in the customer journey. This situation, however, is something 

that online retailers also must deal with in practice. Given our findings, better identifying 

which devices belong to which customers to fully observe their online journey is of greater 

importance. But as we have shown in Appendix 4.E., the size and sign of the effects, and the 

significance of the main effect, are significant for the subsample of customers who have been 

identified to have used all three devices in the data period.  

Third and finally, we did not have data on the location from which the customers used 

the different devices or the exact time of day. We only had the order in which the devices 
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were used, and we controlled for day of the week. However, location and time of day are 

important drivers of mobile conversion (Andrews et al. 2015; Luo et al. 2014) because both 

help explain when devices are used and when important switching moments may occur. 

Fourth, we observe customers only on the online retailer’s own website. Other websites 

customers visit, as well as offline store visits, can provide more information about the stages 

they are in and the role of different devices. For example, customers can use their mobile 

devices to look up product information on a price-comparison site while visiting a bricks-and-

mortar store and then revisit the retailer online on a fixed device for actual purchase. Having 

such rich information, including the customers’ location, would help shed light on the 

complete customer journey, but this is again something (online) retailers in practice 

oftentimes do not have and cannot base direct decisions on. 

 



 

Chapter 5 

 

5. General Discussion 
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Marketing departments are in general not very accountable, which has led to a steep 

decline in the influence of these departments. This does not only have negative consequence 

for the marketing department itself, but also for the overall firm performance (Verhoef and 

Leeflang 2009; Verhoef et al. 2011). In the three studies from this dissertation, we have 

looked from three different perspectives at the marketing accountability problem and have 

provided various insights and tools to help make marketing more accountable. In the first 

study, which is the second chapter of this dissertation, we have tested which Customer 

Feedback Metric (CFM) can best help firms in predicting customer retention, and how this 

differs depending on the industry and on the measurement level (i.e. individual customer- or 

overall firm performance). In the second study, which is the third chapter of this dissertation, 

we have taken one of the new challenges into account by investigating how traditional and 

new forms of advertising affect performance. We furthermore have demonstrated how this 

information on advertising effectiveness can be used to improve the (online) advertising 

budget allocation of a firm. In the third and final study, which is the fourth chapter of this 

dissertation, we have investigated how individual customers go through the online customer 

journey and what role different (mobile) devices play in this, both in terms of when customers 

switch between devices and what this switching behavior means for the outcome of the 

journey. In the next section we highlight the main findings from these three studies, and 

discuss the managerial implications of this. In the section after that we discuss directions for 

future research. 

5.1. Main findings and managerial implications 

In this section we highlight the main findings from our three empirical studies and 

indicate how managers can use these findings to improve the accountability of their marketing 

department. 

5.1.1. The predictive ability of different customer feedback metrics 

In the first study we have looked at which (combination of) CFM(s) can best be used 

to predict customer retention, and how this differs depending on the industry and the 

measurement level. For this we have first categorized the CFMS according to the time focus 

(past, present, or future) and whether the full scale of the CFM is used or whether the focus is 

only on the extremes (e.g., top-2-box customer satisfaction). In 2010 we have collected CFM 

data from a total of 6,649 respondents who have filled in a total of 8,924 firm evaluations for 

93 different firms across a total of 18 industries. Two years later, in 2012, we have asked the 

same respondents if they were still a customer at the firm. In total 1,308 persons responded to 
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this second survey, resulting in total in 1,375 firm responses for our outcome variable, 

customer retention. Using multi-level probit regression models, which control for potential 

self-selection bias of respondents in the second survey, we have investigated firm-, customer-, 

and industry-level effects simultaneously. Overall, we have found that the top-2-box customer 

satisfaction and the official Net Promotor Score (NPS) perform best in predicting customer 

retention. The main conclusion is thus that focusing on the extremes is preferable to using the 

full scale, and that, in contrast to previous studies who have used proxy variables to measure 

NPS (e.g. Morgan and Rego 2006; Keiningham, et al. 2007a; Keiningham, et al. 2007b), the 

official NPS is actually quite a good performance indicator. We however also find that the 

best CFM does differ depending on the industry and the unit of analysis (i.e., comparing 

customers or firms with one another), so the best CFM does depend on the setting. 

Furthermore, combining CFMs, i.e. simultaneously investigating multiple dimensions of the 

customer relationship, improves the predictions of customer retention even further. 

For managers this study implies that CFMs are useable for monitoring customer 

performance and can indeed be used as a tool to become more accountable. There is 

furthermore good news for the many firms that have implemented the NPS in their business, 

since the NPS is a good measure to monitor customers and can be seen as a key performance 

indicator. Despite this, tracking multiple CFMs, and thus create a dashboard of metrics, is 

preferable to improve predictions even further. Given that the best (combination of) CFMs 

does differ per industry and on what needs to be monitored (e.g. customer- or firm 

performance), we would like to recommend firms to explore in a similar fashion as we did 

which (combination of) CFMs is best for their specific situation, in order to create the most 

suiting dashboard of metrics. 

5.1.2. The effectiveness of different forms of online advertising 

With the internet, many new forms of online advertising have been introduced in the 

last one or two decades. Previous studies have mainly focused on specific advertising forms in 

isolation (e.g. Lambrecht and Tucker 2013; Skiera and Nabout 2013) and have offered little 

guidance for aggregate-level budget allocation decisions, which managers therefore typically 

base on simple rules such as last click attribution. In this study we have compared the 

effectiveness of nine forms of advertising, from which seven online and two offline, across 

five different product categories from one online retailer. We have investigated how these 

forms of advertising generate traffic, affect conversion, and contribute to revenue using 

structural vector autoregressive models and restricted impulse responses. We found that 
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content-integrated advertising, i.e. advertisements where the message is integrated in the 

editorial content of a medium, is the most effective, followed by content-separated advertising 

and firm-initiated advertising. Although the different forms of online advertising have similar 

power to drive traffic to the online retailer’s website, content integration dominates content 

separation in the area of progression toward purchase. Last-click attribution underestimates 

content-integrated activities and suggests online advertising budget allocations that yield 

10%–12% less revenue than the status quo, whereas the model’s proposed online advertising 

budget allocation yields a 21% revenue increase over the status quo.  

These results highlight the payoffs for firms that integrate content into online media, 

and the payoffs of using more sophisticated ways to measure the impact of marketing 

activities in order to become more accountable. We furthermore highly discourage firms to 

follow last click or other unfounded methods to make budget allocation decisions, in line with 

the recommendations from previous studies (e.g. Wiesel, Pauwels, and Arts 2011; Li and 

Kannan 2014). For advertising agencies and media outlets we furthermore would recommend 

to develop new ways of content integration in order to reduce the decreasing effectiveness of 

advertising, as found by Sethuraman, Tellis, and Briesch (2011). 

5.1.3. The role of mobile devices in the online customer journey 

In the last few years we have seen a rapid increase in the penetration of mobile 

devices, such as tablets and smartphones. Since these devices are used substantially to go 

online, it is likely that this has consequences for how customer behave online, including in the 

online customer journey. What we have however seen is that, although the amount of traffic 

from mobile devices has increased rapidly, the conversion is lagging much behind. We 

believe that this is not per se because traffic from mobile devices is less valuable for online 

retailers, but that this difference is mainly driven by customers using mobile devices in a 

different stage in their online journey. In the past, when customers only had online access 

through their pc and laptop, all stages of the online customer journey had to be taken on these 

fixed devices. Nowadays customers can however select which device to use in which stage, 

where the preferred device will depend on the characteristics most fitting for the specific stage 

in the journey. Mobile devices have the advantage of being more portable and can be started 

up in a split second, while fixed devices are perceived as more secure and are better suited to 

fill in longer forms and to make payments. In line with what can be expected, using 

clickstream data from a large online retailer, we have found that customers use mobile devices 

more frequently in the first stage of their journey, while switching to more fixed devices when 
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getting deeper in the purchase funnel. We furthermore have found that customers who go 

from a more mobile device to a less mobile device have a significantly higher conversion 

probability. This effect of switching on conversion is stronger in situations where there is 

higher perceived risk and the customer seeks for more certainty. 

Using information about device switching, critical moments in the online customer 

journey can be identified where the conversion rates are between 50% and 90% higher than 

when the customer keeps on using the same device. If an online retailer would not look at the 

complete online journey across devices, but only at the journey within one device, mobile 

traffic could be identified as not valuable and not worth investing in. When looking at the 

complete journey, and knowing that the mobile device is in many cases the starting point of a 

successful journey (i.e. leading to conversion), this may shift the perception of mobile traffic 

by online retailers. Thus although it can be hard to correctly identify which devices belong to 

the same customer, when a firm is able to achieve this the pay-off in terms of being able to 

better identify critical moments in the online customer journey can be very high. This 

information can be used to better serve and target customers at the right moment in their 

journey.  

5.2. Outlook to the future 

In this dissertation we have investigated the marketing accountability problem in the 

21
st
 century from three different perspectives, which has provided useful insights for both 

academics as well as practitioners. In all the three research areas there is however still much 

room for future research, which will be discussed in this final section of this dissertation. 

5.2.1. Future research customer feedback metrics 

In our first study we have tested how useable different CFMs are for different 

industries to predict customer retention. Knowing what the impact of CFMs is on customer- 

and firm performance can help managers to make the marketing department more 

accountable. In our study we have provided valuable insights in this, however more research 

is needed to improve the usability of CMFs even further. First of all, our research only 

focused on the impact that the CFMs have on customer retention. Although customer 

retention is one of the key components of customer equity (Rust, Lemon, and Zeithaml 2004), 

which in turn has an almost one-on-one relationship with firm value (Gupta, Lehmann, and 

Stuart 2004; Rust, Zeithaml, and Lemon 2000), other important components of customer- and 

firm performance may be influenced differently by different CFMs. Examples of other 
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components of customer equity are customer revenue, profitability, up- and cross buying, and 

customer acquisition. Given the different underlying dimensions of the CFMs, the effect of 

CFMs may be different for each component of customer equity. To give an example, the NPS 

could have a higher impact on customer acquisition than customer satisfaction, since NPS 

provides information about how many customers are actually promoting the firm which can 

be very useful for attracting new customers. When splitting up customer equity in the separate 

underlying components, for instance by using the framework by Gupta, Lehmann, and Stuart 

(2004), and investigating how different CFMs influence each individual component, we can 

get a better understanding why and how CFMs actually influence overall firm performance 

and firm value as found in previous studies (e.g. Gruca and Rego 2005; Morgan and Rego 

2006; Rego, Morgan, and Fornell 2013). This can furthermore help in deciding which CFMs 

should be included in the dashboard, and in understanding what information each CFM 

actually provides to managers. 

Although in our study we have provided insights in what the most important CFMs are 

per industry for predicting customer retention, managing these CFMs to actually improve 

customer retention and overall firm performance is a whole different story. Already a wide 

range of firms use CFMs in practice (Bain & Co. 2013), and next to our study also other 

studies have demonstrated the usability of these CFMs to measure the impact of marketing 

(Gupta and Zeithaml 2006; Hanssens, Pauwels, Srinivasan, Vanhuele, and Yildirim 2014; 

Srinivasan, Vanhuele and Pauwels 2010), but actually steering these CFMs and use them as a 

managerial tool is not yet studied. A future study could therefore empirically investigate the 

process from CFM selection, validation, implementation and management, and test how 

valuable working with these CFMs can actually be in practice for firms, i.e. going from CFMs 

as a monitoring tool to CFMs as a steering tool. 

5.2.2. Future research attribution question 

In our second study we have investigated the effectiveness of a wide range of on- and 

offline advertising forms for five different product categories at an online retailer. With this 

we have shown which advertising forms are most effective, why they are most effective (e.g. 

more visitors or more profitable visitors), when the effect occurs, and how managers can use 

this information to optimize their (online) advertising budget allocation. Although this is very 

helpful to make marketing more accountable in the digitalizing world, also in this field there 

is still much room left for future research. First of all, our study focuses on aggregated time 

series data, which can be very useful for deciding how much to spend on which advertising 
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form, but the actual funnel progression does however occur at the individual customer level. 

Given the rich data being available today, including clickstream data, tracking customers 

individually can help solve the attribution problem. Examples of studies that have looked at 

this individual level attribution are Li and Kannan (2014) and Anderl, Becker, Wangenheim, 

and Schumann (2014), who propose new attribution models which managers could use to 

replace last-click methods. A problem that remains is that it is very much uncertain how 

accurate these new models are in real life. Li and Kannan (2014) do perform a small scale 

field experiment in which they put pay search completely off for a week to validate the 

robustness of the results of their model. In real life it remains however very difficult to fully 

test and compare these different attribution models, especially on an individual customer level 

(e.g. are these models correct in terms of who to target and who not in a given situation?). 

With the new development of real-time bidding, in which companies can bid on individual 

customer advertisement exposure, it could become possible to run more extensive field 

experiments in which the different attributions methods can be compared with each other. 

Doing such research can demonstrate how accurate the different attribution methods actually 

are, and provide managers with the right tools to become truly accountable with respect to 

online advertising. 

Another direction for future research on online attribution, which has also explicitly 

been stated in the challenges for marketing in the 21
st
 century by Leeflang, Verhoef, 

Dahlström, and Freundt (2013), is related to social media websites. People are spending more 

and more time on social media websites; more than half of the total time spent on media 

occurs online, from which 28% of the time is spent on social networking sites (Global Web 

Index 2014). Most marketing studies on social media investigate this phenomenon by looking 

at how valuable a ‘follower’, ‘post’, ‘like’ or ‘retweet’ is (e.g. Trusov, Bucklin, and Pauwels 

2009; Stephen and Galak 2012), the role these new media play in the online customer journey 

is however very much unknown. Given the large amounts of time spend on these media, and 

many firms being active on social media websites, these ‘touch points’ with the firm could be 

compared to other online touch points to find out the relative value of social media in the 

online customer journey. This can help managers to better understand how valuable social 

presence actually is, and how much of the budget should be allocated to this. 

5.2.3. Future research mobile devices 

In the third and final study of this dissertation we have investigated the drivers and 

consequences of device switching in the online customer journey. With this we have taken a 
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first look at the role these different devices play in this journey and provided some valuable 

insights on critical moments in the journey when it comes to device switching. Still many 

questions are left unanswered when it comes to the role of mobile devices in the (online) 

customer journey, leaving a large area for future research. A first topic for future research is 

to explore what consequences adopting new devices actually have for the customer’s online 

journey, i.e. does it actually change a customer’s journey or is it just that the customer now 

has devices which are better suited for the different stages in the journey. A potential way this 

can be researched is through a natural experiment, i.e. when customers bought their first 

mobile device, did they also start using this device in their online customer journey, and if so, 

did the journey change because of this and to what extend? 

A second topic for future research is the role of different devices in the total customer 

journey, i.e. online and offline and at the focal and competing firms. From the multichannel 

literature we already know that customers use different channels of one firm, such as 

catalogues, online retailers and physical stores, in different phases in the journey, also called 

the research-shopper phenomenon (Verhoef, Neslin, and Vroomen 2007). We furthermore 

know that customers may also explore competing firms channels, e.g. going to the physical 

store of firm A to get product information, and after that order the product at online retailer B 

who offers it for the lowest price. Mobile devices may play a large role in this, such as 

looking up product information in the store, checking out if the product is cheaper somewhere 

else, or directly ordering it online, which is also known as showrooming (Mehra, Kumar, and 

Raju 2013). The role of mobile devices in this, and if this has strengthened research-shopping 

and showrooming, can be an interesting topic for future research.  

The final direction for future research is to investigate the effectiveness of retargeting 

across different devices. Lambrecht and Tucker (2013) have already studied the topic of 

retargeting on one single device, and found that this is only effective when consumers 

browsing behavior is evolving in terms of going to more narrow product preferences during 

the journey. We know from our study that when consumers browsing behavior is evolving, 

i.e. the customer is progressing in the funnel, the customer is more likely to switch to a more 

fixed device. Retargeting across devices could in that sense be very beneficial. On the other 

hand, customers might perceive across device retargeting as very intrusive, which in turn 

might have negative consequences. Thus, due to the conflicting arguments and the direction 

of this effect, studying if and when retargeting across devices is effective can result in a good 

contribution both in terms of understanding online advertising effectiveness and the role of 

different devices in the online customer journey. 
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Appendix 2.A.: Statistics by industry 

Table 7-1: Descriptives and correlations of the endogenous variables of interest for fashion. 

    Satisfaction metrics NPS metrics CES metrics 

  N firms Response Retention Satisfaction Top-2-box NPS NPS value CESyes CES 

General insurance 135 10 17.3% 74.8% 5.14 .49 -.39 6.05 17.8% 2.17 

Health insurance 74 6 16.6% 83.8% 5.27 .50 -.31 6.35 31.1% 2.17 

Banks 74 5 15.5% 89.2% 4.82 .47 -.47 5.80 25.7% 2.26 

Mobile telecom 52 4 10.3% 78.8% 5.15 .60 -.29 6.40 36.5% 3.00 

Fixed telecom 68 5 15.5% 77.9% 4.88 .40 -.26 6.29 39.7% 3.30 

Energy 63 5 9.9% 77.8% 5.10 .48 -.43 6.00 17.5% 1.82 

Gasoline 72 5 15.0% 47.2% 5.28 .44 -.50 6.08 2.8% 2.00 

Travel agencies 111 8 17.4% 57.7% 5.39 .59 .06 7.43 27.0% 2.13 

Holiday parks 74 4 21.6% 70.3% 5.23 .61 .23 7.93 29.7% 2.36 

Airlines 81 5 19.2% 60.5% 4.64 .36 -.26 6.75 24.7% 3.00 

Supermarkets 110 8 14.5% 79.1% 4.88 .39 -.25 6.67 14.5% 2.56 

Drugstores 90 4 20.1% 80.0% 5.18 .43 -.44 6.24 1.1% 1.00 

Department stores 73 3 17.0% 83.6% 5.36 .51 -.18 6.78 5.5% 2.00 

Electronics 65 5 12.7% 70.8% 5.17 .45 -.32 6.72 21.5% 2.07 

Do-it-yourself 54 4 12.6% 77.8% 5.35 .57 -.28 6.59 20.4% 1.91 

Furnishing 76 4 15.7% 71.1% 5.08 .39 -.13 6.82 21.1% 2.31 

Online booking 52 4 17.2% 63.5% 5.13 .56 -.13 6.67 13.5% 3.14 

Online shopping 51 4 13.0% 76.5% 5.63 .59 .00 7.20 31.4% 1.94 

Total sample 1,375 93 15.4% 73.1% 5.14 .48 -.24 6.59 20.5% 2.41 

 

  



 

 

 

Appendix 3.A.: Descriptives and correlations at the product-category level 

Table 7-2: Descriptives and correlations of the endogenous variables of interest for fashion. 

  CV 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 

1. Sales revenues .372 1.000              

2. Checkout .326 .962
**

 1.000             

3. Basket .292 .942
**

 .972
**

 1.000            

4. Product .233 .843
**

 .820
**

 .861
**

 1.000           

5. Home page .263 .804
**

 .780
**

 .763
**

 .755
**

 1.000          

6. E-mail 1.139 .001
ns

 .025
ns

 .048
ns

 -.012
ns

 .000
ns

 1.000         

7. SEA product .649 .416
**

 .434
**

 .508
**

 .388
**

 .352
**

 .096
ns

 1.000        

8. SEA branded .812 .605
**

 .575
**

 .568
**

 .485
**

 .580
**

 .027
ns

 .606
**

 1.000       

9. Retargeting .319 .361
**

 .354
**

 .353
**

 .399
**

 .420
**

 -.009
ns

 .230
**

 .221
**

 1.000      

10. Referrals .409 .316
**

 .312
**

 .262
**

 .462
**

 .505
**

 -.073
ns

 -.020
ns

 .230
**

 .287
**

 1.000     

11. Portals .205 .631
**

 .553
**

 .607
**

 .623
**

 .514
**

 .049
ns

 .465
**

 .608
**

 .267
**

 .073
ns

 1.000    

12. Comparison .626 .297
**

 .286
**

 .333
**

 .364
**

 .247
**

 .070
ns

 .519
**

 .390
**

 -.045
ns

 -.032
ns

 .414
**

 1.000   

13. Television 1.290 .338
**

 .318
**

 .363
**

 .218
**

 .298
**

 .055
ns

 .459
**

 .367
**

 .054
ns

 -.120
*
 .322

**
 .273

**
 1.000  

14. Radio .941 .261
**

 .299
**

 .281
**

 .215
**

 .304
**

 -.061
ns

 .160
**

 .161
**

 .099
*
 .178

**
 .026

ns
 .066

ns
 .237

**
 1.000 

** p < .01, * p < .05, 
ns

 p > .05 
Note: CV = Coefficient of variation (the standard deviation divided by the mean). 

 

  



 

 

Table 7-3: Descriptives and correlations of the endogenous variables of interest for EE&H. 

  CV 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 

1. Sales revenues .478 1.000              

2. Checkout .456 .940
**

 1.000             

3. Basket .402 .923
**

 .982
**

 1.000            

4. Product .265 .813
**

 .850
**

 .892
**

 1.000           

5. Home page .263 .767
**

 .773
**

 .795
**

 .696
**

 1.000          

6. E-mail 2.531 -.009
ns

 -.021
ns

 -.022
ns

 -.035
ns

 .052
ns

 1.000         

7. SEA product .833 .434
**

 .446
**

 .465
**

 .437
**

 .205
**

 -.066
ns

 1.000        

8. SEA branded .812 .648
**

 .655
**

 .671
**

 .569
**

 .580
**

 -.021
ns

 .648
**

 1.000       

9. Retargeting .321 .408
**

 .382
**

 .367
**

 .407
**

 .317
**

 -.010
ns

 .377
**

 .171
**

 1.000      

10. Referrals .384 .615
**

 .627
**

 .639
**

 .658
**

 .505
**

 -.018
ns

 .291
**

 .326
**

 .395
**

 1.000     

11. Portals .244 .488
**

 .558
**

 .609
**

 .683
**

 .379
**

 -.048
ns

 .260
**

 .405
**

 .108
*
 .446

**
 1.000    

12. Comparison .268 .701
**

 .740
**

 .780
**

 .725
**

 .542
**

 -.073
ns

 .511
**

 .522
**

 .386
**

 .569
**

 .581
**

 1.000   

13. Television 1.290 .358
**

 .346
**

 .349
**

 .288
**

 .298
**

 -.037
ns

 .421
**

 .367
**

 .139
**

 .156
**

 .178
**

 .352
**

 1.000  

14. Radio .941 .309
**

 .281
**

 .294
**

 .218
**

 .304
**

 -.023
ns

 .152
**

 .161
**

 .101
*
 .186

**
 .008

ns
 .201

**
 .237

**
 1.000 

** p < .01, * p < .05, 
ns

 p > .05 
Note: CV = Coefficient of variation (the standard deviation divided by the mean). 

  



 

 

 

Table 7-4: Descriptives and correlations of the endogenous variables of interest for H&G. 

  CV 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 

1. Sales revenues .497 1.000              

2. Checkout .456 .937
**

 1.000             

3. Basket .353 .920
**

 .965
**

 1.000            

4. Product .247 .755
**

 .790
**

 .871
**

 1.000           

5. Home page .263 .679
**

 .636
**

 .641
**

 .521
**

 1.000          

6. E-mail 2.230 .077
ns

 .027
ns

 .027
ns

 .002
ns

 -.022
ns

 1.000         

7. SEA product .930 .463
**

 .397
**

 .466
**

 .476
**

 .157
**

 .136
**

 1.000        

8. SEA branded .812 .601
**

 .581
**

 .562
**

 .455
**

 .580
**

 .056
ns

 .557
**

 1.000       

9. Retargeting .333 .359
**

 .345
**

 .363
**

 .407
**

 .374
**

 -.026
ns

 .212
**

 .215
**

 1.000      

10. Referrals .418 .442
**

 .473
**

 .464
**

 .441
**

 .378
**

 .007
ns

 .068
ns

 .207
**

 .328
**

 1.000     

11. Portals .232 .473
**

 .532
**

 .543
**

 .645
**

 .241
**

 .034
ns

 .301
**

 .369
**

 .268
**

 .292
**

 1.000    

12. Comparison .342 .266
**

 .200
**

 .297
**

 .465
**

 -.029
ns

 .056
ns

 .525
**

 .091
ns

 .285
**

 .147
**

 .392
**

 1.000   

13. Television 1.290 .376
**

 .293
**

 .321
**

 .231
**

 .298
**

 .129
*
 .424

**
 .367

**
 .079

ns
 .045

ns
 .178

**
 .184

**
 1.000  

14. Radio .941 .284
**

 .245
**

 .265
**

 .148
**

 .304
**

 -.045
ns

 .072
ns

 .161
**

 .084
ns

 .147
**

 -.025
ns

 -.097
ns

 .237
**

 1.000 

** p < .01, * p < .05, 
ns

 p > .05 
Note: CV = Coefficient of variation (the standard deviation divided by the mean). 

 

  



 

 

Table 7-5: Descriptives and correlations of the endogenous variables of interest for S&L. 

  CV 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 

1. Sales revenues .379 1.000              

2. Checkout .380 .944
**

 1.000             

3. Basket .357 .887
**

 .970
**

 1.000            

4. Product .297 .817
**

 .867
**

 .888
**

 1.000           

5. Home page .263 .638
**

 .583
**

 .504
**

 .460
**

 1.000          

6. E-mail 3.810 .066
ns

 .063
ns

 .080
ns

 .102
*
 .016

ns
 1.000         

7. SEA product f.d. .101
*
 .106

**
 .096

ns
 .168

**
 .056

ns
 -.116

**
 1.000        

8. SEA branded .812 .516
**

 .463
**

 .424
**

 .398
**

 .580
**

 .047
ns

 .089
ns

 1.000       

9. Retargeting .336 .418
**

 .432
**

 .412
**

 .354
**

 .338
**

 .093
ns

 .046
ns

 .223
**

 1.000      

10. Referrals .403 .488
**

 .513
**

 .500
**

 .531
**

 .311
**

 .081
ns

 .004
ns

 .111
*
 .290

**
 1.000     

11. Portals .263 .570
**

 .629
**

 .692
**

 .658
**

 .194
**

 .092
ns

 .107
*
 .322

**
 .243

**
 .335

**
 1.000    

12. Comparison f.d. .026
ns

 .048
ns

 .056
ns

 .135
**

 .018
ns

 .031
ns

 .359
**

 .042
ns

 .085
ns

 .021
ns

 .164
**

 1.000   

13. Television 1.290 .300
**

 .335
**

 .358
**

 .291
**

 .298
**

 .031
ns

 .149
**

 .367
**

 .176
**

 .053
ns

 .268
**

 .026
ns

 1.000  

14. Radio .941 .245
**

 .243
**

 .206
**

 .125
*
 .304

**
 -.024

ns
 -.008

ns
 .161

**
 .111

*
 .069

ns
 -.022

ns
 -.087

ns
 .237

**
 1.000 

** p < .01, * p < .05, 
ns

 p > .05, f.d. = variable is measured in first differences, making the coefficient of variation inappropriate to use. 
Note: CV = Coefficient of variation (the standard deviation divided by the mean). 

  



 

 

 

 

Table 7-6: Descriptives and correlations of the endogenous variables of interest for B&W. 

  CV 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 

1. Sales revenues .415 1.000              

2. Checkout .385 .941
**

 1.000             

3. Basket .362 .893
**

 .963
**

 1.000            

4. Product .287 .788
**

 .829
**

 .809
**

 1.000           

5. Home page .263 .717
**

 .717
**

 .710
**

 .647
**

 1.000          

6. E-mail 8.446 .101
*
 .172

**
 .230

**
 .226

**
 -.007 1.000         

7. SEA product .856 .257
**

 .225
**

 .297
**

 .142
**

 .276
**

 -.005
ns

 1.000        

8. SEA branded .812 .447
**

 .429
**

 .455
**

 .277
**

 .580
**

 -.012
ns

 .665
**

 1.000       

9. Retargeting .316 .221
**

 .234
**

 .251
**

 .231
**

 .406
**

 .058
ns

 .273
**

 .220
**

 1.000      

10. Referrals .389 .066
ns

 .118
*
 .223

**
 .038

ns
 .005

ns
 .137

**
 .309

**
 .094

ns
 .101

*
 1.000     

11. Portals .396 .346
**

 .380
**

 .264
**

 .498
**

 .273
**

 -.040
ns

 -.070
ns

 .144
**

 .018
ns

 -.347
**

 1.000    

12. Comparison .294 .606
**

 .596
**

 .572
**

 .659
**

 .447
**

 .039
ns

 .076
ns

 .233
**

 .142
**

 .033
ns

 .435
**

 1.000   

13. Television 1.290 .273
**

 .250
**

 .334
**

 .145
**

 .298
**

 .001
ns

 .379
**

 .367
**

 .089
ns

 .281
**

 -.153
**

 .037
ns

 1.000  

14. Radio .941 .264
**

 .247
**

 .251
**

 .145
**

 .304
**

 -.087
ns

 .114
*
 .161

**
 .106

*
 -.003

ns
 -.028

ns
 .132

**
 .237

**
 1.000 

** p < .01, * p < .05, 
ns

 p > .05 
Note: CV = Coefficient of variation (the standard deviation divided by the mean). 
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Appendix 3.B.: Restricted policy simulation and budget allocation 

In the standard impulse response function used in VAR studies, the impulse proceeds 

through the entire system of equations and therefore can affect (current and future) advertising 

form expenditures. Consequently, the costs of such an impulse can be very different from 

those of the initial one-unit impulse. In the restricted policy simulation, we provide an 

impulse on the advertising form by one unit and allow it to proceed through the entire system 

of equations, except for the equations in which the advertising form, organic search, and 

affiliate are the dependent variables. This approach increases the ease of interpreting the 

effect sizes. The elasticities we find are due to a change in one advertising variable, keeping 

all other (advertising) expenditures constant. We evaluate the statistical significance of long-

term elasticities using Wiesel et al.’s (2011) procedure, in which we calculate the standard 

errors by running 1,000 bootstraps of the impulses.  

After estimating the effects per advertising form for the five product categories, we 

translate the advertising elasticities back to the overall firm level for ease of illustration, using 

Equation (3.3): 

elast.i = ∑ (
exp.i,p

∑ exp.5
p=1 i,p

∙ elast.i,p )5
p=1 , (3.3) 

where elast.i,p is the elasticity of advertising variable i for product category p, elast.i is the 

elasticity of advertising variable i at the overall firm level, and exp.i,p is the mean expenditure 

on advertising variable i for product category p. This calculation assumes that a 1% increase 

in advertising variable i is allocated over the different product categories, similar to how the 

budget is normally allocated.  

In addition, we estimate the effect of advertising on each stage of the website funnel. 

Using Equation (3.4), we calculate the effects back to the firm level. 

elast.i,s = ∑ (
exp.i,p

∑ exp.5
p=1 i,p

∙ elast.i,p,s )5
p=1 . (3.4) 

The interpretation is the same as in Equation (3.3). The difference is that we include 

subscript s, which refers to the stage of the website funnel. Because expenditures do not differ 

between funnel stages, no subscript s is included. However, in addition to examining the 

weighted-averaged firm-level elasticities, we investigate the findings for the different product 

categories.  

To reach an optimal online advertising budget allocation, we follow the procedure of 

Danaher and Dagger (2013) and Naik and Raman (2003), as shown in Equation (3.5): 
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𝑐𝑖
𝑜𝑝𝑡 =

elast.i

∑ elast.i
𝐼
𝑖=1

,  (3.5) 

where 𝑐𝑖
𝑜𝑝𝑡 is advertising variable i’s optimal share of the total advertising budget. 
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Appendix 4.A.: Full Output Model 

According to Table 7-7, which shows the parameter estimates of Equation (4.1), 

customers are more likely to use the same device multiple times in a row, mobile devices 

become more popular over time, and these devices are more popular among younger 

customers. Tablets are less popular among customers living in very urban and very nonurban 

areas, while smartphones are more popular in more urban areas. In terms of visiting online 

retailers, tablets are more popular among women, and smartphones are more popular among 

men. Finally, using tablets is more popular on weekends, while using smartphones is 

especially more popular on Saturdays but less on Sundays.  

Table 7-7: Parameter Estimates of the Device Choice Equation (N = 2,311,343) 

 Tablet Smartphone 

 Coef. Error p-value Coef. Error p-value 

Constant -3.231 .017 .000 -3.679 .027 .000 

Urbanization (2) .079 .018 .000 .031 .031 .307 

Urbanization (3) .096 .017 .000 -.026 .031 .408 

Urbanization (4) .093 .018 .000 -.109 .030 .000 

Urbanization (5) .020 .018 .253 -.194 .033 .000 

Tablet_lag 4.478 .015 .000 1.863 .027 .000 

Smartph._lag 1.924 .027 .000 4.428 .027 .000 

Sessions_ly -.003 .003 .421 -.004 .007 .513 

Time .301 .007 .000 .236 .014 .000 

Same_SKU -.097 .012 .000 -.050 .023 .034 

Time_prev. .025 .004 .000 -.043 .007 .000 

Time_prev._same -.077 .008 .000 -.112 .017 .000 

Price_lag .018 .004 .000 .058 .006 .000 

Price_lag_same .001 .006 .845 -.014 .011 .176 

Product_viewed .098 .007 .000 -.446 .013 .000 

Product_viewed_lag .016 .010 .094 .193 .017 .000 

Age -.004 .000 .000 -.017 .001 .000 

Female .081 .013 .000 -.050 .021 .020 

Mobsite .034 .110 .756 3.533 .032 .000 

Tuesday .019 .010 .051 .058 .015 .000 

Wednesday .050 .010 .000 .039 .015 .009 

Thursday .038 .010 .000 .049 .015 .001 

Friday .061 .010 .000 .060 .015 .000 

Saturday .219 .010 .000 .138 .016 .000 

Sunday .190 .010 .000 .076 .016 .000 
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Appendix 4.B.: Model with Switching as Dependent Variable 

Table 7-8 provides the parameter estimates of Equation (4.1) and Table 7-9 the 

parameter estimates of Equation (4.2). The difference from the output of the Appendix is that 

instead of device choice, here device switching is the dependent variable in Equation (4.1). As 

a consequence, this equation drops the previous device as the independent variable because it 

is used to construct the dependent variable. 

Table 7-8: Parameter Estimates of the Device Switching Equation (N = 2,311,343) 

 To More Mobile To Less Mobile 

 Coef. Error p-value Coef. Error p-value 

Constant -3.026 .019 .000 -2.980 .019 .000 

Urbanization (2) .028 .021 .187 .038 .022 .088 

Urbanization (3) .045 .021 .036 .055 .023 .015 

Urbanization (4) .012 .022 .588 .026 .023 .245 

Urbanization (5) -.084 .022 .000 -.089 .023 .000 

Sessions_ly .049 .004 .000 .045 .004 .000 

Time .275 .009 .000 .287 .009 .000 

Same_SKU -.019 .015 .215 .065 .014 .000 

Time_prev. .146 .004 .000 .076 .003 .000 

Time_prev._same -.140 .009 .000 -.060 .008 .000 

Price_lag .054 .004 .000 .055 .005 .000 

Price_lag_same -.069 .008 .000 -.062 .007 .000 

Product_viewed -.095 .008 .000 -.022 .008 .006 

Product_viewed_lag .213 .012 .000 -.084 .011 .000 

Age -.010 .001 .000 -.012 .001 .000 

Female -.054 .015 .000 -.035 .016 .030 

Mobsite 1.831 .017 .000 -.075 .025 .003 

Tuesday .027 .010 .006 -.030 .010 .002 

Wednesday .037 .010 .000 -.027 .010 .006 

Thursday .017 .010 .080 -.048 .010 .000 

Friday .032 .010 .002 -.042 .010 .000 

Saturday .123 .011 .000 -.086 .011 .000 

Sunday .076 .010 .000 -.050 .011 .000 
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Table 7-9: Parameter Estimates Conversion Equation (N = 2,311,343, pseudo-R² 

= .133) 

 Coef. Error p-value Expected 

Constant -1.436 .005 .000  

Conversion_ly .246 .008 .000  

Tablet -.109 .011 .000  

Smartph. -.218 .026 .000  

To_less_mobile .176 .018 .000 H1: + 

To_more_mobile -.142 .022 .000  

Sessions_ly -.050 .002 .000  

Sessions_ly × Tablet .017 .004 .000  

Sessions_ly × Smartph. .029 .007 .000  

Sessions_ly × to_less_mobile -.013 .006 .020 H2: - 

Sessions_ly × to_more_mobile .004 .007 .619  

Time .053 .003 .000  

Time × Tablet -.022 .012 .067  

Time × Smartph. -.034 .020 .093  

Time × to_less_mobile -.077 .020 .000 H3: - 

Time × to_more_mobile .017 .025 .490  

Same_SKU .388 .006 .000  

Same_SKU × Tablet -.035 .019 .070  

Same_SKU × Smartph. -.210 .049 .000  

Same_SKU × to_less_mobile .103 .033 .001 H4: + 

Same_SKU × to_more_mobile .162 .042 .000  

Time_prev. .042 .002 .000  

Time_prev. × Tablet -.018 .005 .001  

Time_prev. × Smartph. -.016 .010 .130  

Time_prev. × to_less_mobile -.034 .009 .000  

Time_prev. × to_more_mobile .069 .010 .000  

Time_prev._same -.007 .003 .042  

Time_prev._same × Tablet .070 .012 .000  

Time_prev._same × Smartph. .018 .036 .609  

Time_prev._same × to_less_mobile -.070 .023 .001 H5: - 

Time_prev._same × to_more_mobile .005 .026 .842  

Price_lag -.106 .002 .000  

Price_lag × Tablet -.008 .007 .273  

Price_lag × Smartph. .022 .016 .163  

Price_lag × to_less_mobile -.013 .012 .297  

Price_lag × to_more_mobile .034 .014 .018  

Price_lag_same -.098 .003 .000  

Price_lag_same × Tablet .004 .011 .720  

Price_lag_same × Smartph. .003 .025 .906  

Price_lag_same × to_less_mobile .030 .019 .055 H6: + 
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Price_lag_same × to_more_mobile -.049 .024 .039  

Product_viewed 1.019 .005 .000  

Product_viewed × Tablet -.130 .016 .000  

Product_viewed × Smartph. -.062 .032 .056  

Product_viewed × to_less_mobile .304 .029 .000  

Product_viewed × to_more_mobile .437 .034 .000  

Product_viewed_lag .262 .005 .000  

Product_viewed_lag × Tablet .018 .017 .281  

Product_viewed_lag × Smartph. -.040 .038 .295  

Product_viewed_lag × to_less_mobile -.065 .028 .023  

Product_viewed_lag × to_more_mobile -.228 .034 .000  

Age -.003 .000 .000  

Age × Tablet -.003 .001 .000  

Age × Smartph. .001 .001 .535  

Age × to_less_mobile .002 .001 .020  

Age × to_more_mobile .001 .001 .267  

Female .023 .006 .000  

Female × Tablet -.045 .018 .014  

Female × Smartph. .006 .027 .836  

Female × to_less_mobile .008 .025 .765  

Female × to_more_mobile .009 .029 .753  

Mobile_site .576 .018 .000  

Tuesday .002 .005 .732  

Wednesday .047 .004 .000  

Thursday .032 .005 .000  

Friday .015 .005 .001  

Saturday -.104 .005 .000  

Sunday -.030 .005 .000  

Note: Hypothesized effects are in bold
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Appendix 4.C.: Model with Two Lags 

Table 7-10 provides the parameter estimates of Equation (4.1) and Table 7-11 the 

parameter estimates of Equation (4.2). The difference from the output of the Appendix is that 

here we examine customer switching not only compared with the previous session but also 

compared with two sessions ago in Equation (4.2).  

Table 7-10: Parameter Estimates of the Device Choice Equation (N = 2,225,545) 

 Tablet Smartphone 

 Coef. Error p-value Coef. Error p-value 

Constant -3.221 .017 .000 -3.668 .028 .000 

Urbanization (2) .080 .018 .000 .036 .031 .253 

Urbanization (3) .097 .018 .000 -.021 .032 .511 

Urbanization (4) .094 .018 .000 -.109 .031 .000 

Urbanization (5) .021 .018 .249 -.193 .033 .000 

Tablet_lag 4.462 .015 .000 1.858 .028 .000 

Smartph._lag 1.914 .027 .000 4.417 .028 .000 

Sessions_ly -.003 .003 .276 -.006 .007 .385 

Time .307 .008 .000 .227 .015 .000 

Same_SKU -.094 .013 .000 -.046 .024 .052 

Time_prev. .024 .004 .000 -.046 .007 .000 

Time_prev._same -.077 .008 .000 -.114 .018 .000 

Price_lag .018 .004 .000 .057 .006 .000 

Price_lag_same .002 .006 .790 -.010 .011 .347 

Product_viewed .100 .008 .000 -.445 .013 .000 

Product_viewed_lag .016 .010 .099 .192 .017 .000 

Age -.004 .000 .000 -.017 .001 .000 

Female .080 .013 .000 -.056 .022 .010 

Mobsite .034 .110 .757 3.524 .033 .000 

Tuesday .016 .010 .098 .056 .015 .000 

Wednesday .047 .010 .000 .040 .015 .007 

Thursday .035 .010 .000 .043 .015 .005 

Friday .060 .010 .000 .054 .015 .000 

Saturday .217 .010 .000 .134 .016 .000 

Sunday .188 .010 .000 .077 .016 .000 
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Table 7-11: Parameter Estimates Conversion Equation (N = 2,225,545, pseudo-R² 

= .134) 

 Coef. Error p-value Expected 

Constant -1.453 .005 .000  

Conversion_ly .261 .008 .000  

Tablet -.104 .011 .000  

Smartph. -.206 .027 .000  

To_less_mobile .107 .020 .000 H1: + 

To_more_mobile -.140 .024 .000  

To_less_mobile_lag .128 .015 .000 H1: + 

To_more_mobile_lag .000 .018 .998  

Sessions_ly -.042 .002 .000  

Sessions_ly × Tablet .014 .004 .002  

Sessions_ly × Smartph. .025 .008 .002  

Sessions_ly × to_less_mobile -.004 .006 .272 H2: - 

Sessions_ly × to_more_mobile -.002 .008 .792  

Sessions_ly × to_less_mobile_lag -.016 .005 .001 H2: - 

Sessions_ly × to_more_mobile_lag .010 .006 .110  

Time .062 .003 .000  

Time × Tablet -.026 .013 .045  

Time × Smartph. -.029 .022 .190  

Time × to_less_mobile -.058 .024 .007 H3: - 

Time × to_more_mobile .035 .028 .213  

Time × to_less_mobile_lag -.030 .018 .051 H3: - 

Time × to_more_mobile_lag -.009 .024 .696  

Same_SKU .395 .006 .000  

Same_SKU × Tablet -.042 .021 .042  

Same_SKU × Smartph. -.233 .050 .000  

Same_SKU × to_less_mobile .095 .037 .006 H4: + 

Same_SKU × to_more_mobile .152 .047 .001  

Same_SKU × to_less_mobile_lag -.006 .030 .831 H4: + 

Same_SKU × to_more_mobile_lag .036 .042 .390  

Time_prev. .041 .002 .000  

Time_prev. × Tablet -.026 .006 .000  

Time_prev. × Smartph. -.027 .011 .016  

Time_prev. × to_less_mobile -.032 .011 .003  

Time_prev. × to_more_mobile .048 .012 .000  

Time_prev. × to_less_mobile_lag -.003 .008 .696  

Time_prev. × to_more_mobile_lag .042 .010 .000  

Time_prev._same -.008 .003 .017  

Time_prev._same × Tablet .076 .013 .000  

Time_prev._same × Smartph. .017 .037 .655  
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Time_prev._same × to_less_mobile -.078 .026 .002 H5: - 

Time_prev._same × to_more_mobile .008 .029 .775  

Time_prev._same × to_less_mobile_lag .030 .020 .131 H5: - 

Time_prev._same × to_more_mobile_lag -.002 .026 .928  

Price_lag -.106 .002 .000  

Price_lag × Tablet -.006 .008 .408  

Price_lag × Smartph. .016 .017 .340  

Price_lag × to_less_mobile -.012 .014 .372  

Price_lag × to_more_mobile .031 .016 .055  

Price_lag × to_less_mobile_lag -.007 .011 .544  

Price_lag × to_more_mobile_lag .004 .014 .788  

Price_lag_same -.104 .003 .000  

Price_lag_same × Tablet .006 .012 .595  

Price_lag_same × Smartph. .014 .026 .591  

Price_lag_same × to_less_mobile .038 .021 .036 H6: + 

Price_lag_same × to_more_mobile -.042 .027 .112  

Price_lag_same × to_less_mobile_lag .004 .016 .403 H6: + 

Price_lag_same × to_more_mobile_lag -.017 .024 .474  

Product_viewed 1.017 .006 .000  

Product_viewed × Tablet -.146 .017 .000  

Product_viewed × Smartph. -.074 .034 .028  

Product_viewed × to_less_mobile .239 .033 .000  

Product_viewed × to_more_mobile .397 .037 .000  

Product_viewed × to_less_mobile_lag .113 .025 .000  

Product_viewed × to_more_mobile_lag .076 .029 .008  

Product_viewed_lag .261 .005 .000  

Product_viewed_lag × Tablet .021 .018 .235  

Product_viewed_lag × Smartph. -.016 .039 .683  

Product_viewed_lag × to_less_mobile -.078 .032 .016  

Product_viewed_lag × to_more_mobile -.221 .038 .000  

Product_viewed_lag × to_less_mobile_lag .035 .026 .170  

Product_viewed_lag × to_more_mobile_lag -.018 .035 .608  

Age -.003 .000 .000  

Age × Tablet -.003 .001 .000  

Age × Smartph. .001 .001 .653  

Age × to_less_mobile .002 .001 .150  

Age × to_more_mobile .001 .001 .392  

Age × to_less_mobile_lag .001 .001 .123  

Age × to_more_mobile_lag .000 .001 .936  

Female .030 .006 .000  

Female × Tablet -.059 .020 .003  

Female × Smartph. -.008 .030 .776  

Female × to_less_mobile -.003 .027 .908  
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Female × to_more_mobile -.019 .031 .534  

Female × to_less_mobile_lag .001 .021 .954  

Female × to_more_mobile_lag .058 .026 .026  

Mobile_site .573 .018 .000  

Tuesday .002 .005 .660  

Wednesday .047 .005 .000  

Thursday .032 .005 .000  

Friday .017 .005 .000  

Saturday -.105 .005 .000  

Sunday -.031 .005 .000  

Note: Hypothesized effects are in bold
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Appendix 4.D.: Model with Device Switching Split Up per Device 

Table 7-12 provides the parameter estimates of Equation (4.1) and Table 7-13 the 

parameter estimates of Equation (4.2). The difference from the output of the Appendix is that 

we split up the switching of devices to the specific device the customers switched from and to 

in Equation (4.2).  

Table 7-12: Parameter Estimates of the Device Choice Equation (N = 2,311,343) 

 Tablet Smartphone 

 Coef. Error p-value Coef. Error p-value 

Constant -3.231 .017 .000 -3.679 .027 .000 

Urbanization (2) .079 .018 .000 .031 .031 .307 

Urbanization (3) .096 .017 .000 -.026 .031 .408 

Urbanization (4) .093 .018 .000 -.109 .030 .000 

Urbanization (5) .020 .018 .252 -.194 .033 .000 

Tablet_lag 4.478 .015 .000 1.863 .027 .000 

Smartph._lag 1.924 .027 .000 4.428 .027 .000 

Sessions_ly -.003 .003 .421 -.004 .007 .513 

Time .301 .007 .000 .236 .014 .000 

Same_SKU -.097 .012 .000 -.050 .023 .034 

Time_prev. .025 .004 .000 -.043 .007 .000 

Time_prev._same -.077 .008 .000 -.112 .017 .000 

Price_lag .018 .004 .000 .058 .006 .000 

Price_lag_same .001 .006 .845 -.014 .011 .176 

Product_viewed .098 .007 .000 -.446 .013 .000 

Product_viewed_lag .016 .010 .094 .193 .017 .000 

Age -.004 .000 .000 -.017 .001 .000 

Female .081 .013 .000 -.050 .021 .020 

Mobsite .034 .110 .756 3.533 .032 .000 

Tuesday .019 .010 .051 .058 .015 .000 

Wednesday .050 .010 .000 .039 .015 .009 

Thursday .038 .010 .000 .049 .015 .001 

Friday .061 .010 .000 .060 .015 .000 

Saturday .219 .010 .000 .138 .016 .000 

Sunday .190 .010 .000 .076 .016 .000 
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Table 7-13: Parameter Estimates Conversion Equation (N = 2,311,343, pseudo-R² 

= .133) 

 Coef. Error p-value Expected 

Constant -1.436 .005 .000  

Conversion_ly .246 .008 .000  

Tablet -.122 .011 .000  

Smartph. -.186 .030 .000  

Fixed_after_tablet .161 .021 .000 H1: + 

Fixed_after_smartph. .183 .041 .000 H1: + 

Tablet_after_fixed -.051 .027 .060  

Tablet_after_smartph. .376 .107 .000 H1: + 

Smartph._after_Fixed -.249 .047 .000  

Smartph._after_Tablet -.396 .116 .001  

Sessions_ly -.050 .002 .000  

Sessions_ly × Tablet .018 .004 .000  

Sessions_ly × Smartph. .025 .008 .001  

Sessions_ly × Fixed_after_tablet -.015 .007 .013 H2: - 

Sessions_ly × Fixed_after_smartph. -.002 .014 .446 H2: - 

Sessions_ly × Tablet_after_fixed -.008 .008 .293  

Sessions_ly × Tablet_after_smartph. .012 .029 .338 H2: - 

Sessions_ly × Smartph._after_Fixed .021 .015 .174  

Sessions_ly × Smartph._after_Tablet .120 .033 .000  

Time .053 .003 .000  

Time × Tablet -.021 .012 .079  

Time × Smartph. -.036 .021 .095  

Time × Fixed_after_tablet -.102 .023 .000 H3: - 

Time × Fixed_after_smartph. .000 .043 .997 H3: - 

Time × Tablet_after_fixed .012 .029 .672  

Time × Tablet_after_smartph. .040 .127 .752 H3: - 

Time × Smartph._after_Fixed .033 .048 .492  

Time × Smartph._after_Tablet -.080 .132 .547  

Same_SKU .388 .006 .000  

Same_SKU × Tablet -.034 .020 .086  

Same_SKU × Smartph. -.226 .056 .000  

Same_SKU × Fixed_after_tablet .179 .038 .000 H4: + 

Same_SKU × Fixed_after_smartph. -.163 .070 .020 H4: + 

Same_SKU × Tablet_after_fixed .150 .046 .001  

Same_SKU × Tablet_after_smartph. .278 .175 .113 H4: + 

Same_SKU × Smartph._after_Fixed .257 .117 .029  

Same_SKU × Smartph._after_Tablet .026 .261 .922  

Time_prev. .042 .002 .000  

Time_prev. × Tablet -.023 .006 .000  

Time_prev. × Smartph. .006 .012 .586  

Time_prev. × Fixed_after_tablet -.025 .011 .019  
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Time_prev. × Fixed_after_smartph. -.070 .021 .001  

Time_prev. × Tablet_after_fixed .074 .011 .000  

Time_prev. × Tablet_after_smartph. .020 .043 .646  

Time_prev. × Smartph._after_Fixed .048 .022 .028  

Time_prev. × Smartph._after_Tablet -.068 .072 .342  

Time_prev._same -.007 .003 .043  

Time_prev._same × Tablet .074 .012 .000  

Time_prev._same × Smartph. .012 .040 .768  

Time_prev._same × Fixed_after_tablet -.082 .026 .001 H5: - 

Time_prev._same × Fixed_after_smartph. -.065 .057 .128 H5: - 

Time_prev._same × Tablet_after_fixed -.004 .028 .880  

Time_prev._same × Tablet_after_smartph. .057 .122 .637 H5: - 

Time_prev._same × Smartph._after_Fixed .024 .077 .756  

Time_prev._same × Smartph._after_Tablet -.068 .208 .744  

Price_lag -.106 .002 .000  

Price_lag × Tablet -.008 .007 .293  

Price_lag × Smartph. .019 .019 .327  

Price_lag × Fixed_after_tablet -.009 .014 .504  

Price_lag × Fixed_after_smartph. -.027 .030 .361  

Price_lag × Tablet_after_fixed .035 .017 .036  

Price_lag × Tablet_after_smartph. -.011 .079 .892  

Price_lag × Smartph._after_Fixed .036 .030 .234  

Price_lag × Smartph._after_Tablet .053 .062 .398  

Price_lag_same -.098 .003 .000  

Price_lag_same × Tablet .002 .011 .851  

Price_lag_same × Smartph. .006 .028 .842  

Price_lag_same × Fixed_after_tablet -.006 .022 .790 H6: + 

Price_lag_same × Fixed_after_smartph. .136 .039 .000 H6: + 

Price_lag_same × Tablet_after_fixed -.038 .026 .151  

Price_lag_same × Tablet_after_smartph. -.002 .103 .981 H6: + 

Price_lag_same × Smartph._after_Fixed -.083 .058 .156  

Price_lag_same × Smartph._after_Tablet -.009 .122 .938  

Product_viewed 1.019 .005 .000  

Product_viewed × Tablet -.114 .017 .000  

Product_viewed × Smartph. -.045 .035 .199  

Product_viewed × Fixed_after_tablet .296 .035 .000  

Product_viewed × Fixed_after_smartph. .391 .058 .000  

Product_viewed × Tablet_after_fixed .283 .044 .000  

Product_viewed × Tablet_after_smartph. .165 .134 .218  

Product_viewed × Smartph._after_Fixed .329 .063 .000  

Product_viewed × Smartph._after_Tablet .406 .143 .005  

Product_viewed_lag .262 .005 .000  

Product_viewed_lag × Tablet .030 .017 .088  

Product_viewed_lag × Smartph. -.020 .045 .659  

Product_viewed_lag × Fixed_after_tablet -.046 .033 .163  
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Product_viewed_lag × Fixed_after_smartph. -.057 .063 .362  

Product_viewed_lag × Tablet_after_fixed -.269 .038 .000  

Product_viewed_lag × Tablet_after_smartph. -.171 .175 .328  

Product_viewed_lag × Smartph._after_Fixed -.196 .073 .007  

Product_viewed_lag × Smartph._after_Tablet .015 .195 .937  

Age -.003 .000 .000  

Age × Tablet -.003 .001 .000  

Age × Smartph. .001 .001 .534  

Age × Fixed_after_tablet .003 .001 .006  

Age × Fixed_after_smartph. .001 .002 .713  

Age × Tablet_after_fixed .000 .001 .851  

Age × Tablet_after_smartph. .010 .005 .054  

Age × Smartph._after_Fixed .002 .002 .470  

Age × Smartph._after_Tablet -.006 .007 .420  

Female .023 .006 .000  

Female × Tablet -.053 .019 .005  

Female × Smartph. .031 .029 .280  

Female × Fixed_after_tablet -.006 .029 .847  

Female × Fixed_after_smartph. .048 .050 .341  

Female × Tablet_after_fixed .067 .035 .054  

Female × Tablet_after_smartph. .081 .117 .492  

Female × Smartph._after_Fixed -.107 .054 .049  

Female × Smartph._after_Tablet -.396 .121 .001  

Mobile_site .578 .018 .000  

Tuesday .002 .005 .732  

Wednesday .047 .004 .000  

Thursday .032 .005 .000  

Friday .015 .005 .001  

Saturday -.104 .005 .000  

Sunday -.030 .005 .000  

Note: Hypothesized effects are in bold
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Appendix 4.E.: Model with Customers Who Used All Three Devices 

Table 7-14 provides the parameter estimates of Equation (4.1) and Table 7-15 the 

parameter estimates of Equation (4.2). The difference from the output of the Appendix is that 

here we only used observations from customers who have used all three devices at least once.  

Table 7-14: Parameter Estimates of the Device Choice Equation (N = 149,246) 

 Tablet Smartphone 

 Coef. Error p-value Coef. Error p-value 

Constant -2.059 .048 .000 -2.306 .052 .000 

Urbanization (2) .089 .053 .093 .046 .057 .423 

Urbanization (3) .095 .052 .068 .033 .058 .567 

Urbanization (4) .047 .058 .418 -.039 .064 .542 

Urbanization (5) .136 .055 .013 -.037 .059 .530 

Tablet_lag 3.121 .034 .000 1.332 .036 .000 

Smartph._lag 1.347 .040 .000 3.382 .044 .000 

Sessions_ly -.057 .012 .000 -.050 .012 .000 

Time .445 .025 .000 .022 .025 .381 

Same_SKU -.127 .039 .001 -.013 .050 .796 

Time_prev. .030 .012 .013 -.009 .014 .512 

Time_prev._same -.102 .026 .000 -.092 .036 .010 

Price_lag -.005 .011 .642 .008 .013 .517 

Price_lag_same .037 .016 .023 .015 .021 .466 

Product_viewed .141 .022 .000 -.428 .027 .000 

Product_viewed_lag .060 .028 .033 .274 .035 .000 

Age .003 .002 .094 -.001 .002 .658 

Female .120 .039 .002 .024 .044 .593 

Mobsite -.721 .162 .000 2.628 .058 .000 

Tuesday -.020 .024 .395 .040 .029 .162 

Wednesday .031 .024 .193 .010 .029 .723 

Thursday .054 .024 .026 .036 .029 .217 

Friday .063 .025 .013 .038 .030 .205 

Saturday .272 .027 .000 .167 .034 .000 

Sunday .259 .026 .000 .179 .031 .000 
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Table 7-15: Parameter Estimates Conversion Equation (N = 149,246, pseudo-R² = 

.159) 

 Coef. Error p-value Expected 

Constant -1.435 .020 .000  

Conversion_ly .230 .030 .000  

Tablet -.069 .029 .016  

Smartph. -.265 .042 .000  

To_less_mobile .116 .038 .001 H1: + 

To_more_mobile -.171 .045 .000  

Sessions_ly -.040 .011 .000  

Sessions_ly × Tablet .020 .014 .147  

Sessions_ly × Smartph. .024 .016 .147  

Sessions_ly × to_less_mobile -.005 .014 .355 H2: - 

Sessions_ly × to_more_mobile .013 .015 .405  

Time .020 .018 .279  

Time × Tablet -.038 .033 .243  

Time × Smartph. -.072 .043 .091  

Time × to_less_mobile -.009 .042 .414 H3: - 

Time × to_more_mobile .072 .049 .140  

Same_SKU .396 .032 .000  

Same_SKU × Tablet -.009 .050 .859  

Same_SKU × Smartph. -.222 .091 .015  

Same_SKU × to_less_mobile .096 .069 .084 H4: + 

Same_SKU × to_more_mobile .122 .085 .153  

Time_prev. .055 .011 .000  

Time_prev. × Tablet -.017 .016 .292  

Time_prev. × Smartph. -.016 .023 .486  

Time_prev. × to_less_mobile -.045 .021 .031  

Time_prev. × to_more_mobile .044 .021 .040  

Time_prev._same .018 .020 .370  

Time_prev._same × Tablet .118 .034 .000  

Time_prev._same × Smartph. .032 .065 .619  

Time_prev._same × to_less_mobile -.062 .049 .102 H5: - 

Time_prev._same × to_more_mobile -.069 .055 .215  

Price_lag -.103 .011 .000  

Price_lag × Tablet -.002 .018 .927  

Price_lag × Smartph. .029 .028 .312  

Price_lag × to_less_mobile .002 .026 .928  

Price_lag × to_more_mobile .042 .027 .116  

Price_lag_same -.109 .016 .000  

Price_lag_same × Tablet -.046 .025 .071  

Price_lag_same × Smartph. .004 .046 .923  

Price_lag_same × to_less_mobile .038 .037 .150 H6: + 
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Price_lag_same × to_more_mobile .011 .044 .806  

Product_viewed 1.172 .028 .000  

Product_viewed × Tablet -.165 .042 .000  

Product_viewed × Smartph. -.268 .064 .000  

Product_viewed × to_less_mobile .243 .061 .000  

Product_viewed × to_more_mobile .390 .068 .000  

Product_viewed_lag .278 .026 .000  

Product_viewed_lag × Tablet .047 .044 .287  

Product_viewed_lag × Smartph. .049 .070 .484  

Product_viewed_lag × to_less_mobile -.158 .062 .010  

Product_viewed_lag × to_more_mobile -.308 .069 .000  

Age -.001 .001 .182  

Age × Tablet -.003 .002 .120  

Age × Smartph. .000 .002 .993  

Age × to_less_mobile .002 .002 .240  

Age × to_more_mobile .000 .003 .910  

Female .056 .028 .047  

Female × Tablet -.089 .051 .084  

Female × Smartph. -.043 .058 .459  

Female × to_less_mobile -.007 .051 .883  

Female × to_more_mobile .012 .062 .847  

Mobile_site .604 .040 .000  

Tuesday .003 .018 .850  

Wednesday .056 .018 .002  

Thursday .044 .019 .018  

Friday .023 .018 .209  

Saturday -.099 .021 .000  

Sunday -.002 .019 .907  

Note: Hypothesized effects are in bold 



 

 

8. Nederlandse Samenvatting 
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Marketeers hebben over het algemeen veel moeite met het verdedigen van de 

marketinguitgaven, ze ontbreken de kunde of de wil om de impact van marketing te meten, of 

ze beschikken niet over de juiste methodes om dit op een gepaste manier te kunnen doen. Dit 

heeft negatieve gevolgen voor de positie van de marketingafdeling binnen het bedrijf én voor 

de marktgerichtheid en de financiële prestaties van het bedrijf. In dit proefschrift wordt vanuit 

drie verschillende invalshoeken naar dit probleem gekeken, met als kerndoel antwoord te 

geven op de vraag hoe marketing meer ‘accountable’ en meer resultaat gedreven kan worden 

gemaakt. Hierbij wordt mede gebruik gemaakt van de mogelijkheden die de online wereld ons 

tegenwoordig biedt in termen van (1) de grote hoeveelheden data over onder andere het online 

surfgedrag van individuele consumenten, (2) de nieuwe advertentiekanalen die in de online 

wereld ontstaan zijn en (3) de nieuwe communicatiekanalen zoals mobiele apparaten die 

klanten en bedrijven nieuwe mogelijkheden bieden om met elkaar in verbinding te komen. 

In het eerste empirische onderzoek is op klant-, bedrijfs- en industrieniveau 

onderzocht welke maatstaven het beste gebruikt kunnen worden om toekomstig gedrag van 

klanten te voorspellen. In het tweede empirische onderzoek ligt de focus op het bedrijfsniveau 

en is onderzocht wat de impact van verschillende nieuwe vormen van online adverteren is en 

hoe deze informatie gebruikt kan worden om betere beslissingen te nemen over de 

advertentiebudgetallocatie. In het derde en laatste empirische onderzoek is ingezoomd op het 

individuele klantniveau en is onderzocht hoe het observeren van het switchgedrag tussen 

verschillende soorten apparaten (e.g. mobiel of niet-mobiel) kan helpen om online 

klantgedrag te voorspellen. In de volgende paragrafen worden de drie empirische 

onderzoeken kort samengevat. 

8.1. Het voorspellende vermogen van Customer Feedback Metrics 

De eerste empirische studie, gepresenteerd in hoofdstuk 2 van dit proefschrift, focust 

zich op een traditionele manier om de marketing afdeling meer accountable te maken. Eerdere 

studies hebben aangetoond dat de waarde van het klantenbestand van een bedrijf vrijwel een 

een-op-een relatie heeft met de marktwaarde van het bedrijf. De belangrijkste factor voor de 

waarde van het klantenbestand is de hoogte van de retentie binnen het bedrijf: i.e. vertrekken 

klanten zeer snel en moet het bedrijf daardoor veel tijd en middelen steken in het werven van 

nieuwe klanten of kan het bedrijf een lange en waardevolle relatie met de klant opbouwen. 

Voor bedrijven is het daarom belangrijk om de oorzaken van retentie in kaart te brengen en op 

tijd in te kunnen grijpen als er iets mis dreigt te gaan. Een van de mogelijkheden hierbij is 

gebruik te maken van zogenaamde Customer Feedback Metrics (CFMs). CFMs zijn niet 
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observeerbare attitudes van klanten die gemeten zijn doormiddel van het houden van o.a. 

enquêtes. Voorbeelden van CFMs zijn klanttevredenheid, de mate waarin klanten het bedrijf 

aanbevelen aan anderen (de Net Promotor Score, NPS) en de moeite die het klanten kost om 

verzoeken in behandeling te laten nemen (de Customer Effort Score, CES).  

In een grootschalig onderzoek, onder 8,924 klanten van 93 bedrijven hebben we 

onderzocht welke CFM de beste voorspeller van retentie is. Hieruit is naar voren gekomen dat 

de beste voorspeller van retentie de vraag is of de klant (zeer) tevreden is, i.e. of de klant wel 

of geen positieve klanttevredenheid score heeft gegeven. De gemiddelde score is hierin van 

minder belang, het gaat vooral om de proportie (zeer) tevreden klanten. Hoe de score die een 

klant gegeven heeft afwijkt van de gemiddelde klant verklaart deels de verschillen in retentie 

tussen klanten, maar belangrijker is het in welke mate de gemiddelde score van het bedrijf 

afwijkt van de gemiddelde score in de gehele sector. Dit laatste is een indicatie of er wel of 

geen betere alternatieven zijn voor de klant en daarmee een zeer belangrijke drijver voor 

retentie.  

Door het combineren van CFMs kunnen nog betere voorspellingen gedaan worden, 

waardoor het aan te bevelen is om niet te focussen op één CFM maar in plaats hiervan een 

dashboard van metrics aan te leggen. Alhoewel de vraag of klanten wel of niet (zeer) tevreden 

zijn de beste overall voorspeller van retentie is en deze CFM in de meeste sectoren statistisch 

significant is, verschilt de beste CFM wel per industrie. Het is daarom aan te raden dat 

managers van bedrijven gaan kijken welke CFMs het beste presteren in hun specifieke situatie 

en op basis hiervan hun dashboard inrichten. 

8.2. De effectiviteit van verschillende vormen van online adverteren 

De tweede empirische studie, gepresenteerd in hoofdstuk 3, focust zich op de impact 

van nieuwe vormen van (online) adverteren en hoe inzicht hierin bij kan dragen aan het 

verbeteren van de advertentiebudgetallocatie. Het beter in kaart kunnen brengen van de 

impact van deze nieuwe vormen van adverteren, het onderscheiden van effectieve en minder 

effectieve advertentiekanalen en weten hoe je het budget over deze kanalen moet verdelen is 

een belangrijke methode om de accountability en daarmee de prestaties van de 

marketingafdeling verder te verbeteren. 

In deze empirische studie is gebruik gemaakt van tijdreeksdata van een grote Europese 

online retailer. De dataset bestaat onder andere uit de mate waarin de online retailer per dag 

gebruik maakt van negen verschillende (on- en offline) advertentievormen, de hoeveelheid 

bezoeken aan verschillende onderdelen van de online retailers website en de dagelijkse omzet. 
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Al deze gegevens zijn bekend voor vijf verschillende productcategorieën. Met 

tijdreeksmodellen is voor de negen verschillende advertentievormen voor elke van de vijf 

productcategorieën de impact op de omzet geschat, resulterend in 45 advertentie-elasticiteiten. 

Het analyseren van deze advertentie-elasticiteiten heeft ons geleerd, in lijn met andere 

onderzoeken, dat traditionele push-advertentievorm (Firm Initiated Contacts, FICs) 

aanzienlijk minder effectief zijn dan pull-advertentievormen (Customer Initiated Contact, 

CICs). Een nieuw inzicht is dat pull-advertenties die geïntegreerd zijn in de content van het 

gebruikte medium, zoals bij prijsvergelijkingssites en webportals, veruit het meest effectief 

zijn. De hogere effectiviteit van deze vormen van adverteren komt niet doordat dit meer 

bezoekers naar de website trekt, maar dat de extra bezoekers die aangetrokken worden een 

hogere kans hebben om ook daadwerkelijk wat te kopen. 

Uit een simulatie gebaseerd op de gevonden effecten blijkt dat als de online retailer in 

deze content geïntegreerde pull-advertenties extra weet te investeren, de omzet met maar liefst 

21% verhoogt kan worden. Het volgen van een simplistische attributiemethode, waarbij een 

aankoop toegewezen wordt aan het laatste advertentiekanaal waar de klant mee in aanraking 

is gekomen, leidt echter tot een omzetverlaging van zo’n 10-12%. Gebruik maken van de 

juiste methodes en daardoor de accountability te verhogen kan dus een enorm verschil maken 

voor het bedrijfsresultaat. 

8.3. De rol van mobiele apparaten in de online customer journey 

De derde empirische studie, gepresenteerd in hoofdstuk 4, focust zich op het online 

gedrag van individuele klanten en welke rol mobiele apparaten hierin spelen. Het beter 

kennen van het gedrag van individuele klanten en begrijpen wat de kritieke momenten zijn 

waarop klanten via het juiste kanaal, op het juiste apparaat en met de juiste boodschap 

benaderd moeten worden helpt om meer accountable te worden.  

In deze empirische studie is wederom gebruik gemaakt van data van een grote 

Europese online retailer. Ditmaal is er gebruik gemaakt van clickstream data, waarbij voor 

elke individuele klant bekend is wat hij of zij in elke websessie bij de online retailer heeft 

gedaan. Het is onder andere bekend welk type apparaat (pc/laptop, tablet of smartphone) er 

per sessie is gebruikt om de website te bezoeken, welke pagina’s er per sessie is bekeken en 

of de klant in de sessie een aankoop heeft gedaan bij de online retailer.  

Bekend is dat sessies gestart via mobiele apparaten relatief minder vaak resulteren in 

een aankoop, wat als problematisch ervaren kan worden aangezien steeds meer sessies via 

mobiele apparaten plaatsvinden. Ons onderzoek laat zien dat dit inderdaad het geval is, maar 
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dat de oorzaak hiervan is dat sessies via mobiele apparaten vooral in vroege fases in de 

zoektocht naar een product worden gebruikt. Sessies via mobiele apparaten in de beginfase 

versterken de aankoopkansen via pc’s en laptop’s in de latere fases. We zien dan ook dat 

mensen die meerdere apparaten gebruiken om de website te bezoeken, gemiddeld een hogere 

aankoopkans per sessie hebben dan mensen die slechts één apparaat gebruiken. Het switch 

gedrag tussen apparaten geven rijke inzichten in wanneer de aankoopkansen toenemen en 

wanneer klanten het beste op welke device benaderd kunnen worden. Door het te kijken naar 

het switchgedrag kunnen kritieke momenten geïdentificeerd worden waarop de aankoopkans 

meer dan verdubbeld.  

Het correct kunnen identificeren van deze momenten kunnen wederom helpen 

marketingafdelingen meer accountable te maken. Door het beter kunnen herkennen en 

voorspellen van individueel klantengedrag, kunnen marketingkanalen en –budgetten beter 

ingezet worden. Hiernaast kunnen klanten hierdoor beter bediend worden, waardoor de relatie 

met de klanten versterkt kan worden, wat op de lange termijn weer positieve gevolgen heeft 

voor het bedrijf. 


