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Management Summary 
Introduction 

It can cost five to ten times more to attract a new customer compared to the costs of keeping an 

existing customer satisfied, making acquiring new customers very costly (Kotler & Armstrong, 2013). 

An alternative way to increase the recurring revenue is to employ the sales strategy known as cross-

selling (Kamakura, 2007). Cross-selling concerns the sales of additional products or services to an 

existing customer (Ngobo, 2004), or transforming the customer from a single-product to multi-product 

buyers (Kamakura, 2007). 

The sales strategy of Company X’s focuses on maintaining and building new relationships with larger 

customers. Hence, a small percentage of their customers account for a large percentage of their 

generated revenue, inducing financial risk for Company X. Specifically, Company X provides a 

Communication-Platform-as-a-Service (CPAAS) incorporating messaging channels, payment methods, 

chatbots, and voice solutions for other businesses only. In order to avoid financial risk, Company X 

wants to generate more revenue from their existing smaller and medium customers.  

Yet, this thesis examines smaller and medium customers of Company X’s and aims to identify and 

investigate predictors that influence the ability to sell multiple products or cross-selling based on both 

qualitative and quantitative research, known as mixed-method research. Here, the following problem 

statement is defined: 

“Company X misses out on revenue on their existing smaller and medium customers because they do 

not actively apply any sales techniques such as cross-selling. Next to that, the majority of the revenue 

is generated by a small percentage of their larger customers, inducing financial risks. Therefore, for 

Company X it is important to determine and select characteristics that influence the cross-selling ability 

of these customers and target the high cross-sell ability customers accordingly.” 

As illustrated, Company X can take advantage of the ability to predict cross-selling abilities utilizing 

certain customer and firmographic factors. Hence, it would be interesting to determine the factors 

that cause cross-sell opportunities. In doing so, the central research question is defined as follows:  

 

“What cross-selling opportunities concerning small and medium customers can be derived from data 

mining applied to different types of customer-related data?” 

In order to support the central research question, two sub-questions have been defined: 

SQ1: Which customer- and firmographic characteristics can be used to determine the cross-selling 

ability of small and medium customers? 

SQ2: What is the predictive power of these characteristics on the cross-selling ability of the customers 

from Company X? 
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Theoretical Background 

Despite the growing importance of relationship marketing, the subject of cross-selling has received 

limited attention in the literature before the 2000s (Kamakura, Wedel, Rosa & Mazzon, 2003). 

Nonetheless, applying the strategy of cross-selling to your customers can have two major advantages. 

First, it can positively influence the relationship with the customer, in which having more contact with 

your customers seems to result in more loyal customers. Second, it can increase the overall value of 

the customer over the lifetime of the relationship, because the purchase of other products or services 

usually comes with higher prices. Yet, cross-selling attempts can also harm the relationship between 

the firm and the customer. Contacting the customer frequently can motivate the customer to switch 

to the competitor. The trade-off between these facts should be taken into account when decided to 

cross-sell customers (Kamakura et al., 2003). 

As illustrated not all customers are applicable for cross-selling (Kumar et al., 2008). Next to that, 

resources for marketing are not infinite, and not therefore a selection of customers that seem most 

applicable to cross-selling incorporates both of these aspects. To do so, different predictors or drivers 

for cross-selling must be defined. Almost all literature maintains the division between the different 

types of variables used in this study of Kamakura et al. (1991), known as the customer- and 

demographical characteristics or firmographic characteristics in the business context. Overall, both 

types can also be helpful for firms to characterize and categorize the customers into identifiable and 

attractive segments, to help the firm improve its CRM efforts. Hence, this study also divides the 

different predictors into these categories.  

Customer characteristics 

Customer characteristics are defined as the customer’s habitual buying behavior and transactional 

patterns (Kumar, George, Pancras & Lenny, 2008). The following three customer characteristics that 

affect cross-selling derived according to the literature. First, building trust and improving the 

relationship with the customer, can be the first step in a sense of fitting and selling multiple products 

to the customers. Hence, Mäenpää (2012) found that having a dedicated account manager can 

communicate SME customers with numerous benefits of the product and thus has an influence on the 

cross-buying behavior of the customer. Second, Kumar et al. (2008) investigated the drivers and 

consequences of cross-buying in a retailing context. In their article, they reported that the category of 

first purchase is an important driver of cross-buying products. Third, Reinartz et al. (2008) defined 

customer as the relationship duration, buying frequency, revenues, or share of wallet. Since this 

author defined relationship duration as part of customer loyalty, this indicates the relationship 

duration also positively affects the probability of cross-selling or cross-sell ability of the customer. 
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Firmographic characteristics 

Firmographic characteristics are defined as characteristics for business customers (B2B), which are a 

combination of demographics and geographics intending to capture customer heterogeneity 

(Vanketasan, Kumar & Bohling, 2008). Several firmographic characteristics are investigated and are 

noted as common control variables in the process of identifying predictive variables for cross-selling. 

Which the characteristics include information such as the sector in which it operates, the location 

(Chen et al., 2016), but also the type of organization (Desarbo et al., 2001). Hence, these types of data 

will also be used throughout this study to identify and characterize the customers more applicable to 

cross-selling. However, the external validity or generalizability to the world at large of those 

characteristics in the existing literature on this issue is problematic. Since most of these characteristics 

are context-dependent and thus differentiate for each specific type of application. In addition, all 

relevant cross-selling characteristics according to the literature are illustrated in the theoretical 

framework below. 

 

Methodology 

This study consists of two methods known as mixed-methods. Specifically, mixed-methods studies are 

described as the third methodological or research paradigm (Johnson, Onwuegbuzie & Turner, 2007), 

and provides the handles of integrating both qualitative and quantitative research. This method is 

characterized by a qualitative method design followed by a more dominant quantitative method. 

Hence, the focus is on the quantitative part and is supported y the findings of the qualitative study. 

The first method is qualitative in the form of semi-structured interviews, in which eight semi-

structured one-to-one interviews are conducted with internal employees of Company X. The 

distinction between the participants is made by using five different perspectives, respectively the 

customer, sales, marketing, data, and product perspectives. The interviews are analyzed using 

template analysis, this is a specific form of thematic content analysis but uses an a priori template 

derived from theory with predictors of cross-selling. Additionally, this is extended by the interviewer 

according to the response codes provided by the interviewee. Afterward, the identified thematic 

categories from the textual data can be linked to actual variables in the database of Company X. 

The sequential second quantitative method is structured according to the six steps of the cross-

industry standard process for data mining (CRISP-DM) methodology. Each of the steps and their 

deliverables are presented in the table below.  
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Phase Deliverable 

1. Business Understanding A description of the problem statement, research questions, and goals of this project. 

2. Data Understanding 
An overview of all different data sources, an initial overview of the data, and an assessment of the 
quality of the data. 

3. Data Preparation Overview of the operationalization and selection of the different variables. 

4. Modeling Four different logistic regression models each containing different predictors. 

5. Evaluation 
Evaluation of all the different models and their predictive powers, the out-of-sample predictive 
performance along with a robustness check. 

6. Deployment Final document and presentation containing the recommendations of this thesis. 

 
The features defined in the literature, complementary to the interviews will be extracted from the 

databases of Company X and implemented into the logistic regression model. This model will shed 

light on the predictive performance of each of the variables and provide the answers to the research 

questions as defined earlier. 

Results 

For the qualitative study, different thematic categories are identified that can be implemented in the 

logistic regression model such as the type of organization, the type of billing, and login behavior into 

the platform. Other recurring themes of interview participants were different opinions concerning 

cross-selling as a general topic, other relevant predictors for cross-selling, the influence of the pod 

organizational structure on cross-selling, and the cross-sell ability of the current CRM system.  

For the quantitative study, in-sample and out-of-sample logistic regression models are generated to 

determine the ability to cross-sell the customer. The in-sample model is used to select the best 

performing model. Next to that, the out-of-sample model is used for the predictive performance, and 

results from this model are discussed. The best performing logistic regression model included the 

combination of the customer- and firmographic features used the estimate the ability of cross-selling. 

The result of this model indicated the following. The relation duration of the customers has a negative 

significant (p < 0.001) effect on the cross-sell ability of the customers. Second, a dedicated account 

manager has a strong significant (p < 0.001) positive effect on the cross-sell ability of the customer. 

Indicating that having a dedicated account manager on a customer increases the odds of the cross-

sell ability by 207.4%. Third, when comparing Product I with the other categories, different categories 

of first purchase have significant (p < 0.05)  positive and negative effects on the cross-sell abilities of 

the customers. Specifically, the odds of the cross-sell ability will increase with the first purchase of the 

categories, Product VII, Product III, Product IV with respectively 352.2%, 824.0%, and 243.4%, 

compared to Product I. On the contrary, the odds will decrease by 52.1% by the product category of 

first purchase Product V, compared to Product I.  

Discussion and Conclusion 

When comparing the results to the literature, in line with the finding of Mäenpää (2012), there is 

strong evidence for the positive effect of a dedicated account manager. The next finding is also in line 

with the one of Kumar et al. (2008), as certain products are more prone to cross-selling compared to 

others. Another finding of this study is the negative effect of the relationship age and is contrary to 

the positive effect of the relationship age as found in the literature (Reinartz et al., 2008). Next to that, 

the logistic regression indicated that firmographic characteristics such as the geographical location 
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and SIC sector can also be used to model the cross-sell ability of certain customers. This is in line with 

the findings of Desarbo et al. (2001). The model also incorporated other customer characteristics such 

as the type of billing and platform login behavior. This also indicated that those types of variables can 

be implemented in such a model to increase the performance in determining the cross-sell ability. 

Furthermore, this study contributed to the current literature in the customer development domain, 

no study has been performed on the smaller and medium customers in the context of a telecom-based 

organization, making this study one of a kind. Next to that, this study contributes to the existing 

literature on mixed-method studies. This a new area that can be explored using mixed-methods 

studies. 

Nonetheless, this study was also limited by certain factors. This study focuses on cross-selling the 

smaller and medium customers of a Dutch telecom-based Company. Due to this fact, the 

generalizability and external validity of this study is limited to only telecom-based companies. As this 

study also uses cross-sectional data, strong conclusions cannot be drafted regarding the true effect of 

the variables over time. Furthermore, it was impossible to include all the characteristics that affect 

cross-selling due to the unavailability or quality of the model, there might be an omitted variable bias 

effect. Also, this model does not differentiate between customers that use two products or customers 

that use five products. At last, actual customers of Company X are not incorporated into the 

interviews.  

Recommendations for future research can be discussed considering these limitations. Hence, 

employing the constructed model in a different context instead of telecom-based customers might 

test the external validity of this model. In addition, It is unsure since the component revenue is not 

incorporated in the model, incorporating the revenue in the model can somehow make it more 

relevant for Company X. Implementing factors such as the firm’s marketing effort (Kumar et al., 2008) 

and the channel in of acquisition (Hitt & Frei, 2002; Verhoef & Donkers, 2005), or the NPS score in a 

next-level data-driven cross-sell model might improve the predictive performance. Besides, data 

management practices can be improved to generate higher-quality models. Next to that, It might be 

interesting to look at several purchase patterns and investigate which patterns are associated with 

higher cross-selling abilities, besides to look at which sectors and countries are associated with which 

patterns. Finally, the results of the model indicate that incorporating other behavior instead of the 

platform login, such as the usage of the platform of customers in a next-level cross-sell model 

increases the performance.  

At last, there are also some implications for managers. This logistic regression model can be 

implemented by Company X on their current customer base to cross-sell them other products in their 

portfolio. Furthermore, this model can be implemented to better identify new customers that fit into 

the profile of the typical customer to sell multiple products and acquire these customers accordingly.  

At last, this cross-sell model provides the means to revise this strategy. In revising the strategy, use-

cases or previously success-cases can be implemented for high probability cross-sell profiles or 

markets as indicated by the model.  
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1. Introduction 
Imagine an online service provider that wants to increase its recurring revenue from customers. 

Overall, the service provider has two options, either acquiring new customers or generating more 

revenue from their existing customers. In this particular situation, acquiring new customers seems to 

be the most attractive solution as they may replace the customers who decided to leave. Nevertheless,  

it can cost five to ten times more to attract a new customer compared to the costs of keeping an 

existing customer satisfied, making acquiring new customers very costly (Kotler & Armstrong, 2013). 

Hence, an alternative way to increase the recurring revenue and thereby transforming customers from 

single-product buyers to multi-product buyers, is to employ the sales strategy known as cross-selling 

(Kamakura, 2007). Hence, cross-selling encourages customers to purchase product [Y] in addition to 

product [X], as visualized in Figure 1.  

 
Figure 1: Cross-selling example 

According to this cross-selling principle, the overall revenue generated increases and the relationship 

(i.e. satisfaction) with those customers improves. However, cross-selling must at all times be needs-

based, as it otherwise might end up generating negative effects. For example, these effects can 

negatively affect the relationship between the seller and customer, as it may push the customer too 

much to buy an additional product and therefore motivate the customer to move to a competitor 

(Kamakura, Wedel, Rosa & Mazzon, 2003).  

Additionally, to address the relevancy of this strategy in this particular context, a recent survey by 

KeyBanc (2019) performed within service-oriented companies with benchmarking data, emphasizes 

the importance of this cross-selling concept. The study found that more than 37% of the annual 

recurring revenue for software service firms in the United States, was related due to up-sells and cross-

sells. This survey indicates that in generating sufficient recurring revenue, service-oriented firms 

nowadays are forced to employ these sales strategies. For this reason, an increasing amount of 

companies focus on maintaining and generating increased profits from their existing customers 

instead of acquiring them.  

Existing research on the topic of cross-selling reveals that studies focus on applications for the 

business-to-business (B2B) and business-to-consumer (B2C) markets, including all sorts of smaller, 

medium, and larger customers. These studies are performed in various contexts, such as the financial 

and retail sectors. Here, most studies are mostly confirmative use quantitative modeling techniques 

to test the effects of different predictors such as customer satisfaction or firm’s marketing effort on 

the cross-buying, or the multi-product purchase behavior of the customer (Kumar, George & Pancars, 

2008; Verhoef, Franses & Hoekstra 2001, 2002; Verhoef & Donkers, 2005). Nonetheless, there has 

been no detailed quantitative investigation of cross-selling predictors in the context of smaller and 

medium customers, complementary to the telecom business sector.  
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Yet, this thesis examines the smaller and medium customers of Company X’s and aims to identify and 

investigate predictors that influence the ability to sell multiple products or cross-selling. In an attempt 

to tackle this issue, the mixed-method study is divided into two different parts, existing out of 

qualitative and quantitative research, known as mixed-method research. in the first section is 

concerned with the qualitative methodology and involves the reporting of the results of the interviews 

from several employees at Company X. These interviews will be used to acquire other variables to 

identify cross-selling, gather a deeper understanding of the data, and provide more insights into the 

customer base of Company X. In the second, the most dominant and quantitative approach of the 

mixed-method study, the data from the databases of Company X will be collected, prepared, and 

analyzed. Finally, a model will be selected and evaluated by connecting these findings from the 

literature with the findings from practice.  

1.1. Company Background 
Company X was founded in 1999 as a smart service provider covering only SMS-messaging services. In 

the past twenty years, the company grew from these SMS services to cover all different kinds of cloud-

based communication services (e.g. Whatsapp for Business, Apple Business Chat, Google RCS, 

WeChat, Telegram, and Viber) worldwide. Other products or services in the portfolio of Company X 

vary from payments, ticketing, to digital signature software. In doing so, Company X acts as a postman 

that delivers the message to the customer, in which they use the network of network operators but 

provide the technology to do so. These mentioned services are accessible within their integrated 

communication platform (CPaaS) platform. Moreover, their sales are restricted to telecom-oriented 

customers, which consists of other businesses, or the so-called business-to-business (B2B) market. 

However, private customers can create and test platform features online, which indicates that some 

of them are incorporated into the customer base.  

Additionally, more than 20 companies, such as payments, marketing, and ticketing companies were 

acquired by Company X, this was possible through their strong merging and acquisition activities, or 

M&A in short. Due to this and its quick-growing strategy, the company now employs over 500 people, 

with international offices recently opened in the United States and Asia.  

Offering all those products in Product II makes them unique compared to their competitors since most 

of them are limited to offering one or a few of these products. Additionally, for the storage of their 

data, Company X utilities three main systems, these are the customer relationship management 

(CRM), a financial system, and data platform. In these systems, they collect firmographic data such as 

the country and sector, transactional data, and behavioral data of the customer in the platform. 

Overall, this provides Company X with the opportunity to get more insights into their current customer 

base concerning marketing and sales activities.  
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1.2. Problem Statement 
Currently, the sales strategy of Company X’s focuses on maintaining and building new relationships 

with larger customers. Hence, a small percentage of their customers account for a large percentage 

of their generated revenue. Specifically, around 95% of the revenue is generated by the top 5% of the 

customers. This can be a substantial financial risk for Company X since almost all generated revenue 

of the company depends on several larger customers. Nonetheless, to reduce financial risk and 

generate more revenue, Company X wants to generate more recurring revenue from its existing 

smaller and medium customer base.  

In order to gather a broad understanding of the actual problem at Company X, explorative interviews 

were conducted. Interviewees have been chosen according to employees’ functions in the company. 

These functions range from the Chief Operating Officer (COO), Senior Product Manager, Data 

Consultant, Sales Manager, and other Graduation Interns. Here, the participants indicated that the 

current customer base of Company X exists out of several larger accounts. On the contrary, their 

customer base also exists out of many small and medium customers, which provides Company X with 

opportunities concerning cross- and up-sell. A few years ago, several attempts have been made to 

semi-randomly contact these existing small and medium customers to cross-sell them. However, none 

of these attempts proved successful, which resulted in not actively implementing this type of sales 

strategy. Although, it has become increasingly evident that acquiring new customers can be very time- 

and cost-intensive. Next to that, there are fewer customers available due to that most of them have 

already been targeted, making this process even more time- and cost-intensive. Due to these facts, it 

has become evident that Company X needs to target its current customer base and implement sales 

techniques such as up- and cross-selling to generate more revenue from these customers.  

Additionally, Company X collects various types of data in their customer relationship management 

(CRM) platform of every firm in its customer base. Specifically, the information varies from financials 

such as the invoiced amount per period or the products that the customers use. Other information 

includes more customer-specific information such as the parent company, the total number of 

employees, and the standard industry classification (SIC) of the firm.  

Taken together, considering the broad amount of information that is collected, and the problem 

Company X is facing. It would be interesting to determine the type of customer that is more prone to 

cross-selling and target them accordingly. Overall, it is expected data mining on this data can be used 

to gather knowledge concerning the characteristics that influence the ability to cross-sell their existing 

smaller and medium customers. In doing so, it provides Company X with more successful cross-sell 

opportunities and therefore more revenue from its existing customer base. According to the 

information as stated earlier, the following problem statement can be formulated: 

“Company X misses out on revenue on their existing smaller and medium customers because they do 

not actively apply any sales techniques such as cross-selling. Next to that, the majority of the revenue 

is generated by a small percentage of their larger customers, inducing financial risks. Therefore, for 

Company X it is important to determine and select characteristics that influence the cross-selling ability 

of these customers and target the high cross-sell ability customers accordingly.” 
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1.3. Research Question 
This section covers the description of the main research questions and the two sub-questions. As 

discussed in the problem statement, Company X can take advantage of the ability to predict cross-

selling abilities utilizing certain customer and firmographic factors. For example, Company X can 

employ a probability-based selection of cross-selling participants for marketing purposes, in which 

customers are selected based on the cross-sell success of their segments in the customer base. In 

doing so, it would be interesting to determine the factors that affect cross-sell opportunities. Hence, 

the central research question is defined as follows:  

 

What cross-selling opportunities concerning small and medium customers can be derived from 

data mining applied to different types of customer-related data? 

 

In order to support the central research question, two sub-questions have been defined. In these 

subquestions, a division is made between two different types of variables. These are respectively 

customer- and firmographic characteristics or variables. These characteristics will be identified from 

both the literature review in the theoretical background as the qualitative interviews. Hence, the first 

subquestion is stated as follows: 

Subquestion 1: Which customer- and firmographic characteristics can be used to determine the cross-

selling ability of small and medium customers? 

 

From the first subquestion, several characteristics are defined in the theoretical background along 

with the qualitative study. Accordingly, these are linked to actual quantitative parameters that can be 

used for the prediction of the cross-selling ability of the customer. In the end, these parameters or 

predictors will be used to determine the probability of cross-selling, these will provide information 

concerning the test the power of the predictors. Therefore, the second subquestion is stated as: 

Subquestion 2: What is the predictive power of these characteristics on the cross-selling ability of the 

customers from Company X? 
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1.4. Thesis Outline 
The remaining chapters of this report are structured according to the sequential mixed-method 

methodology, in which the quantitative part is structured according to the phases of the CRISP-DM 

methodology. Furthermore, Chapter 2 presents the theoretical background concerning cross-selling. 

Subsequently, Chapter 3 will elaborate on the methodologies used in this thesis.  As the first part is 

qualitative, Chapter 4 will shed light on the analysis and results of that approach. Following that, 

Chapter 5 will discuss the quantitative part and illustrates all the phases of the CRISP-DM 

methodology, along with the presentation of four alternative models with their metrics, results, and 

evaluation. Chapter 6 will discuss the study, containing the answers to the research questions, 

interpretation of the results, theoretical contributions and implications, managerial implications and 

limitations, and future research. Finally, Chapter 7 will present the conclusions of this study.  
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2. Theoretical Background 
This theoretical background sheds light on three fields in the literature, i.e., customer relationship 

management, data mining, and sales strategies for up-selling and cross-selling. This is structured in a 

way that is funneled towards the main topic of this thesis, namely cross-selling. A structural literature 

review has been performed as described in the procedure in Appendix D. Hence, twelve (12) articles 

are carefully selected based on their relevance to this study, to create a viewpoint of the different 

findings regarding the predictors of cross-selling, research contexts, variables, and methodologies 

used. From these twelve articles, Table 16 in Appendix E provides an overview of the nature, 

specifications, and findings of those articles. Although, the selected articles might have been extended 

with several other important articles on the way which might not be included in this literature review. 

2.1. CRM and Data Mining 
As introduced in the 1980s, Customer Relationship Management (CRM) is defined as a combination 

of people, processes, and technology that seeks to better manage and understand their customers (I. 

Chen & Popovich, 2003). CRM is an integrated approach to manage customer relationships by focusing 

on customer retention and relationship development. Existing literature shows that CRM is 

investigated from three major different perspectives, these are consequently strategy (Payne & Frow, 

2006), integration (Finnegan & Currie, 2010), and data mining (Hosseini, Maleki & Gholamian, 2010; 

Rygielski, Wang & Yen, 2002). The increasing popularity of the concept of data mining seems also 

result in more recent studies concerning this perspective. Hence, researchers are increasingly 

interested in using data mining for historical data. For example, to identify specific customer 

applications of certain strategies, or to classify and cluster these different types of customers. In this 

sense, data mining is used to build models with data, in which choices are based on data characteristics 

and business requirements (Thanuja, Venkateswarlu & Anjaneyulu, 2011). According to Thanuja et al. 

(2011), data mining can help companies to better understand the large amount of data collected by 

the CRM system. Next to that. it has a contribution for researchers to identify and extract information 

from different data sources (Hosseini et al., 2010). Applications such as the proactive management of 

customer retention, identification of cross-selling and up-selling opportunities, profiling of customers, 

and customer segmentation are common objectives that can be solved with data mining use on CRM 

data (Changchien, Lee & Hsu, 2004).  

By combining CRM and data mining, data mining studies applied to CRM information, focus on at least 

one of the four dimensions of CRM as explored by Thanuja et al. (2011). These are respectively, 

customer identification, customer attraction, customer retention, and customer development. 

Extensively investigated in the literature are applications such as the segmentation of customers 

(customer identification domain), or features that affect the churning probability of customers 

(customer retention domain). Additionally, Ngai, Xui & Chao (2009) denoted in their extensive 

literature review concerning data mining studies applied on several types of CRM-data, that the 

customer development domain is underrepresented in the literature and more research can be 

conducted in this type of domain. Generally, In this customer development domain, there are two 

common types of sales strategies. On the first hand, there is upselling and is known as selling a more 

expensive version of the same product. On the other hand, there is cross-selling and is known as selling 

other or additional products to the same customer. Moreover, both these sales strategies can help 

any firm increase its customer lifetime value, improve the relationship with customers, and reduce 

the probability of customers churning (Kamakura, 2007; Prinzie & van den Poel, 2006). Hence, making 
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studies covering this subject be interesting in the sense that it could also affect the other domains as 

defined by Thanuja et al. (2011). Therefore, the next section will shed light on the available literature 

concerning both these sales strategies.  

2.2. Sales Strategies 
As briefly mentioned, as part of the customer development domain, companies can employ two basic 

sales strategies to generate more revenue from their existing customer base, these strategies are 

known as upselling and cross-selling. First, upselling is either the increase of order volume by the sales 

of more units of the same purchased item or by upgrading the item or service into a more expensive 

version of the purchased item (Kamakura, 2007). Second, cross-selling concerns the sales of additional 

products or services to an existing customer (Ngobo, 2004), or to transform the customer from a 

single-product to multi-product buyers (Kamakura, 2007). Moreover, both upselling and cross-selling 

have lower associated costs compared to acquiring new customers because the firm already has some 

relationship with the customer (Kamakura et al., 2003). Although both sales strategies affect the total 

purchased amount, both are relatively well-known old sales strategies but changed radically with the 

advent of CRM (Changchien et al., 2004). 

Interestingly, only a few studies focus on upselling. In addition, some studies also studied both 

upselling as cross-selling in the same study (Drèze & Hoch, 1998; Kamakura et al., 2003; Reinartz, 

Thomas & Bascoul, 2008). Hence, it seems that this topic received less attention in the literature 

compared to the other earlier mentioned cross-selling. To illustrate one of the few studies, Kim & Kim 

(1999) developed a stochastic model to estimate the probability of upselling their life insurance 

customers. The model is based on demographic characteristics such as types of professions and age 

of insured and predicted the maximum insurance premium that could be sold for each of the potential 

customers. Each customer could then be rated with a probability of upselling them. 

The literature review presented by Johnson & Friend (2015) provides a recently published academic 

overview of upselling and cross-selling and provides insights into the differences in the behavioral 

consequences concerning the strategies of upselling and cross-selling. The authors mentioned that 

upselling can cause completely different customer benefits compared to cross-selling. Moreover, the 

purchase of as similar more expensive and luxury products compared to the purchase of products 

from different categories has different rationales. This indicates that both strategies have different 

meanings and are independent strategies that should be applied with unique goals in mind (Johnson 

& Friend, 2015). Therefore, the characteristics that influence these strategies should be considered 

independent and cannot be generalized meaning that these concepts are therefore conceptually 

different. Next to that, the literature review also indicates that almost all literature concerning these 

sales strategies focuses on both the customer and firm’s perspectives of selling multiple products, 

known as respectively cross-buying and cross-selling. Hence, the next section will discuss cross-selling 

in more detail. 
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2.2.1. Cross-selling  

One of the rationales of service-oriented firms to employ cross-selling is that the switching costs 

increase when more products are purchased, indicating that the customer has to deal with high costs 

when changing from one vendor to another (Answell, Harrison & Archibald, 2007). This is a fixed state 

in which a customer feels that he or she cannot or will not be able to leave, or has a high level of 

confinement to one service provider (Harrison, Beatty, Reynolds & Noble, 2012). Furthermore, 

according to Kamakura et al. (2003), applying the strategy of cross-selling to your customers can have 

two major advantages. First, it can positively influence the relationship with the customer, in which 

having more contact with your customers seems to result in more loyal customers. Second, it can 

increase the overall value of the customer over the lifetime of the relationship, because the purchase 

of other products or services usually comes with higher prices. This is consistent with the findings of 

Venketasan and Kumar (2004), as he found that cross-selling is an important driver of customer 

lifetime value. Here, this indicates that more revenue is generated over the lifetime of the customer, 

by employing a dedicated cross-selling strategy. Yet, cross-selling attempts can also harm the 

relationship between the firm and the customer. Contacting the customer frequently can motivate 

the customer to switch to the competitor. The trade-off between these facts should be taken into 

account when decided to cross-sell customers (Kamakura et al., 2003). 

In general, there are can be viewed from two different viewpoints. These can be respectively, the 

customer perspective represented by cross-buying or the firm’s perspective as illustrated by cross-

selling. Although, most researchers take the constructs of cross-selling and cross-buying from a 

correlational point of view (Drèze & Hoch, 1998; Kamakura et al., 2003; Kumar et al., 2008; Reinartz 

et al., 2008). Kumar et al. (2008) stated that defining factors that influence cross-buying behavior 

(customer perspective) can also increase the effectiveness of cross-selling strategies. In doing so, 

identifying customers who are most likely to cross-buy or have the largest ability to cross-sell is the 

first and most important step in developing a cross-sell strategy. Overall, this indicates that important 

predictors can be defined using the literature from both perspectives. Hence, both the predictors 

concerning the customer and firm perspectives of cross-selling will be generalized, and thus these 

perspectives will be considered equal in this study. The different predictors that are identified will be 

discussed in section 2.3.3. 

2.2.2. Attention in the Literature: Cross-selling 

Despite the growing importance of relationship marketing, the subject of cross-selling has received 

limited attention in the literature before the 2000s (Kamakura, Wedel, Rosa & Mazzon, 2003). 

Nevertheless, in the last years, an increased amount of articles is published concerning cross-selling 

purposes. Specifically, applications range covering the identification of common purchase patterns of 

products based on transactional and ownership data. Next to that, other studies focus on the 

identification of important factors that influence the cross-sell ability of the salespersons. Here, the 

first subject seems to be more relevant in this study, in which articles apply different types of data 

mining techniques to identify patterns in the data. Nonetheless, the other studies can also provide us 

with good insights concerning the influence of the salesperson on the cross-buying behavior of the 

customer.  

Overall, the identified literature concerning cross-selling uses datasets from different industries such 

as the retailing industry (Kumar et al., 2008; Liu-Thompkins & Tam, 2013; Ngobo, 2004), financial 

banking (Kamakura et al., 2003; Knott, Hayes & Neslin, 2002; Li, Sun & Wilcox, 2005) and the insurance 
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sector (Verhoef et al., 2001, 2002; Verhoef & Donkers, 2005). To provide the reader with a better 

understanding of all different articles concerning cross-selling, cross-buying, and data mining, the 

development of scientific articles over time is visualized in Figure 2.  

 

 
Figure 2: Articles of cross-selling and cross-buying applying data mining (1995-2019) 

 

Figure 2 visualizes the number of published articles around cross-selling and cross-buying applying 

data mining from 1995 to 2019 and is extracted from the Scopus analyzer. The Scopus analyzer is a 

tool on a portal that collects all sorts of academic articles, in which it can group different articles for 

each year in a graph, making trends visually identifiable. As a result of this tool, more than 250 related 

articles are identified, with a clear upwards trend visible starting around 2002. As Kamakura et al. 

(2003) already mentioned, the subject received limited attention in the academic literature before the 

2000s. Since then, in line with the findings as depicted in Figure 2, the topics of cross-selling and cross-

buying applying data mining gained popularity. 

As indicated in Figure 2, there is a peak of 25 articles published in 2008. However, this cannot be 

explained objectively. When taking a close look at those articles, it appears that most of these articles 

are related to the retail bank sector. This points out that there is an increased interest within this 

sector for cross-selling their financial products. Partly, this can be explained by the global trend of 

cross-buying of financial services, as a consequence of the advent of IT and big data capabilities that 

have provided the banking sector with the means to perform these types of applications on CRM data 

(Tung & Carlson, 2015). 
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2.2.3. Predictors for Cross-Selling 

Resources for marketing are not infinite and not all customers are applicable for cross-selling (Kumar 

et al., 2008). However, to make a selection of customers that seem most applicable to cross-selling, 

different predictors or drivers for cross-selling must be defined, Despite the importance of identifying 

those drivers, limited research has been done yet (Kumar et al., 2008).  

Around 30 years ago, Kamakura, Ramaswami, and Srivastava (1991) were one of the first that 

investigated cross-buying of different financial services in identifying the order in which households 

acquire financial services. Consequently, they used this to estimate the probability of acquiring other 

financial products given the information on ownership of products of certain products and the 

demographics of the household. Moreover, common literature still maintained this division between 

the different types of variables used in this study of Kamakura et al. (1991), known as the customer- 

and demographical or firmographic characteristics in this context. Hence, this study also divides the 

different predictors into these categories. In the following section, these customer and firmographic 

characteristics will also be categorized and discussed in this order.   

2.2.3.1. Customer Characteristics 

In the following section, three different customer characteristics to affect the ability of cross-selling 

will be discussed as identified from the literature. Customer characteristics are defined as the 

customer’s habitual buying behavior and transactional patterns (Kumar et al., 2008). The twelve 

articles as selected in the literature review as presented in Appendix D shed light on all different 

identified customer characteristics concerning cross-selling in the literature. Yet, being further 

investigated are respectively, the relationship with the customer, first product purchase, current 

product ownership, and customer loyalty. 

First, building trust and improving the relationship with the customer, can be the first step in a sense 

of fitting and selling multiple products to the customers. The account manager is a personal contact 

point for the customer and is responsible for maintaining the relationship between them. Mäenpää 

(2012) found that having a dedicated account manager can communicate SME customers with 

numerous benefits of the product and thus has an influence on the cross-buying behavior of the 

customer. This is in line with the findings of Alejandro et al. (2011). The authors found that to further 

increase the customers’ loyalty, dedicated account managers can help to establish a good relationship 

between the seller and the customer. On the other hand, assigning a dedicated account manager to 

each customer can be an expensive job. Hence, the account manager is usually assigned to a customer 

that generates sufficient revenue to be still profitable with the job. The tradeoff between those points 

seems to be important for companies when dedicating an account manager to a specific customer. 

Second, Kumar et al. (2008) investigated the drivers and consequences of cross-buying in a retailing 

context. In their article, they reported that the category of first purchase is an important driver of 

cross-buying products. Indicating that some products that are purchased as the first product, do have 

a higher probability to get cross-sold compared to other products. Yet, findings in two different studies 

suggest that current product ownership is an important predictor in determining to cross-sell 

opportunities (Knott et al., 2002; Li et al., 2005). Specifically, Knott et al. (2002) developed a Next-

Product-To-Buy (NPTB) model that reduces the waste of poorly targeted cross-selling activities by 

predicting the product each customer would be most likely to buy next. According to this NPTB model, 

the ownership of certain products is associated with better abilities to cross-sell other products. These 



 

25 
 

articles suggest that the current product or products that the customer owns, are important predictors 

in which product the customer buys next. Although, including both the category of first purchase and 

the current product ownership seem to be redundant to fit within one single predictive model.  

Third, customer loyalty is a dedication on the part of the buyer to maintain a relationship, and 

therefore the devotion to buy the product or service repeatedly (Oliver, 1997). Moreover, Reinartz et 

al. (2008) found that purchasing items from multiple categories (cross-buying) is by and large a 

consequence of behavioral loyalty, not an antecedent, this indicates that both of these concepts come 

hand in hand. The authors also mentioned that behavioral loyalty drives both the number of 

categories purchased, as the level of spending dispersion across those categories. Furthermore, 

Verhoef et al. (2001) found that there is strong evidence that the relationship age moderates the link 

between satisfaction and the cross-buying of customers. Specifically, the authors found that the 

positive effect of satisfaction on cross-buying is larger for customers with lengthier relations compared 

to shorter relations. Thus, the positive effect of satisfaction is increased by relationship length. 

Although, Reinartz et al. (2008) defined customer as the relationship duration, buying frequency, 

revenues, or share of wallet. Since this author defined relationship duration as part of customer 

loyalty, this indicates the relationship duration also positively affects the probability of cross-selling or 

from here the cross-sell ability of the customer. Yet, a full discussion of more customer characteristics 

lies beyond the scope of this study. Other topics that can be researched include the acquisition 

channel (Hitt & Frei, 2002; Verhoef & Donkers, 2005), payment equity or perceived fairness of the 

price for long relationships (Verhoef et al., 2001), the income, and behavioral variables such as the 

firm’s marketing effort (Kumar et al., 2008).  

Yet, the three predictors in the literature which provide the means to identify other variables are 

respectively the relationship management by employing a dedicated account manager, the product 

of first purchase, and customer loyalty presented by the age of the relationship.  

2.2.3.2. Firmographic Characteristics 

Firmographic characteristics are defined as characteristics for business customers (B2B), which are a 

combination of demographics and geographics intending to capture customer heterogeneity 

(Vanketasan, Kumar & Bohling, 2008). Specifically, demographical types of variables are commonly 

used in business-to-consumer (B2C) types of studies, such studies use different variants of 

transactional data to identify patterns and predict purchase behavior. Firmographic characteristics are 

comparable with the demographic characteristics for business-to-consumer (B2C) customers. Hence, 

firmographic variables can include the type of industry, the age, and size of the firm, the annual 

revenue, and the physical location of customers (Kumar, 2018), Yet, demographic variables, can vary 

from the type of education, sex, income (Kamakura et al. 2003; Kumar et al. 2008; Li et al. 2005). In 

reflecting on this, the next section will provide insight into the different applications of firmographic 

variables in cross-selling studies.  

Vankatesan and Kumar (2004) quantitatively investigated customer data from a large multinational 

that sells high technology products. The authors found that other firm's businesses in the financial 

services, technology, consumer packaged goods, and government-industry on average have greater 

profitability. However, the study of Kumar (2018) found that firmographic variables such as the size 

and industry of the business have a significant effect on customer profitability. Reinartz and Kumar 

(2003) stated that customers who cross-buy from a firm tend to have a longer profitable lifetime 

https://www.sciencedirect.com/science/article/pii/S0019850110001677?casa_token=jBroNSU71I4AAAAA:mI_SjyznJ0XiG3bLTqeEuvhMt7uyHxs1RgmIpqiWtU9kRS5yuslri6t-9MnHrp9MQQ51198WOA#bb0310
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duration. Hence, the authors indicate that the concepts of profitability and cross-selling come hand in 

hand. Therefore, it would be interesting to investigate whether the sectors who have higher 

profitability, thus also have larger cross-selling abilities.  

Next to that, different authors indicate that certain relations between the earlier identified predictors 

in the literature (i.e. first product purchase or relationship duration) and the cross-selling ability of the 

customer, can also be affected by firmographic factors such as the sector, annual sales of the firm, or 

the demographical location of the customer (Z. Chen, Fan & Sun, 2016) or the type of organization 

(Desarbo et al., 2001). Hence, making firmographic variables, common variables used in cross-selling 

studies to control for the effect of the other variables, also known as control variables (Kumar et al., 

2008). Formally, control variables are used to exclude certain alternative explanations from the 

independent to the dependent variable. However, this type of variable can also be helpful for firms to 

characterize and categorize the customers into identifiable and attractive segments, to help the firm 

improve its CRM efforts.  

To date, several firmographic characteristics are investigated and are noted as common control 

variables in the process of identifying predictive variables for cross-selling. In which the characteristics 

include information such as the sector in which it operates, the location, but also the type of 

organization. Hence, these types of data will also be used throughout this study to identify and 

characterize the customers more applicable to cross-selling. However, the external validity or 

generalizability to the world at large of those characteristics in the existing literature on this issue is 

problematic. Since most of these characteristics are context-dependent and thus differentiate for each 

specific type of application. 

2.3. Theoretical Framework 
This section will summarize the theory that has been investigated to determine whether customers 

are more prone to cross-selling, this resulted in the features within the characteristics as illustrated in 

Figure 3.  

 

Figure 3: Theoretical framework with the characteristics that affect the ability of cross-selling. 

As Figure 3 illustrates, different characteristics have been identified in the literature to be important 

in the identification of cross-selling opportunities. Hence, the next step is to link these variables to 

data available in the databases in Company X, the process in doing so will be discussed in the 

quantitative study.  
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3. Methodology  
The next chapter will list and discuss all methods used, hence providing the reader with a better 

understanding of all methods used in this research, First, the definition and description of the 

overarching mixed-methods methodology will be discussed. Second, as part of the mixed-methods, 

the qualitative study method concerning one-to-one interviews will be discussed. Finally, the 

quantitative or data mining methodology or CRISP-DM methodology will be elaborated.  

3.1. Mixed-Methods Design 

In this study, the mixed-method design known as the exploratory sequential mixed-method (qual  

QUAN) design is used. This method is characterized by a qualitative method design followed by a more 

dominant quantitative method. The focus is on the quantitative part and is supported by the findings 

of the qualitative study. Using this type of method that involves two different approaches has 

numerous advantages. First, the combination of both methods can generate more credible research 

results compared to the use of one method. Second, it generates more generalization towards the 

results. Next to quantitative and qualitative research, these mixed-methods studies are described as 

the third methodological or research paradigm (Johnson, Onwuegbuzie & Turner, 2007), and provides 

the handles of integrating both qualitative and quantitative research. Hence, combining the strengths 

of both methodologies will give a better understanding of complex phenomena qualitatively as well 

as explaining these phenomena with quantitative numbers, graphs, and statistical analyses (Creswell, 

1999).  

Moreover, by mixing or integrating these research methods at some stage of the research project, this 

study would generate a better understanding of the research problem (Creswell, 1999). It is especially 

important in this type of research, that the interpretation and integration of the results are purposely 

formulated since the mixed method combines two different types of results. Despite the differences 

in methods of the collection, analysis, and interpretation of the data, a typical mixed-methods 

example would be to use semi-structured interviews with structured questionnaires to generate 

confirmatory results (Harris & Brown, 2010). However, it has not been in the specific case where 

predictors (independent) are constructed for a certain outcome variable (dependent) of interest, as 

done in this study. However, this study is neither fully confirmative nor explorative. On the one hand, 

it is confirmative, since different predictors found in the literature will be tested. However, 

confirmative studies use hypotheses, which are not included in this study. On the other hand, it is also 

explorative, in which the involvement of interviews in this study will also lead to more in-depth 

knowledge concerning the data management, cross-selling approaches, and other available data 

types. 

If the only qualitative in the form of interviews would have been used, the research would generally 

be based on the opinions of interviewees. Besides, if only quantitative research would have been used, 

there would be a lack of knowledge towards the management of the data, behaviors, and preferences 

of all customers of Company X. In implementing this method, both methods will provide a better 

interpretation and substantiation of the results derived from the quantitative study. As a result, this 

study provides Company X with the opportunity to satisfy other needs and wants of their existing 

customers by cross-selling their other products. 
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3.1.1. Visualization of the Mixed-Method Design 

In order to provide the reader with a better understanding of the different phases in this study and 

how they are connected, visualization is required. Without visualization, it would be more difficult to 

understand all the different steps involved in this study (Ivankova, Creswell & Stick, 2006). As 

illustrated in Figure 4, all of the steps within the phases include a column related to the procedures 

and products. These procedures and products are related to the instructions that are required during 

this phase along with the delivered product.  

 
Figure 4: Mixed-methods visual model: exploratory sequential design 

Figure 4 provides a general overview of this study. Specifically, the round shape indicates any action 

relating to multiple approaches (i.e. qualitative and quantitative), the rectangular shape consists of 

one single approach (i.e. qualitative or quantitative). As the left column visualizes, the first phase 

consists of qualitative data collection and data analysis. In addition, the second phase covers the last 

four phases of connecting the approaches, the quantitative data collection and analysis, and the 

integration of all the results.  
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3.2. Qualitative Study 
This mixed-method study consists of two separate methods that will be integrated as described in the 

previous section. Hence, the first method is qualitative in the form of semi-structured interviews, 

therefore these will be discussed first. Next to that, the selection criteria for the inclusion of 

participants and the participants will be discussed. Finally, the interview protocol and template 

analysis methodology used to analyze the interview data will be elaborated and discussed.  

3.2.1. Semi-Structured Interviews  

Semi-structured in-depth interviews are a specific form of interviewing in which a part of the questions 

are formed before the interview. Additionally, there is also some space for improvisation and 

questions can be adjusted to the responses of the interviewee. Hence, providing the interviewer with 

the opportunity to ask in-depth questions regarding certain subjects mentioned by the interviewee. 

Although the interviewer has a checklist of subjects and questions, the intention is to get the 

interviewee to talk in more detail covering several important subjects. So, overall, the key advantage 

of using this method of interviewing is both flexibility and richness details regarding the subject (Qu & 

Dumay, 2011). This aligns with the partly explorative nature of this study and is also a common method 

used in this type of research (Harris & Brown, 2010). Initially, the aim is to perform the interviews in 

person. Nonetheless, due to the current coronavirus situation, some of the interviews will be 

conducted with the use of a digital method such as Microsoft Teams or Skype. All of the interviews 

will be recorded, which provides the researcher with the possibility to re-analyze the same interview 

afterward. To get more in-depth knowledge about the participants, interview protocol, and the 

method of analysis, these will be described consequently. 

3.2.1.1. Selection of Participants 

This section will define the number of participants and criteria used, to select the participants for the 

semi-structured interviews. For the determination of the number of participants, a recent study of 

Berman (2017) provides some insights. The author indicated that the numbers of participants in 

mixed-method studies ranged between five (5) and twenty-five (25). Since the qualitative part will not 

be the dominant methodology used in this study, eight (8) semi-structured one-to-one interviews will 

be conducted with internal employees of Company X.  

In selecting the participants, criteria are defined to include those participants to shed light on different 

aspects concerning cross-selling. Specifically, these criteria range from both having the top-down and 

bottom-up sides of cross-selling, with respectively senior function participants and participants that 

actively apply the concept of cross-selling in their job. Specifically, the account manager and support 

representative can shed light on insights regarding the customer. while on the other hand, the product 

managers are working at Company X for some time and thus can provide detailed information 

concerning the product structures, opportunities, and visions of Company X. Nonetheless, it would 

also have been interesting to interview several customers of Company X because cross-selling only 

works if committed from both sides, respectively buyer and seller. However, cooperation from the 

customers was currently not possible due to constraints regarding the current coronavirus pandemic. 
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Table 1: Interview perspectives and participants along with their functions in Company X 

Participant Function Perspective 

1 Account manager Customer  
2 Product manager (Platform) Data / Product 
3 Senior field account executive Customer 
4 Product manager (CRM) Data / Product 
5 Support representative Customer 
6 Senior account executive Customer 
7 Sales manager Sales 
8 CMO Marketing 

 

An overview of the participants including their function is listed in Table 1. Respectively the first 

column indicates the order of the participants, in which interviews are prioritized based on their 

importance. The second column will list the function of all the participants. Hence, more senior 

function participants are placed in the end because they provide a more top-down level understanding 

of cross-selling. This can therefore be easier reflected on the bottom-up perspective as provided by 

the first participants. At last, the third and hence most right column will indicate the perspective or 

topic that is of importance for these participants, which also consists of different questions as defined 

in the interview protocol in Appendix F.  

In doing so, the distinction between the participants is made by using five different perspectives, 

respectively the customer, sales, marketing, data, and product perspectives. On the one side, the 

customer perspective will shed light on the bottom-up perspective of cross-selling and thereby the 

use of cross-selling strategies and insights concerning the customers.  On the other side, the sales and 

marketing perspectives shed light on the top-down perspective of cross-selling, success and fail 

factors, and the use of demographical factors to select cross-selling participants. Finally, the data and 

product perspectives will provide more knowledge concerning the databases, quality of the data, and 

detailed information regarding the products.  

Taken together, eight different interview participants will be conducted that shed light on the five 

different perspectives each with their relevancy. Participants are selected based on their perspective 

complementary to their job experience. Overall, these interviews will result in more insights and 

knowledge regarding the current cross-sell process, customers, and data available at Company X. 

3.2.1.2. Interview Protocol  

This section will provide detailed information concerning the protocol used for interviewing. In doing 

so, an interview protocol is a form of a script that the interviewer can draft upon interviewing the 

selected person. Since the interviews are semi-structured, the protocol is not completely scripted. The 

interviews will be conducted in Dutch and translated into English for analysis, this can generate some 

translation error and thus requires to be interpreted and translated correctly.  

The iteratively developed protocol used for interviewing is described in Appendix F and exists out of 

three different parts. First, the introduction includes a brief introduction of the interviewer, ice-

breaker questions to create trust and comfort for the interviewee, and an explanation of the topic 

cross-selling. Second, the next part is perspective-specific and differentiates for all of the interviews, 

indicating that they are specific for groups of participants as defined in section 3.2.2. In the selection 

of questions for all of these perspectives, interview questions previously used by Schaefer (2002), 

Schmitz (2003), Sujan, Weitz & Kumar (1994), Malms & Schmitz (2011) are included. Moreover, the 
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interviews differentiate for each of the different perspectives and differentiate related to their 

knowledge and position within Company X. Finally, the closing section will identify and explain the 

different predictors regarding cross-selling from the literature. Here, the interviewee is asked whether 

some of them are recognizable and will ask for their opinion.  

3.2.2. Qualitative Data Analysis: Template Analysis 

The next section will shed light on the qualitative methodology used to analyze the semi-structured 

interviews. Castro, Kellison, Boyd & Kopak (2010) developed a method of integrating qualitative with 

quantitative methods. In doing so, the researchers converted the interview response codes into 

thematic categories. From these generated themes from qualitative one-to-one interviews and 

converted the themes into quantitative predictor variables. One of the major advantages of such a 

method is that such designs can strengthen the confirmatory results drawn from the quantitative 

multivariate analysis along with the deep structure explanatory descriptions as drawn from qualitative 

analyses (Castro et al., 2010). Their method consists of five different steps, these are consecutive, (1) 

focus questions and their eliciting responses, (2) identify the response codes, (3) creating the thematic 

category, (4) dimensionalization or scale coding, and finally the (5) data analytic approaches. 

In doing so, the goal of the first two steps is to get more familiar with the data by reading the 

interviews several times and developing response codes from the textual data. Specifically, the 

response codes concern the response of an interviewee according to a question asked by the 

interviewer. The third step or thematic analysis is slightly adapted to template analysis, the reasons 

behind this decision will be explained next. Thematic content analysis is a method of analyzing textual 

data that converts verbal responses to certain interview questions to thematic categories. It usually 

involves the search and identification of common topics across interviews (DeSantis & Ugarriza, 2000). 

On the other hand, template analysis is a specific form of thematic content analysis but uses an a priori 

template derived from theory with predictors of cross-selling. The major advantage of template 

analysis is that it is more flexible with fewer specified procedures compared to thematic analysis. 

Overall, template analysis compared to thematic analysis would permit researchers to adjust the 

research more towards their particular preferences. Thus, template analysis is more adaptable and 

fits more in the exploratory nature of this study. The predefined template or a priori template is the 

base for the identified themes and is constructed forehand according to the literature, this can be 

found in Appendix C. Additionally, this is extended by the interviewer according to the response codes 

provided by the interviewee. In this case, the response codes could be grouped into some of the a 

priori themes from the literature. Following that, the residual response codes can be analyzed, and 

other themes can be derived. Furthermore, step 4 or the dimensionalization phase was done through 

frequency scale coding, this involves counting the number of mentions in a given theme. Next to that, 

the participants that mentioned the category are written down in order to clarify whether the topic is 

mentioned by respectively one- or multiple participants.   

Finally, after all of these steps previously mentioned steps, the identified thematic categories from 

the textual data could be linked to actual variables in the database of Company X. In doing so, the 

linkage between these thematic categories and variables in the database will be discussed in the 

quantitative study in respectively Chapter 5.  
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3.3. Quantitative Study 
The second method of the mixed-methods study is used quantitative and involves data mining to 

identify cross-selling opportunities. To do so, the methodology of the cross-industry standard process 

for data mining (CRISP-DM) is applied. Next to that, the quantitative modeling method known as 

logistic regression is discussed. 

3.3.1. CRISP-DM 

The CRISP-DM methodology consists of a tool used for structuring a study that is data mining-related 

(Wirth & Hipp, 2000). It is important to structure the steps since these will lead to a better 

understanding and interpretation of this dominant approach. Hence, this section will shed light on all 

the different steps of the model, the visual overview of the model is illustrated in Figure 5.  

 
Figure 5: CRISP-DM - visual overview of all the six different phases (Wirth & Hipp, 2000) 

The model as displayed in Figure 5 consists of six different phases. In general, dividing the analysis into 

the six structured phases should generate better results since all phases for data mining studies are 

incorporated. In this method, steps one to five are iterative (i.e. you can move back and forward 

between the different phases), to better fit the goal of this study. Altogether, moving back and forward 

in data mining studies is very common and improves the overall quality of the study (Wirth & Hipp, 

2000). Each of the six phases will be described and a short description will be provided on the next 

page.  
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1. The first step or Business Understanding aims at understanding the needs, purpose, 

requirements, and goals of the project from an organizational perspective. Steps in this phase 

include the definition of the problem statement and research questions. Also, it is important 

to determine how the results of the model should be presented.  

2. Second, the Data Understanding stage involves the description of all data sources available, 

the initial collection of the data, the definition of the population, and the analysis of relations 

between the variables. Simple statistical analysis could also be performed in this stage, such 

as the handling of missing values, boxplots, and missing values.  

3. Third, the Data Preparation includes the construction and assembly of the dataset for analysis. 

Furthermore, variables that are not of interest should be excluded from this dataset. All of the 

missing values and outliers should also be handled in this stage.  

4. Fourth, the Modeling Phase includes the assumptions that are made according to the data. 

This study involves the creation of different in-sample logistic regression models.  

5. Fifth, the Evaluation Phase includes the assessment of the modeling concerning the goal as 

defined in the first step and the evaluation of the results. When the goal is not met, the 

previous steps should be repeated or the goal should be adapted. Besides, an out-of-sample 

model is generated that provides a better understanding of the predictive performance of the 

model.  

6. Sixth, the Deployment Phase is the last step of the model and involves the definition of the 

conclusion and discussion sections of this report. Additionally, a final presentation will inform 

both Company X and TU/e with recommendations from an organizational and literature 

perspective regarding this subject.  

 

A closer inspection of the CRISP-DM methodology indicates that the six different phases must be gone 

through carefully. In doing so, it is possible to go back and forth between the first five phases of the 

methodology. These can for example include a revision of the problem statement or better alignment 

of the goals of the study. Additionally, the results as described in Chapter 5, will also be presented in 

the same structure as the CRISP-DM method. Although, the last phase will be excluded since these 

will be presented in the discussion 

3.3.2. Quantitative Data Analysis: Logistic Regression 

This section will cover the quantitative data analysis method as performed in the fourth step of the 

CRISP-DM methodology. There are several different types of supervised modeling techniques, these 

models are generally categorized into two types of boxes. On the one side, there are white-box models 

such as decision trees, k-nearest neighbors, and logistic regression which allow an interpretation of 

model parameters. On the other hand, black-box models such the support vector machines and 

artificial neural networks, which do not allow this degree of interpretation and do not allow the model 

to be verified externally (Dreiseitl & Ohno-Machado, 2002). Hence, the results of logistic regression 

models are better interpretable and offer the possibility of validity checks, while neural network 

models do not offer that possibility. Due to these easy interpretable and implementable 

characteristics, logistic regression is one of the most popular modeling techniques used for medical 

data purposes (Dreiseitl & Ohno-Machado, 2002). Although being popular for medical purposes, 

logistic regression models are also commonly used for marketing purposes. In which applications vary 

from the prediction of a customer’s tendency to purchase a product or to estimate which customers 

have a higher probability of churning.  
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In reflecting on the goal of this study, stated as the prediction of whether an individual customer can 

be cross-sold considering predictive variables reflecting on the customer- and demographic 

characteristics. In determining this probability, the logistic regression fits best in the kind of 

application. Hence, four different in-sample models will be generated and evaluated in the fifth step 

of the CRISP-DM model. From here, an out-of-sample model is generated which provides a better 

interpretation of the predictive performance of the model.  

In logistic regression, variables used to predict the outcome, are also known in the model as regression 

coefficients or beta-coefficients (B) and define the direction. However, the magnitude of the direction 

cannot be interpreted directly but should be compared to the magnitudes of the features used in the 

model. Additionally, the odds ratio provides an understanding of the likelihood that one outcome will 

occur, in this case, the event that the customer has a high cross-sell ability. The general linear model 

is defined using the following formula 

𝑌𝑖 = 𝐵0 +  𝐵1𝑋𝑖1 + 𝐵2𝑋𝑖2+ . . . +𝐵𝑗𝑋𝑖𝑗 + 𝜖𝑖               (3.1) 

In formula 3.1, 𝑌𝑖 represents the outcome of the 𝑖𝑡ℎ  observation. 𝑋𝑖𝑗  the value of the independent 

variable j at the 𝑖𝑡ℎ  observation, and 𝐵𝑗  the coefficient of the estimated model, at last 𝜖𝑖  presents the 

error at the 𝑖𝑡ℎ  observation.  
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4. Qualitative Study: Semi-structured interviews 
As defined in the methodology in Chapter 3, the first step of the mixed methods approach is defined 

as a qualitative study, consisting of multiple semi-structured in-depth interviews. Hence, the next 

section will cover the data analysis of all the one-to-one interviews. The goal is to gather knowledge 

regarding the management of the data, behaviors, and preferences of all customers at Company X. 

However, this qualitative part will not be the dominant approach in this study, therefore the results 

will be discussed more briefly compared to the quantitative study.  

 

4.1. Data Analysis 
This section will cover the analysis of the semi-structured interviews with the eight defined 

participants as described in Table 1. However, it seemed that the coronavirus pandemic caused some 

difficulties in contacting the interviewees. Nonetheless, half of these interviews were conducted face-

to-face, while the other half was performed via an online method (i.e. Microsoft Teams or Skype). All 

of the interviews were recorded and ranged between 29 minutes of P8 and 1 hour and 11 minutes of 

P1. The average interview time is around 50 minutes. Moreover, half of the participants (P1, P3, P5, 

P6) mentioned that they actively applied and used the sales strategy of cross-selling on their 

customers, thus there a sufficient balance of participants that provides us with different viewpoints 

on the topic of cross-selling. In general, participants partly deviated from the questions asked and 

discussed their opinions concerning cross-selling strategies. After coding all of the transcripts of all 

participants, 151 unique response codes could be identified. As defined earlier, response codes 

encode relevant answers to the questions asked by the interviewer. However, from these responses, 

some of the same responses are mentioned by different participants, thus the first step requires the 

categorization of those response codes. In doing so, an a priori template has been constructed 

according to the literature and is presented in Table 18 in Appendix C.  

4.2. Results 
After conducting the eight interviews with internal employees of Company X. After placing the a priori 

template on top of the response code, two additional themes, and six additional subthemes were 

discovered. Indicating that in total respectively five broad themes and eleven subthemes have been 

identified according to both the literature and the interviews. Although, not all topics are covered in 

the thematic categories, since some of them were mentioned briefly or others were categorized in 

general thematic categories. Although, this provides an overview of all the topics mentioned by the 

participants. In illustrating the categories, an overview of the different thematic categories is 

presented in Table 2. 
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Table 2: Thematic categories identified according to the interviews. 

Thematic category: Example of a quote: Mentions: Mentioned by:* 

1. Customer Loyalty    

1.1. Account manager 
“The relation with the customer is an important factor 
when cross-selling products.” 

4 P2, P3, P6, P7 

1.2. Customer acquisition 
channel 

“There are different types of entries specific to different 
types of customers” 

4 P1, P4, P7, P8 

2. First Product Purchase    

2.1. Purchase Patterns 
“Typical growth path is from landing products to whole 
solutions” 

11 P1, P2, P3, P6, P7 

2.2. Typical cross-sell 
products 

“The method is use begins to introduce one product, 
followed by placing the others, known as the Trojan Horse 
method.” 

9 P2, P4, P6, P7 

2.3. Bundling of Products 
“All the different product combinations form a value 
proposition for the customer.” 

10 P2, P4, P6, P8 

3. Customer Behavior 
“Tracking the behavior of the customer can help you to 
select the customers for cross-selling purposes” 

2 P8 

 
4. Firmographic variables 

   

4.1. Industry-standard 
“Industry-standard solution is in a lot of options a good 
solution for segmenting your customers on their need.” 

14 P1, P2, P4, P5, P7 

4.2. Country 
“The focus in Germany is on smaller customers, here 
everything is automated, this is also a good method to 
generate revenue.” 

2 P5, P6 

4.3. Size of the firm 
“Size of the firm is not related to the number of products 
placed.“ 

3 P1, P2, P6 

5. Customer insights    

5.1. Segmentation 
“The best way to sell is to speak the language of the 
segment you are talking with.” 

7 P8 

5.2. Strategy 
“The current method of selling the products is spraying 
with bullets. It can be done much more efficiently and 
specific.” 

6 P4, P5, P6, P7 

5.3. Data 
“For 2 to 3 years, there is a platform account instead of 
only prepaid” 

12 P5, P8 

*Note: The ‘mentioned by’ column does not indicate the frequency of the mentions of the participants. 

 

As illustrated in Table 2, the first column indicates the different main and subcategories, in which the 

main categories are presented in bold letters. In the second column example quotes of the 

interviewees are displayed to provide the reader with a better impression of the linkage between 

interview quote and category. Last, the third and fourth columns list respectively the number of 

mentions and the participant that mentioned the category. Overall, this above-given table provides 

an overview of all themes discovered from the interviews.  

Although the thematic categories offer a general overview of all themes, it does not provides detailed 

information concerning the topics discussed. Therefore, the next section will shed light on important 

topics mentioned by different participants in more detail. These are categorized in respectively, cross-

selling as a general topic, other relevant predictors for cross-selling, the influence of the organizational 

structure on cross-selling, and the current CRM system. Hence, qualitative findings regarding those 

topics will be discussed here.  
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4.2.1. Cross-selling 

In general, no participant felt him or herself responsible for cross-selling. Specifically, participants who 

applied cross-selling in their function had their motivations, being either intrinsic or organizational. 

Besides, some participants clarified that the current strategy of Company X was focused on new 

business instead of cross-selling their existing customers. Next to that, multiple participants 

emphasized that there is currently no strategy for cross-selling products, they stated that it is done on 

guts feeling instead of facts. It also lacks direction and customer insights, as one of the participants 

mentioned the following.  

“ Current method of cross-selling products is known as spraying with bullets, it can be done much 

more efficiently and specific.” (P6: Senior Field Account Executive) 

In addition, the account manager (P1) emphasized that packages of products can be formed on so-

called verticals. The product manager (P2) believed more in solution-oriented designs instead of those 

mentioned verticals. Overall, this indicates the widespread opinions concerning cross-selling of all of 

the participants.  

4.2.2. Predictors of Cross-selling 

After each of the interviews, participants were asked about other interesting types of variables used 

to identify cross-selling opportunities, known as predictors. These resulted in four generic topics, 

namely the type of payment, behavior of the customer, packages of products, and the organizational 

size of the customer.  

First, the product manager of CRM indicated that it would be interesting to look into the type of 

payment. In general, customers are offered the opportunity to pre- or post-pay the invoice. 

Specifically, prepaid accounts are accounts that are respectively topped up in advance and postpaid 

accounts get a monthly payment term to pay. Second, the CMO stated that it would be interesting to 

look at the behavior of the customer on the platform such as the logins into the platform or time spent 

on the platform. Besides, as the sales manager mentioned, in each of the countries, the strategy of 

selling products was different. For example in Germany, the focus is on smaller and medium-sized 

customers (i.e. dental practices and haircutters), mainly due to the market is divided in such a way 

and that the complete process is automated. Third, another recurrent theme in the interviews was a 

sense amongst interviewees that the packages of product differentiate for each of the sectors, 

indicating that each sector has its different bundle of products that fit for different customers, as 

illustrated in the next quote of the first interview participant. 

“Packages of products differ for each sector or called vertical. Meaning that each sector or vertical 

has his package of products that can be applied.” (P1: Account Manager)  

Fourth and at last, one participant emphasized that the size of the organization does not affect the 

cross-selling opportunity. The participant stated the following: “It does not matter which size the 

company is in whether the number of products we can place. Moreover, some multinationals are 

perfect candidates for cross-selling but these can form difficulties because it has to pass different 

levels of hierarchy.”. Overall, this also provides some directions for other variables that can be used 

to model cross-selling. 
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4.2.3. Organizational Structure 

Another important finding of the interviews is that multiple participants had contradictory opinions 

concerning the organizational structure used at Company X. Specifically, Company X organizes its 

employees in different pods, existing out of multi-disciplinary teams. The pods are divided in such a 

manner that they represent the products offered by Company X, and have their own sales 

representatives allocated to that specific pod.  

On the first hand, the support representative was positive about the current organizational structure 

and that these multi-disciplinary teams would promote cross-selling. On the other hand, the product 

manager stated that the sales used to be divided into segments (i.e. banks, hospitals), but currently it 

is more focused on solutions instead of the growth path. Besides, the CMO mentioned that the 

structure or the organization should be in a manner that the sales and marketing are aligned, and the 

alignment is made based on how the market is organized. Another participant confirmed this and also 

had his doubts about the impact of the pods on cross-selling and stated the following. 

 “Current cross-sales activities are focused on larger enterprises. However, no one feels any intention 

to do so. Employees that actively apply cross-selling do have their motivations to do so. Also, the 

current organizational pod structure does not foster cross-selling, in which no one feels the 

responsibility of cross-selling products.” (P1: Account Manager) 

4.2.4. The CRM System 

Currently, the manager of the CRM system felt that the system lacks the capability of cross-selling, as 

one of the reasons he mentioned, you currently cannot assess products to specific customers. Besides, 

even the administration of simple fields is currently not done properly, as mentioned by the following. 

 

“Current CRM system does not facilitate cross-selling, moreover the quality of the information in the 

system is low due to that salespeople do not provide all the information as it should be. Procedures 

and rules are required to maintain a high-quality level CRM system” (P4: Product Manager CRM) 

 

As the participant stated, procedures and rules are required for salespeople to maintain a high level 

of administration. Besides, the participants found the system to be complex and difficult to 

understand, indicating that the current CRM system lacks the capability to efficiently cross-sell 

customers. 

4.2.5. Connecting the Studies 

Different findings derived from the semi-structured interviews, that can be implemented in the 

quantitative approach. First, the analysis of the qualitative part or semi-structured interviews led to 

more relevant information concerning variables that can be included in the quantitative model, such 

as the type of payment, behavior of the customer in the platform, and the organizational size of the 

customer. Second, it provided the handles to start with the data collection and more insight into how, 

where, and which data is collected. Third, it led to some premature findings which might be found in 

the stored data (i.e. a lot of smaller customers in Germany). Next to that, it revealed several subjects 

which lead to some points of discussion, such as the effect of the organizational structure of Company 

X on cross-selling and different cross-selling approaches. The process of selecting, collecting, and 

implementing the data in the quantitative study will be discussed in Chapter 5.  
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5. Quantitative Study: Logistic Regression 
Chapter 5 covers the quantitative study and hence the most dominant approach of this study. This will 

be carried out to determine which customer and firmographic characteristics affect the cross-sell 

ability of the customers by performing a logistic regression analysis. This section is structured in the 

same manner as the CRISP-DM methodology as described in 3.3.1. The structure includes different 

steps to understand, collect, and prepare the data for analysis. Finally, the performance measurement 

of the model along with the final result and evaluation of the model is presented in the last section.  

5.1. Business Understanding 
Before the data can be collected and analyzed, a thorough understanding of the business, the industry, 

and the customers of Company X is required. To do so, the following two steps are taken to get more 

understanding into both the field in which the research is performed and the concept of cross-selling. 

Hence, the following two steps are conducted to gather this understanding. 

1. First, a literature review sheds light on the theoretical background concerning the concept of 

cross-selling and predictors of cross-selling. This was used to determine which predictors can 

be used and give insights into the different statistical methods available for prediction 

purposes.  

2. Second, a qualitative study in the form of qualitative semi-structured interviews. This was 

conducted to gather get a deeper understanding of the data available and gather expert 

knowledge regarding the concept of cross-selling and the customer base of Company X. The 

main takeaways from these interviews are illustrated in section 4.2.5.   

As the problem statement already defined, the goal for Company X is to identify the customers who 

are most likely to cross-buy and target them according to, making use of data that includes customer-

related and firmographic information. In general, this would be feasible using a statistical prediction 

model on cross-sectional data, that allocates cross-sell probabilities to individual customers.  
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5.2. Data Understanding 
In this section, the different data sources will be discussed and the quality is assessed. It is structured 

in such a manner, that the following steps will be discussed consequently. First, the definition of the 

timespan of data that should be collected. Second, defining the population under investigation, and 

at last the visualization of all data available. Finally, the quality of the data will be discussed.  

 

5.2.1. Databases 

For the collection and storage of data, Company X uses multiple and separate databases. The 

databases include information for day-to-day operations such as the management of the customers, 

the creation of invoices, and marketing-related activities. In doing so, Company X employs four main 

databases to store the data. Additionally, to provide an understanding of the databases, these will be 

described briefly. 

 

• Database 1: CRM information concerning the addresses, countries, contact persons of the 

customers. 

• Database 2: Financial information concerning the inVoices such as the revenue for each 

customer separated by business lines. 

• Database 3: Internal database that includes data regarding the behavior of the customers.  

• Database 4: External database from which customer information can be extracted such as 

the revenue generated by the customer, number of employees, and the lines of business.  

An overview and more detailed information regarding the databases is provided in Appendix B. The 

next section will provide more details on the availability of data in those databases.  

5.2.2. Initial Collection of Data 

This section covers the definition of the timespan of collection and the initial collection of the data 

available at Company X. Company X introduced a new financial system that increased the amount and 

quality of the data that is collected. Therefore, only customers that are invoiced after 01-01-2016 are 

included in the analysis. Moreover, since the analysis will be conducted on cross-sectional data, the 

next step in the understanding of the data is to define all the Company IDs or unique customers, that 

are involved in this analysis. In research terms, this is known as the population and represents the 

total set of similar items of interest. After the initial collection, 22.033 IDs could be defined, an 

example of the first collected data is provided in Table 3.   

Table 3: Overview of the first collected data. 

Company ID Name Revenue (€) Products 

123456 Company A 10000 1  

234567 Company B 25000 3  

 

Although in this study, only the smaller and medium customers of Company X will be investigated, 

that used one or multiple products are included. Thus, the larger customers are excluded since the 

processes of placing multiple products can be a difficult and more complex process due to that 

multiple decision-makers are involved in this process. Hence, criteria are drafted to exclude these 

customers. First, the criteria for the inclusion of the customers are based on the revenue that the 

customer generates. In which, a minimum criterion is determined to exclude private customers or 

one-time users. On the other hand, a maximum criterion is defined to exclude the larger customers 
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since these will not be analyzed in this sample. Overall, the initial filtering resulted in a sample of 6.459 

valid firms. Besides, the four different databases are inspected to determine the availability of the 

data in those systems. Hence, for better interpretation, Table 4 lists a selection of some variables that 

can be used for this study and provides an overview of all the variables that are grouped for each of 

the databases.   
Table 4: List of variables available in the different systems. 

Database 1 Database 2 Database 3 Database 4 

Company ID Company ID Company Number Company ID 
Company Name Company Number Employees Company Number 

Business Line Accountmanager Country Platform Login 

Month of Invoice Country Revenue of Company  
Revenue in EUR Sector Risk score  
Margin in EUR Language Industry (SIC)  
 Origin Line of Business  
 Email Year started  

 Address Number of Employees  

 Postal Code   

 City   
 Currency   

 

Classification 
Billing Type   

 

Table 4 illustrates the four different systems and includes several variables that can be mutually 

connected with unique company IDs and numbers. In doing so, the customer data that is spread over 

the different databases can be connected in one single file, as cross-sectional data. Thereafter, the 

next step in collecting the data is to assess the quality of each of the variables in the databases, this 

will be elaborated in the next chapter.  

5.2.3. Quality of the Data 

To assess the quality of the data, all of the data from the databases need to be checked for missing 

values, indicated by an ‘N/A’ in the dataset. The missing values are listed in Table 5, as it reveals quite 

some variables contain missing values with respectively high percentages. In the dataset, missing 

often negatively affects the performance of prediction models (Triebel, Mozos & Burgard, 2008). Thus, 

it should be carefully decided whether the set of companies including missing values are 

representative of the population and can thus be listwise excluded.  

Table 5: Overview of all variables containing missing values. 

Variable Data type  % Missing values # Missing values 

Database 2:    
Company Number  Num. 29.8% 1892 
Origin Cat. 32,8% 2080 
Classification Cat. 45,0% 2854 
Database 3:    
Sector (SIC) Cat. 30.3% 1957 
Revenue of the Parent 
Company 

Num. 
61.8% 3917 

Year started Cat. 30.8% 1953 
Number of Employees Num. 61.0% 3866 

Note: N = 6459    
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Overall, it seems that some of the variables might be difficult to include because of the high 

percentage missingness (40%+) of the data such as the revenue of the company or the number of 

employees allocated to that customer. Therefore, it should be carefully decided whether the variables 

can be implemented in the model which will be described in the next section.  

5.3. Data Preparation 
The third step of the CRISP-DM methodology or ‘Data Preparation’ section, covers all of the steps to 

prepare the data in such a manner that the analysis can be performed on the dataset. Hence, this 

section covers all the steps to, define the predictive variables, collect them in one single Excel file, and 

at last link these using the “VLookup” function of Excel on the unique ‘Company IDs’. The customers 

will be presented in one overview of all of the different variables. Finally, the final step is to exclude 

variables that have no predictive power or have a high percentage of missingness, the process in 

selecting the relevant variables is illustrated in the next section.   

5.3.1. Available Predictors 

This section will shed light on the predictors used to model the cross-selling ability. On the one side, 

findings from the literature could be translated into four different variables available in the database 

of Company X. These are consequently, the relationship duration, the product of first purchase, a 

dedicated account manager, and firmographic information. On the other side, the interviews resulted 

in the type of organization, the type of payment or billing type, and the platform login behavior of the 

customers represented by customer behavior as illustrated in Table 6. 

Table 6: Overview of all the predictive variables. 

Predictor variables: Article: 

1. Relationship Duration Verhoef et al. (2002) 
Verhoef et al. (2001) 

2. First Product Purchase Kumar et al. (2008) 
3. Account Manager Mäenpää (2012) 

Alejandro et al. (2011) 

Control variables:  
4. Firmographics Kumar et al. (2008)  

Knott et al. (2002) 
Interviews 

5. Type of Organization Desarbo et al. (2001)  
6. Billing Type Interviews 
7. Customer Behavior Interviews 

 

Table 6 has been constructed as listed above. Here, three different predictors could be found in the 

literature as illustrated with the articles mentioned behind. Next to that, two different variables were 

implemented as control variables according to the interviews. Although these variables were based 

on the opinions of the different interview participants, these will be included as control variables.. The 

next section covers the measurability of those variables.  
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5.3.2. Measurability 

This section covers the measurement of the different variables implemented in the model. Therefore, 

Table 7 illustrates the operationalization of all the variables used in this analysis. Yet, the division is 

made between the dependent, independent, and control variables as found in the first column. As 

defined in the theoretical framework in 2.3, most of these variables are linked to actual variables in 

the database of Company X. Next to that, the second and third column covers respectively the name 

of the variable and measurement of this type of variable. At last, the fourth column indicates the type 

of data.  

 
Table 7: Operationalization of the variables  

Type of Variable Name Measurability Type of Data 

Dependent Variable Cross-sell ability The customer has purchased 1,2,3 … 9 products. Ratio 

Independent 
Variables 
 

Relation Duration Duration of the relationship with the customer in years.  Ratio 

First Product Purchase  
The variable representing the first product purchases of the 
customers.  

Nominal 

Account Manager Name of the account manager Nominal 

Control Variables 

Sector 4 digit (i.e. 9000) SIC Code concerning the sector it is placed.  Nominal 

Country The country in which the customers are originated. Nominal 

Type of Organization The variable representing the type of organization. Nominal 

Billing Type The type of contract with the customer is postpaid or prepaid. Binary 

Customer Behavior 
The customer logged into the platform or did not log into the 
platform.  

Binary 

 

As found in Table 7, the number of products has been determined as the outcome or dependent 

variable. A comparable study that identified drivers for the cross-buying of customers measured this 

as the number of categories that the customer purchased from a firm from the time of first purchase 

(Kumar et al. 2008). However, this number is not representative of the actual product usage (i.e. one-

time usage). Therefore, a minimum threshold of the purchased amount has been defined to exclude 

customers that one-time used a certain product. Additionally, the next section will discuss the various 

predictor and control variables as mentioned in Table 7. 

First, relationship duration was measured as the number of years the customer has had a relationship 

with the supplier. It was calculated as the interval in years between the first and last date of the 

transaction (Verhoef et al. 2001). Second, the next variable is defined as the product of first purchase, 

Kumar et al. (2008) defined that the product of first purchase can increase or decrease the likelihood 

of which the customer is cross-sold, measuring these using indicator variables representing the 

category from which customers have made their first purchase. Third and last, a dedicated account 

manager is measured as whether a dedicated account manager is assigned to a specific customer 

(Mäenpää, 2012). 

The other variables are grouped as control variables, which are variables used in models to exclude 

certain effects from the actual tested or independent variables. Common variables used are customer 

demographical characteristics such as the countries and sectors, meaning that the effects of these 

characteristics will be excluded from the main effect of the predictor variables (Kumar et al., 2008). 

Next to that, other control variables used in this model include the billing type, and the behavior of 

the customer in the platform, because they are specific for this type of research and cannot be related 

to any literature. 
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5.4. Data Cleaning 
This fourth part of the CRISP-DM methodology will cover the parts of cleaning the data and consists 

of two different steps. First, the data is inspected visually by generating figures and boxplots. Second, 

the data needs to be checked for outliers and remove those if necessary. By inspecting the data, 25 

outliers were removed that were not representative of the population of customers such as 

sponsorships and test accounts. Third, the data should be checked for multicollinearity, as presented 

by the Variance Inflation Factor (VIF) in Appendix G. VIF scores above 4 can indicate there is 

multicollinearity. Nonetheless, none of the values indicate a value above 4. Such it can be concluded 

there is no multicollinearity. Overall, this resulted in a total of 6.434 valid smaller to medium 

customers. Further, no more abnormalities could be found in the dataset. Nonetheless. since some of 

the variables required a conversion from textual to numerical variables, these will be described in the 

next section. 

5.4.1. Data Conversion 

The goal of this study is to determine whether cross-selling can be applied to a specific customer, it is 

measured as the number of products that the customer used over time. However, this study aims to 

predict the cross-sell ability of the customer, so there should be no difference between customers 

that employed one-single product or multiple products. Therefore, these can be converted into a 

binary scale, whereas the 4.754 single-product customers are converted into ‘0’, and 1.588 multiple 

product customers are converted into ‘1’. To illustrate, Figure 6 provides a bar chart overview of the 

count of the number of products, before conversion. 
 

 
Figure 6: Bar chart illustrating the cross-sell ability before conversion. 

As previously mentioned, the customers with one product are converted towards a binary scale, as 

presented in Figure 7. 
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Figure 7: Bar chart illustrating the cross-selling ability after conversion. 

Figure 8 illustrates the dispersion for each of the countries. With dominant countries such as the 

Netherlands, Germany, and Belgium, with respectively 2322, 1494, and 935 customers.  

 

 
Figure 8: Distribution of the countries before conversion. 

The seven most dominant countries have been extracted from the data, whilst the other are grouped 

into the category others, as visualized in Figure 9.  

 

 
Figure 9: Distribution of the countries after conversion. 
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Next to that, the sectors have been grouped from the 4 digit SIC categories, towards the ten main 

worldwide known SIC categories. Second, the names of account managers are converted into binary 

values, such that it represents whether a dedicated account manager has been assigned to that 

customer. Third, the logins are converted from the number of logins into respectively logged into the 

platform marked with a ‘1’ and did not log into the platform marked with a ‘0’. At last, the billing type 

of the customer is converted into a binary scale, in which ‘1’ represents the prepaid customers.  

5.4.2. Final Dataset 

This section concerns the definition of the final dataset as a result of the goal of this project, 

complementary with the availability of data, academic literature, and the input from the interviews. 

The dataset includes all transactional data from the period of 01-01-2016 till 01-06-2020, thus, four 

and a half years of data. In the initial collection, 22.030 customers could be extracted from the system. 

After filtering and cleaning, 6.434 unique customers are identified and are representative of the 

population. Next to that, the rule of thumb of ten events per variable (EPV) is known as a minimal 

criterion for sample size consideration in logistic regression analysis (van Smeden et al., 2016). 

Therefore, it can be concluded that this is also within the limits.  

For each of the customers, a set of eight variables with parameters concerning these customers have 

been identified as defined in Table 8. From which of them, five are defined as control variables, 

meaning three variables serve as predictive variables. The set is imbalanced with a ratio of 1:3 (25-

75%), meaning that for each observation of ‘1’ (there is a cross-selling ability) that are three 

observations for ‘0’ (there is no cross-selling ability). Generally, there are two methods to deal with 

imbalanced sets, either over- and under-sampling. Although, both of these methods have their 

limitations. For instance, oversampling can cause the model to over-fit on certain sampling, while 

under-sampling can remove important samples from the dataset (Estabrooks & Japkowicz, 2004). 

Although there is an imbalance, this should not cause any issues since the dataset is considerably 

large, therefore it is chosen to not implement any of these methods. However, this means that the 

model evaluation metrics such as precision, recall, and F1 scores should be carefully analyzed due to 

this imbalance.  

Table 8: Final dataset containing all variables used in this analysis.   

Type of Variable Name Definition Type of Data 

Dependent Variable Cross-selling Ability The customer has purchased multiple products (1) or one product (0). Binary 

Independent Variables 
 

Relation Duration Duration of the relationship with the customer in years.  Ratio 

First Product Purchase  
Dummy variables representing the five most common first product 
purchases of the customers.  

Nominal 

Dedicated Account 
Manager 

The customer has a dedicated account manager (1) or no dedicated 
account manager.  (0)  

Binary 

Control Variables 

SIC Sector 
Dummy variables representing the ten broadly SIC sectors in which the 
customer is allocated to.  

Nominal 

Country 
Dummy variables representing the five most common countries of the 
customer. 

Nominal 

Type of Organization 
Dummy variables representing the type of organization (i.e. 
multinational, domestic, unlinked). 

Nominal 

Billing Type The type of contract with the customer is postpaid (1) or prepaid (0). Binary 

Customer Behavior The customer logged into the platform (1) or did not logged into the 
platform (0). 

Binary 
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5.5. Modeling 
After the collection and preparation of the dataset, the dataset could be analyzed using the program 

IBM SPSS v26. The first step is to shed light on the distribution and frequencies of the different types 

of variables. Therefore, the first chapter will discuss the descriptive statistics of all the different 

variables used in the dataset. Next to that, the missingness of some of the variables is discussed. Third, 

the method for analysis or logistic regression will be elaborated in more detail. At last, the results of 

the models are listed.  

5.5.1. Descriptive Statistics  

This section covers the descriptive statistics of all of the variables from the final dataset as mentioned 

in Table 9. The descriptive statistics shed light on the different variables and their characteristics, as 

illustrated in Figure 10. The number without brackets indicates the descriptive without listwise 

deletion, the number with brackets indicates the descriptives with listwise deletion. The reason 

behind this listwise deletion is discussed in section 5.5.2.  

Table 9: Descriptive statistics of the variables in the final dataset. 

Descriptive Statistics 
Categorical variable N %   Categorical variable N % 

Cross-Selling Ability 
6434 
(4419) 

100% Country 
6434 
(4419) 

100% 

         Yes 1588 (1184)  25.0% (26.8%)          Belgium 935 (763) 14.7% (17.3%) 

         No 4755 (3237) 75.0% (73.2%)          France 167 (104) 2.6% (2.4%) 

Dedicated Account Manager 
6434 
(4419) 

100%          Germany 1494 (1137) 23.6% (25.7%) 

         Yes 3909 (2970) 61.6% (67.2%)          Netherlands 2321 (1727) 36.6% (39.1%) 

         No 2434 (1449) 38.4% (32.8%)          South Africa 114 (61) 1.8% (1.4%) 

First Product Purchase 
6434 
(4419) 

100%          Switzerland 51 (51) 0.8% (1.2%) 

         Product I 5358 (3729) 84.5% (84.3%)          United Kingdom 442 (192) 7.0% (4.3%)  

         Product II 205 (167) 3.2% (3.8%)          Others 819 (386) 12.9% (8.7%) 

         Product III 156 (60) 2.5% (1.4%) Type of Organization 
4451 
(4419) 

100% 

         Product IV 86 (133) 1.4% (3.0%)          Domestic 1634 (1633) 36.7% (36.9%) 

         Product V 153 (116) 2.4% (2.6%)          Multinational 1102 (1100) 24.8% (24.9%) 

         Product VI 209 (120 3.3% (2.7%)          Unlinked 1715 (1688) 38.5% (38.2%) 

         Product VII 176 (96) 2.8% (2.2%) Billing Type 
6434 
(4419) 

100% 

SIC Sector 4419 100%          Prepaid 3617 (2296) 57.0% (51.9%) 

         Agriculture, Forestry and Fishing 19 0.3%          Postpaid 2726 (2125) 43.0% (48.1%) 

         Construction 51 0.8% Customer Behavior  
6434 
(4419) 

100% 

         Manufacturing 381 6.0%          Login 2509 (1801) 39.6% (40.7%) 

         Transportation, Communication   395 6.2%          No Login 3824 (2618) 60.4% (59.3%) 

         Wholesale Trade 373 5.9% 

         Retail Trade 425 6.7% 

         Finance, Insurance, Real Estate 391 6.2% 

         Services 2291 36.1% 

         Public Administration  93 1.5% 

Continuous variable N Mean S.D. Min Max 

Relation Duration 
6434 
(4419) 

3.11  
(3.12) 

1.77  
(1.75) 

0.08 
(0.08) 

7.5  
(7.5)   

N = 6434        
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5.5.2. Missingness 

This section illustrated the missingness of certain variables as can be seen in the number without 

brackets in Table 9. Hence, before continuing with the analysis, it should be determined whether the 

missing data does not affect the model and is representative of the total population. If this is the case 

the missing values do not pose difficulties for analysis. According to Cheema (2014), the best method 

is a listwise deletion in sample sizes exceeding 1000, although this involves some further analysis. As 

Table 9 illustrates, the variable ‘Sector’ and the ‘Type of Organization’ have a high percentage of 

missing values in the dataset. However, this is related to the fact that the information of certain 

companies is not included in the external database, from where the information is extracted.  

Hence, to check whether the missingness affects the model, two models have been generated. On 

one hand, the first model includes only the customers of the missing values (4419). On the other hand, 

the other model includes all available, so the complete sample (6434). In both the models, only the 

variables are included that have no missing values, indicating these models can be compared to each 

other. In doing so,  it can be concluded that the missing values do not affect the significance and power 

of the results. Specifically, the results indicate that there is no difference between the models in both 

the significance, but neglectable differences in the powers. Such it can be concluded, that the data 

with missing values is also representative of the population and thus does not affect the total model. 

Thus, this indicates that the samples with missing values can be listwise deleted. The descriptives after 

listwise deletion are presented in Table 9, indicated by the number between brackets. 

5.5.3. Logistic Regression 

This section will cover the conducting of the quantitative data modeling technique method as defined 

in section 3.3.2. In this study, customers are classified into two types. The first class is defined as 

customers with no cross-sell ability, who employ only one product illustrated with a ‘0’. Additionally, 

the other class is represented by customers who have a cross-sell ability and thus employ multiple 

products, these are marked with a ‘1’. Yet, the constructed model should provide a probability 

assigned to each customer based on different positively and negatively affecting variables. 

The probability of that specific customer can be calculated using the formula:  

 𝜎 (𝑦) =
𝑒𝑦

𝑒𝑦 + 1
 (5.1) 

Where y is indicated by the formula: 

 𝑦 = 𝐵0 + 𝐵1𝑋1 + 𝐵2𝑋2 … 𝐵7𝑋7 (5.2) 

However, to determine the effect of combining different variables and to determine which models 

perform best, four different binary logistic regression models are generated. The first step is to assess 

their performance in-sample. Following that, the best model will be selected based on several 

evaluation metrics, which will be also estimated out-of-sample in the last step of the CRISP-DM model 

as used in this study.   

 

 

 



 

 

5.5.4. Results of the In-Sample Models 
Table 10: Logistic regression results from the four different models. 

 Model 1: Predictive variables Model 2: Control variables Model 3: FP & Control variables Model 4: All variables 

Factor B OR p B OR p B OR p B OR p 

Constant -2.410 0.090 *** -0.163 0.849  -0.430 0.650 *** -0.726 0.484 *** 

             
Relationship Age 0.054 1.055 **       -0.121 0.886 *** 

             
Dedicated Accountmanager (Yes) 1.515 4.550 ***       1.238 3.447 *** 

             
First Product Purchase             
 Product I Reference      Reference   Reference 
 Product II 1.105 3.018 ***    -0.009 0.991  -0.437 0.646 * 
 Product VII 1.483 4.407 ***    1.986 7.289 *** 1.476 4.377 *** 
 Product III 2.643 14.058 ***    2.727 15.289 *** 2.104 8.201 *** 

 Product IV 2.278 9.759 ***    1.247 3.480 *** 1.176 3.243 *** 
 Product V -0.336 0.715     -0.019 0.982  -0.915 0.401 *** 
 Product VI 0.424 1.529 **    0.577 1.781 *** -0.055 0.947  

Control variables             
SIC Sector             

 Agriculture, Forestry, and Fishing    -0.266 0.766  -0.141 0.869  -0.084 0.919  
 Construction    -0.822 0.440  -0.704 0.495  -0.550 0.577  
 Finance, Insurance, Real Estate    0.147 1.158  0.205 1.227  0.187 1.205  
 Manufacturing    -0.114 0.892  -0.099 0.906  -0.049 0.952  
 Public Administration    -0.698 0.498 ** -0.500 0.606 * -0.525 0.592 * 

 Retail Trade    -0.784 0.457 *** -0.721 0.486 *** -0.750 0.472 *** 
 Transportation, Communications    -0.161 0.851  -0.118 0.888  -0.192 0.825  
 Wholesale Trade    -0.567 0.567 *** -0.501 0.606 *** -0.544 0.580 *** 
 Services  Reference Reference  Reference  

             

Country              
 Belgium    -0.020 0.980  -0.048 0.953  0.287 1.333 * 
 France    -0.216 0.806  -0.178 0.837  -0.399 0.671  
 Germany    -1.325 0.266 *** -1.198 0.302 *** -0.579 0.560 *** 
 Netherlands    0.183 1.201  0.086 1.090  0.608 1.836 *** 
 South Africa    0.982 2.671 *** 1.078 2.940 *** 0.618 1.856 * 

 Switzerland    -0.710 0.492  -0.685 0.504  -0.507 0.603  
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 United Kingdom    -0.673 0.510  -0.580 0.560 * -0.455 0.634  

 Others    Reference Reference  Reference  
           
Type of Organization             
 Domestic    -0.170 0.843  -0.034 0.967  -0.004 0.996  
 Multinational    0.216 1.241 ** 0.320 1.377 *** 0.207 1.230 * 

 Unlinked    Reference Reference   Reference   
             
Billing Type (Prepaid)    -1.884 0.152 *** -1.921 0.146 *** -1.951 0.142 *** 
             
Customer Login Behavior (Yes)     0.473 1.605 *** 0.545 1.724 *** 0.371 1.449 *** 

Diagnostics:                         
N 4419   4419   4419   4419   
-2LL 4397.574  4027.709  3859.101  3641.284 
Hosmer & Lemeshow test 0.000   0.000   0.000   0.000   
Nagelkerke Pseudo R-squared 0.224   0.322   0.364   0.417   
Percentage correctly predicted 76.5%   77.3%   78.9%   80.7%   

Note: *significance at 10% level, **significance at 5% level, and *** significance at the 1% level 
B= Beta-Coefficient, OR = Odds Ratio, p = probability         
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5.6. Evaluation 
At this point, four different models are build and listed in Table 10 as provided in Chapter 5.5.3. The 

first model is defined as the basic model and only includes the predictive variables, whereas the fourth 

model is the most detailed and includes all of the variables. Next to that, these models are in-sample 

evaluated on their performance using various evaluation metrics. In the evaluation, the ‘best’ 

performing model is selected. Finally, complementary to the in-sample performance, the model is also 

evaluated out-of-sample and checked for robustness using an OLS regression. 

5.6.1. Metrics 

In this section, two different categories of metrics are discussed to assess the performance of the 

models. The first category of metric is defined in Table 10, this metric is known as the -2 log-likelihood 

(-2LL). This is a common metric used to compare models amongst each other. Specifically, the lower 

this metric, the better the model performs. Second, the Hosmer & Lemeshow test concerns the fit of 

the test to the data. However, as noticeable the test is significant for all of the models (p < 0.01), 

thereby indicating that the fit of the test is not good. Nonetheless, as the founders of the test 

acknowledged, this procedure suffers from several problems when dealing with larger sample sizes (N 

> 1000). Therefore, the test could indicate a significant value, even when the fit is good. Since this 

model includes a high number of samples, the result of this test can be ignored. Third, in ordinary least 

squares regression, the R² represents the percentage of variance explained by the model. However, 

this is not the case for logistic regression, whereas the pseudo-R² can be used to compare models with 

each other. Caution needs to be paid when interpreting this value as this value is more indicative. This 

metric indicates that the better the model performs the higher the value for the pseudo- R² receives.  

Furthermore, the second category of metrics will determine the overall performance of the model, 

using metrics calculated from the confusion matrix generated by the logistic regression model. This 

provides a better understanding of the actual performance of the model.  In the confusion matrix, 

there are two different types of dimensions and classes. Together, these will generate four different 

possibilities, namely true positives (correctly predicted positives class), true negatives (correctly 

predicted negatives class), false positives (incorrectly predicted positive class), and the false negatives 

(incorrectly predicted negative class). The metrics can be calculated using the following formulas 5.3, 

5.4, 5.5, and 5.6. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 (5.3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
  (5.4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
  

(5.5) 

𝐹₁ = 2 ·
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  

(5.6) 

Finally, the last measure is the area under the ROC curve or short AUC, which measures the accuracy 

of the test, in which it indicates the rate of distinguishing between positive and negative classes. In 

this test, the value of 0.5 indicates that the test is useless and a result of 1.0 indicates a perfect test.  
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5.6.2. In-Sample Models 

This section covers the in-sample performance assessment of the model. In-sample performance 

concerns the evaluation of the model based on the complete dataset. However, with this performance 

assessment method, there is a high probability of overfitting since all the data is used to train the 

model. In this case, overfitting can lead to good in-sample performance but poor out-of-sample or 

predictive performance. As illustrated above, respectively the -2LL and pseudo-R² are metrics used for 

in model comparison. Next to that, accuracy, precision, recall, F1, and UAC are metrics to determine 

the actual performance of the model. Overall, all of the measures should be taken into account when 

selecting the best performing model. The outcomes of the different statistics, as stated in formulas 

5.3 to 5.6 are displayed in Table 11.  

Table 11: Logistic regression metric results concerning the four different models. 

Model Accuracy Precision Recall F1 AUC 
1.  77.66% 66.54% 21.66% 32.68% 0.722 
2.  77.28% 59.31% 47.97% 53.04% 0.808 
3.  78.86% 65.05% 45.35% 54.33% 0.830 
4.  80.67% 67.87% 52.71% 59.33% 0.851 

 

In the following paragraphs, each of the four models will be discussed and evaluated based on those 

metrics provided in Table 10 and Table 11. Following that, the best performing model will be selected. 

5.6.2.1. Model 1: Predictive Variables 

Model 1 or, the first generated model only includes predictive variables, as presented by the relation 

duration, the dedicated account manager, and the category of first purchase. First, the model received 

the highest -2LL, which means it performs the worst in comparison to the others. Second, the model 

makes a correct prediction for 77.26% (accuracy) of the samples. However, when analyzing the other 

model metrics, only 21.66% (recall) of the customers that have a cross-sell ability were identified 

correctly and of each customer that has been classified as having a cross-selling ability, 66.54% 

(precision) were customers that have a cross-sell ability. Third and at last, the AUC indicated the 

lowest, thus the worst score.  

5.6.2.2. Model 2: Control Variables 

Model 2, or the second generated model only includes control variables, as presented by the country, 

SIC sector, the type of organization, the type of billing, and the login behavior of the customer. In 

doing so, this would generate the possibility to compare the models amongst each other and look at 

the actual effect of the control variables. Thus, this model can be used as a benchmark compared to 

the other models. This model makes a correct prediction for 77.28% (accuracy) of the samples. 

However, when analyzing the other model metrics, 47.97% (recall) of the customers that have a cross-

sell ability were identified correctly and of each customer that has been classified as having a cross-

selling ability, 59.31% (precision) were customers that have a cross-sell ability. 
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5.6.2.3. Model 3: First Product & Control Variables 

Model 3, or the third generated model includes the control variables and the category of first 

purchase. The model makes a correct prediction for 78.86% (accuracy) of the samples. However, when 

analyzing the other model metrics, 45.35% (recall) of the customers that have a cross-sell ability were 

identified correctly and of each customer that has been classified as having a cross-selling ability, 

65.05% (precision) were customers that have a cross-sell ability. 

5.6.2.4. Model 4: All Variables 

Model 4, or the fourth generated model and hence most detailed, includes all the control variables all 

predictive variables as extracted from the databases. Specifically, this model combines the earlier 

mentioned Model 1 and Model 2. First, the model received the lowest -2LL, which means it performs 

best in comparison to the others. Second, the model makes a correct prediction for 80.67% (accuracy) 

of the samples. However, when analyzing the other model metrics, 52.71% (recall) of the customers 

that have a cross-sell ability were identified correctly and of each customer that has been classified as 

having a cross-selling ability, 67.87% (precision) were customers that have a cross-sell ability. Third 

and at last, the AUC also indicated the highest, thus the best score.  

5.6.2.5. Best Performing Model 

According to the goal of this project along with the business perspective, classifying a customer that 

is more applicable to cross-selling in this context more interesting in comparison to classifying a 

customer that is not applicable for cross-selling. Therefore, it is more interesting in targeting the 

customers that have a cross-selling ability in comparison to those that have no cross-selling ability. In 

light of the analysis, this means the recall and precision should be considered more important metrics 

compared to the overall accuracy. However, the accuracy should also be taken into account, and 

hence is also an important measure in sense of the overall performance of the model. The AUC 

indicates a value of 0.851, such can be concluded that the test performs well. As illustrated in the 

different sections concerning the four different models, Model 4 seems to perform the best on all of 

the measures. Therefore, this model is selected and will both be estimated and evaluated out-of-

sample in the next section. 

5.6.3. Out-of-Sample Model 

This section involves the out-of-sample model estimations for Model 4, selected as the best 

performing model as presented in Table 10. Out-of-sample performance is considered more 

trustworthy compared the in-sample performance (Herwartz & Kholodilin, 2014). As mentioned, 

overfitting in an in-sample performance assessment can be an issue. Therefore, it is important that 

the test dataset is not incorporated in the training of the model and the model is trained on new to 

the model data. In determining the out-of-sample performance, the model is split into the training-

test datasets. The rule of thumb for splitting data into a training and test set is 70:30 (Herwartz & 

Kholodilin, 2014). Consequently, from the total dataset of 4419 samples, 70% or 3093 samples have 

been used as a training set to train the model. Hence, the model with its coefficients is presented in 

Table 12.   
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Table 12: Out-of-sample model coefficients 

 Model 4: Out-of-sample  

Factor B OR p VIF 

Constant -0.683 0.505 ***  

     

Relationship Age -0.166 0.890 *** 1.375 

     

Dedicated Accountmanager (Yes) 1.123 3.074 *** 1.354 

     

First Product Purchase     

 Product I Reference    

 Product II -0.309 0.734  1.290 

 Product VII 1.509 4.522 *** 1.049 

 Product III 2.224 9.240 *** 1.058 

 Product IV 1.234 3.434 *** 1.088 

 Product V -0.737 0.479 ** 1.182 

 Product VI 0.168 1.183  1.090 

Control variables     

SIC Sector     

 Agriculture, Forestry, and Fishing 0.320 1.378  1.008 

 Construction -0.597 0.551  1.027 

 Finance, Insurance, Real Estate 0.018 1.019  1.137 

 Manufacturing -0.134 0.875  1.106 

 Public Administration -0.262 0.789  1.036 

 Retail Trade -0.763 0.466 *** 1.102 

 Transportation, Communications -0.294 0.745 * 1.110 

 Wholesale Trade -0.639 0.528 *** 1.100 

 Services Reference  

     

Country      

 Belgium 0.178 1.195  2.656 

 France -0.208 0.812  1.232 

 Germany -0.639 0.528 *** 3.187 

 Netherlands 0.520 1.681 *** 3.773 

 South Africa 0.594 1.811  1.236 

 Switzerland -0.415 0.660  1.119 

 United Kingdom 0.650 0.522 * 1.428 

 Others Reference    

     

Type of Organization     

 Domestic 0.073 1.075  1.403 

 Multinational 0.315 1.370 ** 1.462 

 Unlinked Reference    

     

Billing Type (Prepaid) -1.919 0.147 *** 1.380 

     

Customer Login Behavior (Yes)  0.399 1.490 *** 1.078 

Diagnostics:        

N 3093    
-2LL 2592.698   
Hosmer & Lemeshow test 0.000    
Nagelkerke Pseudo R-squared 0.411    
Percentage correctly predicted 80.5%    
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Table 12 used the training set that involves 70% of the data is used to train the model and determine 

the coefficients of each of the variables. Noticeable is that the Multinational, Type of Organisation is 

significant (p < 0.05) for this out-of-sample model compared to almost significant (p < 0.10) for the in-

sample model. Next to that, the data is again checked for multicollinearity, as presented by the VIF 

scores. In doing so, there are no VIF scores above 4, thus there is no multicollinearity. 

5.6.3.1. Performance 

As a complement to the in-sample model evaluation as described previously, this out-of-sample model 

will be evaluated using the test dataset. In research terms, this is known as the ex-ante evaluation. In 

this type of evaluation, particular observations are removed from the total dataset, which will be later 

tested on the constructed model which is commonly used to evaluate forecasting types of models 

(Herwartz & Kholodilin, 2014). Hence, the remaining 30% or 1326 samples are used to test the 

performance of the model using the same metrics as defined in section 5.6.1. In this case, the test 

data used to estimate the model is mutually exclusive from the training set, such that the predictive 

performance can be assessed on new data not included in the model. Therefore, the predictive 

performance of the model is determined on the same metrics as discussed in section 5.6.1.5, the 

outcomes of the metrics are illustrated in Table 13.  

Table 13: Out-of-sample model performance 

Model Accuracy Precision Recall F1 AUC 
Out-of-sample 81.3% 66.17% 52.85% 58.76% 0.854 

 

Table 13 presents the metrics used to out-of-sample evaluate the model. In comparison to the in-

sample assessment as defined in section 5.6.3, the results are comparable. Specifically, the accuracy 

and precision are slightly better in the out-of-sample model, while the recall and F1 of the model 

scored a bit worse compared to the in-sample model. Therefore, this indicates that this model 

performs better on excluding customers that have no cross-sell ability compared to those who have a 

high cross-sell ability, but the differences are minimal. Hence, it can be concluded that the model also 

performs well on customers that are not implemented into the model.  

5.6.4. Robustness 

This section covers the robustness check and covers the determination of the model strength. This 

check is necessary to determine whether the outcome of the results using a different method, is 

comparable to those as presented using the binary logistic regression method. In doing so, the check 

for robustness is done via the standard OLS linear probability model with robust standard errors. Here, 

an ordinary least squares (OLS) model is created with the same dataset and variables as found in the 

out-of-sample model. Hence, As briefly mentioned earlier, to check whether the model is robust, the 

significance and direction of the variables must be the same for both the logistic regression as the OLS 

linear probability model. Therefore, an OLS linear probability estimation model is created to test the 

previously generated logistic regression model for robustness. The results of the OLS linear probability 

model are presented in Table 20 in Appendix G. As the results illustrate, the significance levels are 

comparable and do not change radically. Next to that, the directions are equal for both approaches. 

Therefore, it can be concluded that the model is robust.  
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5.6.5. Results 

This section will shed light on the results of the out-of-sample model. Hence, the effects of all of the 

predictive variables will be discussed here. First, the relation duration of the customers has a negative 

significant (B = -.166, p < 0.001) effect on the cross-sell ability of the customers. When interpreting 

the odd-ratio, this indicates that for each year that the customer stays with the company, the odds of 

the cross-selling ability will decrease by 11%. Second, a dedicated account manager has a strong 

significant positive effect on the cross-sell ability of the customer (B = 1.123, p < 0.001). Indicating that 

having a dedicated account manager on a customer increases the odds of the cross-sell ability by 

207.4%. Third, when comparing Product I with the other categories, different categories of first 

purchase have significant positive and negative effects on the cross-sell abilities of the customers. 

Specifically, the significant effects of the first purchase of the categories are respectively, Product VII 

(B = 1.509, p < 0.01), Product III (B = 2.224, p < 0.01), Product IV (B = 1.234, p < 0.01) with respectively 

352.2%, 824.0%, and 243.4%, compared to Product I. On the contrary, the odds will decrease by 52.1% 

by the product category of first purchase Product V (B = -0.737, p < 0.05), compared to Product I.  

From this out-of-sample model, the probability for a typical Company X customer can be calculated. 

Hence, the typical customer is illustrated by a 3-year-old customer from the Netherlands, Services 

Sector, Domestic, Product I as the first product, prepaid, dedicated account manager, and has no login 

into the platform. In the estimation of the probability of the cross-sell ability, formulas 5.2 and 5.3 can 

be used. This results in the following probability as calculated in formula 5.9. 

𝑦 = −0.683 + (−0.166 ∗ 3) + 1.123 + 0.520 − 1.919 =  −1.457 (5.8) 

𝜎 (𝑦) =
𝑒−1.457

𝑒−1.457 + 1
= 0.1888 (5.9) 

Thus, the ability to cross-sell is considered as 18.88% for the typical customer of Company X.  
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6. Discussion 
The following chapter will critically reflect on the results of this study and will discuss the limitations, 

the theoretical contribution, and implications, the managerial implications, limitations, and future 

research. 

6.1. Research Questions and Interpretation 
The following section will reflect on the research questions and the interpretation of the results. 

Hence, this study is initiated to identify cross-sell opportunities from customer data such as 

transactional and geographical data of the customers. Yet, to provide the reader with a better 

understanding of the interpretation and reasoning concerning the main research and sub-questions, 

those are answered here. The sub-questions that guided this study were stated as follows: 

1. Which customer- and firmographic characteristics can be used to determine the cross-selling 

ability of small and medium customers? 

In order to answer the first sub-question, both characteristics first require definition. According to the 

literature, customer characteristics are defined as the customers' habitual buying behavior and 

transactional patterns (Kumar, George & Pancras, 2008). Firmographic characteristics represent the 

geographical and entity-related information used to specify customers in this B2B context. This is 

comparable with the demographical information in the B2C context. Both types of characteristics can 

be related to several variables, these are presented in Tables 14 and 15. Next to that, the tables shed 

light on the statistical support of the variables as found in this study.  

Table 14: Statistical support for the customer characteristics 

Customer characteristic Support in this study 

Relationship Age A negative significant* effect is found for the age of the relationship.  
Dedicated Account Manager A strong positive significant* effect is found for having a dedicated account 

manager in consideration of having no account manager. 
First Product Purchase Strong positive and negative significant* effects are found for certain first 

purchased products compared to the reference product 
Billing Type A strong negative significant* effect is found for prepaid customers compared 

to postpaid customers. 
Customer Login Behavior A strong positive significant* effect is found for a customer who logged into the 

platform compared to those who did not log into the platform. 

* significant: p < 0.05 

 

As Table 14 illustrates, this study found that there a strong negative significant effect on the age of 

the relationship. However, Reinartz et al. (2008) illustrated that the positive effect of satisfaction is 

increased by relationship length and thereby can positively affect the cross-selling opportunities. 

Therefore, the finding of this study is thus contrary to the findings as found in the literature. Next to 

that, Mäenpää (2012) found that having a dedicated account manager can positively influence the 

cross-selling opportunity. This is in line with the findings since there is strong evidence for the positive 

effect of a dedicated account manager. At last, Kumar et al. (2008) stated that the purchase of certain 

products is associated with higher cross-sell abilities. This is in line with the findings as certain products 

are more prone to cross-selling compared to others.  
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Table 15: Statistical support for the firmographic characteristics 

Firmographic characteristic Support in this study 

Country Moderate positive and negative significant* effects are found for certain 
countries compared to the category of other countries. 

Sector Strong negative significant* effects are found for certain sectors compared to 
the services sector. 

Type of Organization Positive significant* effect for multinational organizations compared to 
unlinked organizations. 

* significant: p < 0.05 

 
As highlighted by Desarbo et al. (2001), which is in line with the findings of this study as presented in 

Table 15. Firmographic variables such as the geographical location and SIC sector can also be used to 

model the cross-sell ability of certain customers. Next to that, the authors also highlighted that the 

type of organization affects cross-selling, which is also confirmed since multinationals are associated 

with higher cross-sell abilities.  

Another interesting insight is that two different customer characteristics as emphasized by the 

interview participants, known as the customer login behavior and billing type also provide the 

possibility to model cross-selling abilities. The results indicated that customers that logged into the 

platform and prepaid customers are considerably more prone to cross-selling.  

2. What is the predictive power of those characteristics on the cross-selling ability of the 

customers of Company X? 

In order to provide an answer to the second sub-question, the interpretation of the four binary logistic 

regression models is important. Therefore, the different metrics and odds-ratio need to be interpreted 

correctly to shed light on the predictive powers associated with the variables. In comparing the 

different models, including only three types of customer-related data presented by the relationship 

duration, dedicated account manager, and the category of first purchase does not generate enough 

predictive power to derive cross-sell abilities. The metrics associated with the model indicate that the 

cross-sell ability is correctly identified as being negative or positive in 77.66% of all customers in the 

sample. However, only 21.66% of the positive classes are correctly predicted. 

 As the fourth model metrics indicate and the out-of-sample model confirms, including more variables 

into the model improves the performance of the model. The cross-sell ability in the out-of-sample 

model is correctly identified as being negative or positive in 81.3% of all customers in the sample, thus 

an increase of 3.64%. However, this model is substantially better in identifying positive classes. In 

comparison to the first model, that identified 21.66%, this model scored 52.85%. Hence, the model 

estimated half of the customers that have positive cross-sell abilities correctly. When taking a look at 

the odds-ratio ratios of the out-of-sample model, the effect of a dedicated account manager, certain 

products of first purchase, and the billing type have the largest effect on the cross-sell ability. Next to 

that, relationship duration, login into the platform, sectors, and effects of countries have considerably 

smaller effects on the cross-sell ability. However, it is difficult to determine what the standardized 

effects are since this is not possible with logistic regression analysis.  
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Nonetheless, the conclusion can be drawn that the predictive power of the model substantially 

improves when implementing more customer and firmographic variables into the model. This 

indicates that the combination of both customer and firmographic variables provide the opportunity 

to predict cross-sell abilities in this context of identifying cross-sell opportunities for the smaller and 

medium customers of Company X. Yet, a more detailed conclusion regarding the actual probabilistic 

powers concerning these characteristics will be discussed in the following section. Thus, to answer the 

main research question:  

“What cross-selling opportunities concerning small and medium customers can be derived from data 

mining applied to different types of customer-related data?”. 

The use of the well-known classification method known as logistic regression on different types of 

customer-related data can help firms to derive cross-selling opportunities. As the results from the out-

of-sample logistic regression model indicate the following. First, the relation of the customers has a 

negative significant effect on the cross-sell ability of the customer. This indicates that recently 

acquired customers are more prone to cross-selling. Therefore, the cross-sell activities, such as 

campaigns should be focused on relatively new customers. Second, the first product purchase of 

Product III, Product IV, and Product VII all have significantly higher abilities compared to the most 

commonly purchased product, namely Product I. Indicating that the aim of acquiring new customers 

should be on the three mentioned products. Third, the assigning of a dedicated account manager also 

has a significant positive impact. This indicates that dedicated account managers thus can help to 

cross-sell other products.  

When taking a closer look at the more context-specific and more practical variables, such as the 

country and sector. Here, the results reveal that the odds will increase by 68.1% when the customer 

is located in the Netherlands compared to the category “Others”. Specifically, the category “Others” 

includes countries such as the United States, China, Spain, and India. Next to that, when the customer 

is located in Germany, the odds of the cross-sell ability will decrease by 47.2% compared to these 

earlier mentioned categories “Others”. Nonetheless, no sectors are associated with higher cross-sell 

abilities, only the sector “Wholesale” and “Retail Trade” should be avoided since these are associated 

with significantly lower cross-sell abilities.  

The combination of both types of characteristics can be used to derive cross-selling opportunities. Yet, 

to provide an understanding of which customers are more applicable to cross-sells. A profile can be 

sketched that provides the highest probability to cross-sell products. These customers should be 

recently acquired postpaid customers, in which the first product purchased is “Product III”, “Product 

IV” or the category “Product VII”. Next to that, a dedicated account manager is assigned to the 

customer and it is a multinational located in the Netherlands. At last, the customer logged into the 

platform.   
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6.2. Theoretical Contributions and Implications 
This section provides insights into the theoretical contributions and implications of this study. This 

study contributes to three main topics in the literature, namely the literature in the customer 

development domain, the existing literature on mixed-method studies, and several predictors as 

found in different studies. 

First, on the current literature in the customer development domain, specifically on the use of CRM-

related data by deploying data mining practices to identify and explore possibilities of cross-selling 

products. In the identification of similar studies, common contexts in these types of studies range from 

the insurance sector, banking, and other kinds of financial service companies. Almost all previous 

literature focused on the customer perspective of cross-selling, namely cross-buying. Nonetheless, 

this study aimed to improve the cross-selling activities at Company X and focuses on the firm’s 

perspective of cross-selling. Although, no study has been done yet on the smaller and medium 

customers in the context of a telecom-based organization, making this study one of a kind. 

Second, this study contributes to the existing literature on mixed-method studies. In the mixed-

method paradigm, common topics in exploratory sequential research used qualitative interviews with 

structured questionnaires to generate confirmatory results (Harris & Brown, 2010). However, it has 

not been used for data mining purposes, such to identify predictors for data-driven research. Hence, 

this a new area that can be explored by implementing mixed-methods studies. 

The third major contribution in the next section will discuss those theoretical contributions and 

implications. According to the literature, there is strong support for the mediating role of the 

relationship duration (Verhoef et al. 2001). Nonetheless, this is contrary to the findings as discovered 

in this study, in which this study indicated that the relationship age has a significant, but weak negative 

effect on the cross-selling ability of the customers. Although, when not controlling for any variables 

this indicates a significant positive value. Hence, this requires some further investigation. Next to that, 

this is a company in which multiple acquisitions increased the product portfolio, these effects might 

have biased the effect.  

Fourth, there is evidence that several first purchase product categories have a strong positive 

significant effect and a negative significant effect on the cross-sell ability of the customers. This is 

identical as found by Kumar et al. (2008), in which specific categories of first purchase seem to be an 

important driver of cross-buying behavior. Moreover, these findings will be broadly covered in the 

managerial implications. At last, in line with the findings of Mäenpää (2012), although here 

quantitative, a dedicated account manager has a strong positive significant effect on the cross-sell 

ability of the customer. Nevertheless, this finding might also have been biased since the account 

manager might be allocated to customers that employ multiple products. Hence, this is not considered 

as strong support, but the information is not available in the databases of Company X and this cannot 

be determined. However, these theoretical contributions should be carefully interpreted, since these 

are slightly limited by the generalizability of this study. This is due to that each company is different in 

the sense that the structure, products, and customers. Hence, this study generated a model based on 

the customers of one specific company. This indicates that the external validity of this study is low. In 

other words, the application of this model, outside of the context of this study might indicate different 

results. Nonetheless, the internal validity is high, since logical explanations derived from the results as 

presented. 
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6.3. Managerial Implications 
This section covers the managerial implication or the results in terms of action. The next section will 

discuss two major opportunities that will enable Company X to allocate its sales and marketing 

expenditures and efforts more effectively. 

First, the model can be implemented by Company X on their current customer base to cross-sell them 

other products in their portfolio. In doing so, the low-hanging fruit or easy-to-accomplish task, are 

those customers that purchased only one product but argued to have high cross-selling abilities. Next 

to that, the remaining customers could be targeted that have high cross-selling abilities according to 

the model, yet hold multiple products. These could be targeted accordingly with specifically identified 

products that have a high potential in those markets.  

The second opportunity of this model is to better identify new customers that fit into the profile of 

the typical customer to sell multiple products and acquire new customers that fit into the typical 

‘cross-sell’ profile. However, when implementing this cross-sell model, there should be a careful 

selection of those customers who are more prone to cross-sells. Hence, the following key take-aways 

should therefore be taken into account. First, multinational companies in the Netherlands seem to be 

to perform the best in sense of cross-selling. Next to that, sectors such as “Wholesale” and “Retail 

trade” should be avoided when increasing the probability of cross-selling products. In order to further 

improve the chance of cross-selling, the customers should be acquired on the products of “Product 

III”, “Product IV” or the category “Product VII”. 

Besides these opportunities, there are also implications concerning the sales approach. As argued by 

four different interview participants: “The current cross-selling strategy is spraying with bullets”. This 

indicates that the current strategy of cross-selling should be revised in such a manner, that it is focused 

and based on facts. In doing so, this cross-sell model provides the means to revise this strategy. In 

revising the strategy, use-cases or previously success-cases can be implemented for high probability 

cross-sell profiles or markets as indicated by the model. Another approach could be to implement 

industry-standard solutions or verticals for these high probability markets, to improve this 

effectiveness of cross-selling. Next to that, it would be far more efficient to train and educate the 

salespeople to employ the same sales strategy based on this identified type of customer, such as use-

cases. These so-called use-cases have already proven its effectiveness at Company X and resulted in 

increased sales. Overall, this indicates that the sales approach should be determined along with the 

products that can be placed in the segment, to further increase the chance of success based on the 

profile of the customer.  

As illustrated in the interviews, no participant felt the need to actively apply cross-selling strategies in 

their function. Although, this is might be related to the fact that the organization is structured in a 

pod-structure, in which the pods represent products and thus the focus is more on individual products 

instead of cross-selling products. Hence, there is only one specific pod focused on cross-selling. In 

incorporating the concept of cross-selling in the organization, the organizational structure should be 

revised in such a manner that it focuses more on cross-selling instead of individual products. On the 

one hand, this indicates a split of the smaller and medium customers and enterprises due to the type 

of processes. On the other hand, there should be more salespeople with knowledge of common cross-

sell products instead of one single product.  
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Besides, strong evidence is found that the behavior of the customer, or measured as customers who 

log into the platform has a positive significant impact on the ability to cross-sell. This indicates that 

customers are more prone to cross-selling when they login to the platform. Additionally, the billing 

type of postpaid also significantly increases the cross-sell ability of customers, which indicates that 

customers who pay afterward, are more prone to cross-sells.  

As the last point, the data management practices can be improved radically using three pillars. The 

first pillar consists of the building of a data warehouse and should provide a better understanding of 

the data available at Company X. Next to that, it provides the means to clean the data more easily and 

should result in better quality data. The second pillar consists of improving the quality of the data. 

Hence, more procedures are required for salespeople to establish and maintain this level. Otherwise, 

this process would begin from start all over again in the years following. Increasing the quality of the 

data would provide the opportunity to generate more elaborate and higher quality models, such as 

churn prediction models and common paths of purchase. The third pillar consists of improving the 

measurability of the different products and variables that might improve the performance of the 

model. For instance, a limiting factor in this thesis is that some products could not be measured at a 

detailed level, since these were incorporated in overarching product categories. To do so, better 

alignment between the different departments of finance, sales, and marketing might overcome these 

types of issues and improve these earlier mentioned measurability. Overall, Company X should focus 

on these aspects to better master data management.  

6.4. Limitations and Future Research 
This section covers respectively the limitations of this study and directions for future research. Hence, 

this study encountered three main limitations, which will be discussed in the next section. First, this 

study focuses on cross-selling the smaller and medium customers of a Dutch telecom-based Company. 

Due to this fact, the generalizability and external validity of this study is limited to only telecom-based 

companies. This indicates that the implementation of this model in a different context or a different 

company can cause completely different results. The second main limitation of this study concerns 

the type of data used for analysis. Moreover, since this study only uses cross-sectional data, strong 

conclusions cannot be drafted regarding the true effect of the variables over time. For instance, the 

in- or decrease of the cross-selling ability of the customers cannot be illustrated over time.  

Third, this research was especially limited by the unavailability and quality of the data. Hence, it was 

impossible to include all the characteristics that affect cross-selling due to these limitations, this is also 

known as the so-called omitted variable bias. In the next-level model, it might also be interesting to 

include other variables identified in the literature such as the firm’s marketing effort (Kumar et al., 

2008) or the channel of acquisition (Hitt & Frei, 2002; Verhoef & Donkers, 2005). Overall, including 

more variables in the model might have increased the performance of the model and decreased the 

effect of the omitted variable bias.  

Fourth, since this goal of this study was to determine whether a customer is more prone to cross-

selling, the specific number of products has not been specified in this model. In the model, the number 

of products is treated as the number of categories at the generic level, categorized by the customer 

that features one product and customers that features multiple products. This indicates that the 

limiting factor is that this model does not differentiate between customers that use two products or 

customers that use five products. Nonetheless, this would also be outside of the scope of this study, 
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since Company X is mainly interested in the probabilistic insights of customers that are more prone to 

cross-selling and not the number of products. Fifth, the interviews incorporated in the qualitative part 

of this study were conducted with internal employees, this limited the study in the sense that actual 

customers are not included in the qualitative part. Hence, it might be interesting to also include 

customers as this provides insights into the drivers of customers in cross-buying products.  

Besides the limitations, this study also provided some opportunities for future research. First, 

employing the constructed model in a different context instead of telecom-based customers might 

test the external validity of this model. It would be interesting to determine whether this model is only 

restricted to Company X. Furthermore, it would also be interesting to quantitatively investigate the 

larger corporate companies instead of smaller and medium customers. Although, larger customers 

are associated with longer processes due to more levels of decision-makers and usually require a more 

complex implementation. Second, the sales of additional items or cross-selling have been associated 

with more revenue. Nonetheless, in this study, it is unsure since the component revenue is not 

incorporated in the model, incorporating the revenue in the model can somehow make it more 

relevant for Company X.  

Third, as earlier discussed, some variables could not be extracted from the database of Company X. 

Although this also provides some direction for future research, such as including the firm’s marketing 

effort (Kumar et al., 2008) and the channel in of acquisition (Hitt & Frei, 2002; Verhoef & Donkers, 

2005) in a data-driven cross-sell model. Fourth, although this study incorporated the product 

perspective, as being the category of first purchase. It might be interesting to look at several purchase 

patterns and investigate which patterns are associated with higher cross-selling abilities, besides to 

look at which sectors and countries are associated with which patterns. To illustrate, Li et al. (2005) 

did the same to investigate sequentially ordered items in the financial services sector. Fifth, customer 

loyalty appeared to be an important driver of cross-buying behavior according to the literature that 

does not have the dominant presence in these results. By measuring the standard used to measure it, 

or the net promoter score (NPS), it provides an understanding of how the cross-selling ability is 

affected by customer loyalty.  

Finally, although not identified in the literature, it seems that the platform login behavior and the type 

of billing have a strong significant impact on the cross-sell ability of the customers. Hence, it might be 

interesting to incorporate other behavior (i.e. usage of the platform) of customers in next-level cross-

sell model. 
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7. Conclusion 
The conclusion summarizes the findings of the key goals of this study. This mixed-method study 

investigated the smaller and medium customers of Company X and constructed a model that can 

identify cross-selling opportunities. The study involved two different sequential methods that resulted 

in a cross-sell model for the identification of customers that are more applicable to cross-selling based 

on several customer and demographical characteristics. The first method was qualitative and involves 

eight semi-structured interviews which led to more insights into different data sources and predictors, 

currently applied sales approaches, purchase patterns, the organizational structure, the CRM system, 

and more detailed information concerning the customers at Company X. The second approach used 

this knowledge, to generate a database of the smaller and medium customer and collected all the 

information based on the information resulted from the literature study and interviews. The 

generated logistic model sheds light on the factors that influence the cross-sell ability and can estimate 

cross-sell probabilities of certain customers of Company X.  

This study provides companies with a better understanding of the sales strategy of cross-selling and 

the importance of implementing this strategy to generate more recurring revenue from their existing 

customer base. As a result of this study, the implementation of this data-driven cross-sell model offers 

Company X the opportunity to do so. Using such a model, customers can be identified that are more 

applicable to cross-selling and can be targeted according to. Although some caution should be taken 

considering this context in which it is applied. In doing so, this model is based on a telecom-based 

company that currently only employs other businesses as customers, known as B2B. Therefore, the 

context and customers should be similar, to implement such a model.  

Finally, the thesis also provides many directions for future research. It can be concluded that this study 

was the tip of the iceberg and was the beginning for business to in applying data analytics on CRM-

related data.   
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Appendices 

Appendix A: Generalized Names for Confidentiality (Confidential) 
Table 16: Data anonymization of products. 
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Appendix B: Data Sources (Confidential) 
Table 17: Overview of all the different data sources available at Company X. 
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Appendix C: Template Analysis: A Priori Themes  
Table 18: A priori template with the identified themes from the literature 

A priori themes Description 

1. Customer Loyalty 
Customer loyalty increases the overall cross-sell ability of the customer and can 
exist out of different factors. 

1.1. Account Manager 
Having a dedicated account manager can improve the relation with the customer 
and thus impact the cross-selling ability. 

1.2. Customer Acquisition Channel Different types of channels have different types of loyalty. 

1.3. Relationship age Duration of the relation with the customers. 

2. First product purchase Some products are easy to cross-sell compared to others. 

3. Firmographic variables 
Particular characteristics of customers as a combination of demographics and 
geographic for business customers (B2B). 

3.1. Country Different countries have different types of customers. 

3.2. Sector (Industry) Different sectors have different types of customers.  
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Appendix D: Structural Literature Review 
A structural literature review will be performed during the first phase of this research project. This will 

support and will shed light on the current researches in this field of predictors of cross-selling. Using 

scientific search engines such as Scopus and Web of Science, literature is analyzed and selected. The 

keywords used to select the appropriate literature, are variants of “cross-selling”, such as “cross-sales” 

and “cross-buying” in combination with “Data mining”. Overall, selected articles will be chosen to form 

the basis of this research project. 

To assess the quality of the articles selected, the journal impact factor or JIF is selected as the first 

measure. This score refers to the average citations of all articles published by this journal and gives an 

impression of whether the journals are of high quality. Hence, all selected articles in the literature 

review are check for this criterium and all had JIF scores ranging from 1.716 in the European Journal 

of Marketing (Ngobo, 2014) to 7.821 in the Journal of Marketing (Liu-Thompkins & Tam, 2013). 

Besides, most articles are published in journals with JIF scores of at least 4.0. However, in this field of 

Innovation Management, a JIF > 1.2 is acceptable, and the journals with higher quality have scores of 

at least 3.0 (Piirainen, 2016). This means that all of the selected articles are within the acceptable 

range and the majority of the journals are of high quality.  

The second measure used is the number of citations, this refers to the number of times the article is 

cited in other scientific articles. While most of them have a high amount of citations, ranging from 94 

(Reinartz et al., 2008) to 875 (Verhoef et al., 2002). Some have just a few (15 and 26) citations, but 

these seem acceptable due to their recent publications (Chen et al., 2016; Johnson & Friend, 2015). 

Although, the second measure is not a hard criterium and minimums cannot be defined, although it 

should be taken into account when the article can be considered usable in this study. Nonetheless, 

the focus of the articles is on the characteristics that determine the cross-selling potential or the 

probability that the firm’s cross-selling strategy is effective. On the other hand, some articles focus as 

well on cross-buying intentions, whereas the characteristics are viewed from a more customer’s 

perspective. Overall, the potential of whether all of these characteristics could be extracted from 

internal and external databases of Company X has to be determined after the interviews are 

conducted.  
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Appendix E: Literature Review on Cross-selling and Cross-buying 
Table 19: Literature Review on cross-selling and cross-buying 

Reference Nature of Study Specifications Findings 
Verhoef et al. 
(2001) 

• Empirical study among 
insurance companies on the 
impact of customer satisfaction 
on the propensity to cross-buy.                           
• Methodology: Ordered probit 
model. 

• DV: Cross-buying 
• IV: Satisfaction, Payment 
Equity, Relationship Duration, 
Marketing Instruments 
Applied, Demographics, 
Previous Buying Behavior 

• No main effect of satisfaction on cross-buying.             
• Attitudes towards past purchases may not be a good 
indicator of the household potential for cross-buying.        
• High satisfaction at the beginning of a relationship might 
harm cross-buying.               
 • Relationship length increases the effect of satisfaction 
grows on cross-buying.                                  
• Relationship length increases the effect of satisfaction 
grows on cross-buying.                                    
• Relationship length increases the effect of satisfaction 
grows on cross-buying.                                     
• Better performance on payment equity, as compared to a 
competitor, has a positive effect on cross-buying.   

 

  

Verhoef et al. 
(2002) 

• Empirical study on the effect 
of relational constructs on 
customer referrals and the 
number of services purchased 
with the mediating effect of 
relationship age with a dataset 
and survey of insurance 
customers.  
• Methodology: Regression 
model estimating parameters 
with OLS  

• DV: Customer Referrals, 
Number of services purchased 
• IV: Trust, affective 
commitment, calculative 
commitment, satisfaction, pay 
equity.  
• M: Relationship age 

• Customers with high payment equity might be more 
inclined to purchase more additional services. However, the 
effect can be reduced in lengthy relationships.  
• Investments in customer satisfaction also pays off in the 
long run.  
• Significant relationships between relational constructs of 
affective commitment and pay equity and several services 
purchased. 

Knott at al. 
(2002) 

• Empirical study on NTPB (Next 
Product To Buy) on predicting 
which product the customer 
would be likely to buy next in 
the financial services context.  
• Methodology: Neural 
networks 
  

• DV: Next Product to Buy 
• IV: Current product 
ownership, demographics 
(age, income, etc.), RFM 
measures (recency, frequency, 
and monetary value), 
marketing efforts used. 

• NPTB models generate incremental cross-selling profits.  
• The most crucial predictor to include is an NPTB model in 
current product ownership, predictive power is influenced 
by the RFM variables. 
• Predictive power is not much influenced by the statistical 
technique used for estimation  
• Method for selecting customers for estimation can be 
either simple random or stratified random sampling  
• There is a strong potential for incorporating purchase 
incidence models into the NPTB model.  
• Other predictors could be used such as past marketing 
efforts.  

Kamakura et 
al. (2003) 

• Mixed data factor analyzer to 
analyze the different Implement 
cross-selling with the use of 
transaction data and survey 
data to identify the best 
prospects for each financial 
service. 
• Methodology: Mixed data 
factor analyzer to analyze the 
different  

•DV: Likelihood of next 
product adoption.  
• IV: Number of transactions 
per month, Volume of deposits 
in the bank, education, gender, 
age, ownership of the 
automobile, telephone, fax, 
etc., personal income, usage 
indicators of 22 financial 
services within the bank: 
Convenience, Investments, 
Risk Management, Credit.  

• Mixed data factor allows the firm to predict its customer's 
likely buying behavior beyond the product and services 
currently owned by the firm.  
• The probabilistic predictions form the basis for selecting 
the best prospects for cross-selling of new products or 
services.  

Ngobo (2004) • Investigating the drivers of 
cross-buying intention with two 
different datasets from retailing 
and the bank sector. The focus 
is to understand whether one 
will buy from a service provider 
with relationship or from a 
competitor. 
• Methodology: Regression 
analysis 

•DV: Cross-buying intention 
•IV: Service quality, perceived 
value, customer satisfaction • 
Customers repurchase 
intentions, perception of 
switching costs.   
•M: Repurchase intention, 
Customer satisfaction 

• Image conflicts and perceived convenience seem to be 
more important determinants of cross-buy intentions.  
• Service Quality, perceived value, customer satisfaction, 
and repurchase intentions are associated with cross-buying 
intentions.  
• It implies that factors such as prices will be important 
when it comes to cross-selling. 
• Customers are less influenced by their prior experiences 
when it comes to cross-buying.  
• The current findings temper previous conclusions, which 
state that it is easier to cross-sell to existing customers 
instead of acquiring new customers.  
• Perceived convenience of one-stop shopping, and image 
conflicts are important predictors of the customer potential 
of cross-buying.  

applewebdata://46242CB1-5854-41D5-8665-1ABAB2B4AC8C/Articles/Literature%20Review%20Articles/1-s2.0-S0022435901000525-main.pdf
applewebdata://46242CB1-5854-41D5-8665-1ABAB2B4AC8C/Articles/Literature%20Review%20Articles/1-s2.0-S0022435901000525-main.pdf
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Li et al. (2005) • Empirical research to estimate 

cross-selling sequential ordered 
products. With household-level 
consumer data collected by a 
large bank to explore 
consumers' acquisition of 
financial services.  
• Methodology: Multivariate 
probit model with sequential 
ordering effect. 
  

• DV: Cross-sell potential or 
probability  
• IV:  Customer current 
relationship with the bank, 
satisfaction, household-level 
switching costs, Household 
financial maturity, age, sex and 
income.  

• Household financial maturity drives the sequential 
purchase of multiple products.  
• The switching costs associated with owning multiple 
products create opportunities to cross-sell other products 
to the same customer  
• Customer satisfaction or service quality has a significant 
influence on a customer's future purchase decision, 
especially for more advanced financial products.  
• A multivariate probit model with heterogeneity, switching 
costs and sequential ordering effects provides an accurate 
description and prediction of household future purchase 
decisions.  

 

Verhoef & 
Donkers 
(2005) 

• Empirical study on the effect 
of acquisition channels on 
customer loyalty and cross-
buying with a financial dataset  
• Methodology: Probit model  

• DV: Cross-buying  
 • IV: Acquisition channels (TV, 
radio, direct mail, outbound 
telephone, magazine, website, 
word of mouth, co-insurance) 

• The expected values of customers acquired via different 
channels differ.  
• Customers acquired through direct mailings or word of 
mouth are less loyal than those acquired through other 
channels.  
• Firms should be aware of these negative consequences of 
mailings  
• Referring customers from traditional channels to their 
websites to both reduce costs and increase retention rates 
might come at a cost of reduced cross-buying opportunities 
   

Reinartz et al. 
(2008)  

• Empirical research on cross-

buying and customer loyalty in a 
retailing context  
• Methodology: Granger 
Causality Test with two data 
sets 

• DV: Cross-buying                 

• IV: Loyalty (Yearly sales and 
purchasing frequency) 

• Purchasing items from multiple categories (cross-buying) 

is by and large a consequence of behavioral loyalty, not an 
antecedent.  
•First nurture and develop strong relationships with their 
customers, prior to engaging in significant cross-selling. 
Greater success to cross-sell services or products later in 
the relationship, when affinity has been established.  
• Cross-selling strategies should not focus just on how 
many categories a customer buy. Instead how the customer 
spreads his or her purchases across categories represents 
an important and manageable outcome of loyalty. 

Kumar et al. 
(2008) 

• Large retailing dataset to 
define drivers and 
consequences of cross-buying in 
retailing context  
• Methodology: Random 
coefficient seemingly unrelated 
regression model (SUR) 

• DV: Cross buy  
• IV: Exchange characteristics 
(average interpurchase time, 
product returns, focused 
buying), Firm's marketing 
effort (total number of catalog 
mailings, cross-category 
catalog mailing), Customer 
characteristics (Household 
income, age of the head of the 
household) & Product 
characteristics (Category of 
first purchase) 

• Customers who purchase intermediate duration are more 
likely to purchase from additional categories. Large number 
of customers who purchase at very short intervals are those 
who purchase fewer times from the company and never 
return (butterfly / strangers).                                                                            
• Ratio of return exhibits an inverted U-shaped relationship 
with cross-buy.                                                                                                                           
• Marketing efforts has a significant impact on cross-buy, 
cross-buy increases with the number of direct mailings but 
beyond a certain threshold it has a negative effect.  
• Number of product categories purchased can positively 
impact the performance of the firm. The revenue and 
contribution margin per customer increase significantly. 
(Example: Unilever with the Dove-case) 

 

Liu-
Thompkins & 
Tam (2013) 

• Retailing transactional dataset 
and survey data of loyalty 
program to get more insights 
into more effective cross-selling 
to repeat customers  
• Methodology: Logistic 
regression on combination of 
two different datasets  

• DV: Cross-selling promotions                            
• IV: Attitudinal loyalty 
(Interpurchase time and 
transaction size) & habit 

• Attitudinal loyalty and habit both play important roles in 
convenience store shoppers' patronage behavior.  
• Attitudinal loyalty and habit only correlate weak with 
each other, suggesting that they are distinct forces.  
• Attitudinal loyalty and habit both reveal a significant 
impact on repeat purchase.  
• Attitudinal loyalty increased the effectiveness of a cross-
selling promotion, whereas habit showed the opposite 
effect and rendered the same promotion less effective  

Johnson & 
Friend (2015) 

• Behavioral tendencies 
towards cross-selling and up-
selling in a MOA theoretical 
framework  
• Methodology: Questionnaire 
among B2B Salespeople across 
numerous organizations and 
industries. Explanatory Factor 
Analysis (EFA) applied to 

• DV: Job satisfaction & 
Salesperson performance  
• IV: Cross-selling & Up-Selling 
strategies                                                  
• M: Customer orientation, 
number of products / levels, 
adaptive selling ability  

• Sales managers can ultimately supplement cross-selling 
and up-selling segmentation and targeting strategies 
derived from transactional databases by employing a sales 
force with the right mindset, skills and behavioral 
tendencies.  
• Although, for cross-selling increasing the customer 
orientation is critical, while for up-selling this may 
moderates the salesperson's job satisfaction.  



 

VII 
 

Reference Nature of Study Specifications Findings 
examine the number of factors 
present in the data and 
loadings.  

• Do not solely rely on the transactional databases 
traditionally used to measure cross-selling and up-selling. 
Job satisfaction is often not captured within these 
databases.  

 
Chen et al. 
(2016)  

• Classification of two different 
datasets (customer, retailer) to 
determine the cross-selling 
recommendations.  
• Methodology: Collaborative 
Ensemble learning framework 
with multiway multitype data 
from two different databases.  

• DV: Cross-sell 
recommendation                 
• IV: Demographic (Number of 
employees, annual sales and 
number of years in business), 
related & similar product 
(amount spend on category or 
sales and number of products 
purchased or quantity) and 
historical promotion (number 
of promotions received per 
month). 

• MK-STM is proposed as data mining tool using this type of 
data. 
• For electronic commerce, this model can be used as data-
mining tool for integrating multitype multiway data in CRM 
and in direct marketing in social media, social commerce 
and mobile commerce. 

Notes: IV = Independent Variable, DV = Dependent variable, M = Moderator or Mediator 
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Appendix F: Format Internal Interviews with Company X Colleagues (Confidential) 
This interview will take approximately 30 minutes and will be recorded. In this interview, I will ask 
you to explain and clarify certain situations around the sales strategy of cross-selling. Therefore, I 
first want to explain to you what cross-selling is and after that, I will ask you some short questions 
about your function within Company X and your previous experience. Following that, the questions 
regarding cross-selling will be asked. 
 
[ Explain Cross-selling ] 
Sold an existing customer of Product I, products such as Sign, Product V, or Product III.  The goal of 
this strategy is to generate more revenue per customer. Banking customers are typical examples of 
common cross-sold customers (i.e. insurance and banking services). 
 
Ice-breaker Questions: 

- How many years do you work for Company X? 
- What is your function within Company X? 
- What are your main activities/responsibilities at Company X? 
- At what functions and companies were you employed before you started working at 

Company X? 
 
Introduction: 
In my research, I will use data mining to identify opportunities for the smaller and medium 
customers of CM. These opportunities will be likely in the form of variables that can be used to 
identify customers that have a probability to cross-sell. With the literature, I identified several 
characteristics that influence the cross-sell ability of customers. To get views on the perspectives, I 
will ask you several questions related to your function within Company X. 
 
General Questions:  

1. Did you ever apply the concept of cross-selling? If so, could you describe the situation? 
2. What does Company X currently do in cross-selling their existing customers? On which type 

of customer is the focus on and why? 
3. Do you think that our customers obtain additional products they require in most cases from 

us? (Schaefer 2002; Schmitz 2013): 
4. Within Company X, what is the division between small- and medium and larger customers? 

What is specifically considered a larger customer of Company X? 
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Perspectives: 
Customer 

1. How would you identify and describe a small and medium customer that holds more than 
one product of Company X? (Think of sector that an firm operates, size etc.) 

2. Could you describe the typical customer that you are able to cross-sell? 
3. Do you think Company X has a high potential in selling more products to their existing 

customers, why yes or no? 
4. Do you think that Company X is very flexible in offering a wide range of different products 

and services depending on my customer’s needs? (Malms & Schmitz, 2011) & (Sujan et al. 
1994) 

5. Do you think that Company X covers our customers’ needs for additional products already 
on a broad basis? (Schaefer 2002; Schmitz 2013): 

 
Data 

1. What data systems are available within Company X to collect customer data (think of CODA, 
dynamics etc.) 

2. Is the data available that is defined with the literature as seen in the conceptual model?  
3. Till what extent does Company X have behavioral log files of their customers, accessible? 

(i.e. logins) 
4. What type of data might offer difficulties when exporting this from the database, and why? 
5. What is your opinion on the quality of the data collected at Company X, why? 
6. Can all the data be easily linked to specific customers? How? 

 
Product 

1. Do the customers purchase most of the additional products that you (from CM) offers them? 
(Schaefer 2002; Schmitz 2013): 

2. Offering customers additional products from other divisions can be important. (Malms & 
Schmitz, 2011) & (Sujan et al. 1994) 

3.  What products are common products that are cross-sold? 
 
Sales & Marketing 

1. Did you ever applied cross-selling to your existing customers? 
2. Can you describe the last customer that you cross-sold and its characteristics? 
3. What seem to be the common response from the customer on the attempt of cross-selling 

them? 
4. What seems to be the important factor, when cross-selling products to the existing 

customers?  
5. What are the success- and fail factors to your opinion for cross-selling customers?  
6. Does Company X provides any compensation or incentives for selling additional products? 

(Schmitz, Lee & Gary, 2014): 
7. Do you think that the demographics (certain countries, employees and size) of the customer 

provides Company X with an opportunity to cross-sell them? 
 
Ending Questions: 

1. For you, what would be an ideal situation of cross-selling products to existing customers, i.e. 
what are your expectations, organizational structure, reward system? 

2. Do you think that cross-selling could add value to your own position (i.e. intrinsic motivation) 
and the company itself (i.e. performance)? 

3. What is your vision on the use of cross-selling within Company X? 
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Appendix G: Robustness Check and VIF Scores 
Table 20: OLS linear probability estimation model. 

Factor B β p VIF 

Constant 0.371  0.000  
Relationship Age -0.021 -0.081 0.000*** 1.396 

Dedicated Accountmanager (Reference: Yes) 0.185 0.195 0.000*** 1.331 

First Product Purchase     

 Product I Reference    

 Product II -0.042 -0.018 0.044 1.286 

 Product VII 0.273 0.089 0.000*** 1.048 

 Product III 0.394 0.108 0.000*** 1.050 

 Product IV 0.276 0.101 0.000*** 1.102 

 Product V -0.130 -0.048 0.003*** 1.169 

 Product VI 0.032 0.012 0.437 1.085 

Control variables     
SIC Sector     
 Agriculture, Forestry, and Fishing 0.069 0.010 0.523 1.008 

 Construction -0.056 -0.014 0.344 1.024 

 Finance, Insurance, Real Estate 0.009 0.006 0.713 1.136 

 Manufacturing -0.023 -0.015 0.356 1.108 

 Public Administration -0.040 -0.013 0.394 1.037 

 Retail Trade -0.079 -0.051 0.001*** 1.105 

 Transportation, Communications -0.034 -0.022 0.160 1.111 

 Wholesale Trade -0.083 -0.051 0.001*** 1.109 

 Services Reference    
Country      
 Belgium 0.023 0.020 0.155 2.675 

 France -0.025 -0.008 0.178 1.264 

 Germany -0.040 -0.040 0.127 3.194 

 Netherlands 0.082 0.090 0.000*** 3.767 

 South Africa 0.143 0.038 0.006*** 1.213 

 Switzerland -0.043 -0.010 0.334 1.126 

 United Kingdom -0.058 -0.025 0.202 1.470 

 Others Reference    
Type of Organization     
 Domestic -0.007 -0.007 0.620 1.402 

 Multinational 0.024 0.023 0.131 1.457 

 Unlinked Reference    
Billing Type (Prepaid) -0.284 -0.312 0.000*** 1.390 

Customer Behavior (Yes)  0.064 0.014 0.000*** 1.083 

Diagnostics:         

N 3093   6434 
R² 0.304       

Note: *significance at 10% level, **significance at 5% level, and *** significance at the 1% level 
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