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ABSTRACT 

 

In the age of data explosion, many firms are heavily investing in big data and big data analytics 

(BDA) without being able to anticipate how much value they will  receive. Thus, there is a 

growing body of research that has been focusing on the impact of big data and BDA investments 

on firm performance. Nevertheless, most of these studies use self-reported data and none of 

them has addressed the dynamics in the firm outcomes as well as the continuous feedback 

processes between BDA investment, firm performance, and other intermediate variables. In this 

thesis, I collected data about two telecommunication firms in the U.S., namely T-Mobile and 

Verizon, to build up a system dynamics model that helps to answer two research questions that 

have not been properly investigated hitherto: 1) How do BDA investments dynamically 

influence firm performance? and 2) Which policies can help large and small firms to enhance 

the outcomes of their BDA investments? My simulation results reveal that when the industry 

develops in favor of BDA activities (i.e., lower data acquisition and data storage costs, more 

data generated by customers), small firms will be put at a disadvantage. In contrast, large firms 

with larger customer bases will be able to exploit their economies of scale in BDA investments 

to quickly increase their market share and gain higher profits. Thus, large firms are advised to 

increase their investments in BDA and data acquisition, in addition to increase their data volume 

more quickly even at the cost of lower data quality. As an increase in data volume will typically 

lead to a decrease in data storage cost, this policy will help large firms effectively increase their 

total number of customers, which will lead to a further decrease in the data acquisition cost, 

resulting in higher firm revenues and firm profits. Small firms, instead, are advised to sacrifice 

their profits for market share. Specifically, they should invest more heavily than large firms to 

lift  the volume of their data up to the point that it can nullify the cost advantage of large firms. 

It is unclear that, though, whether small firms can survive when making such a big trade-off. 

Future research might explore whether the intervention from governments might help resolve 

this inequality between small and large firms.        



 

2 

 

TABLE OF CONTENTS  

 

LIST OF FIGURES .................................................................................................................... 4 

LIST OF TABLES ..................................................................................................................... 5 

LIST OF ACRONYMS .............................................................................................................. 6 

Chapter 1: Introduction .............................................................................................................. 7 

1.1 Background Information ............................................................................................... 7 

1.2 Problem Formulation .................................................................................................... 8 

1.3 Research Objective and Research Context ................................................................. 10 

1.4 Research Questions and Research Context ................................................................. 11 

1.5 Thesis Outline ............................................................................................................. 12 

Chapter 2: Literature Review ................................................................................................... 13 

2.1 Big Data and Its Characteristics .................................................................................. 13 

2.2 Big Data: Trade-off Between Quantity (Volume) and Quality................................... 15 

2.3 Impact of Big Data Analytics ..................................................................................... 15 

Chapter 3: Methodology........................................................................................................... 19 

3.1 Research strategy ........................................................................................................ 19 

3.2 Data collection ............................................................................................................ 20 

Chapter 4: Model Description .................................................................................................. 22 

4.1 Model Overview ......................................................................................................... 22 

4.2 Model Boundary and Time Horizon ........................................................................... 24 

4.3 Major Assumptions ..................................................................................................... 25 

4.4 Model Structure .......................................................................................................... 28 

4.5 Feedback Analysis ...................................................................................................... 35 

4.6 The Dynamic Hypothesis ............................................................................................ 40 

Chapter 5: Behavior Analysis .................................................................................................. 42 

5.1 Model Calibration ....................................................................................................... 42 

5.2 Analysis of Baseline Simulation Result ...................................................................... 42 

Chapter 6: Model Validation .................................................................................................... 45 

6.1 Model Validation Overview ....................................................................................... 45 

6.2 Structure Validity ........................................................................................................ 45 

6.3 Behavior Validity: Behavior Pattern Tests ................................................................. 72 

Chapter 7: Scenario Analysis ................................................................................................... 76 



 

3 

 

7.1 Scenario Analysis Overview ....................................................................................... 76 

7.2 Results of Scenario Analysis ...................................................................................... 77 

Chapter 8: Policy Options Analysis ......................................................................................... 81 

8.1 Overview of the Policy Formulation ........................................................................... 81 

8.2 Results of Policy Analysis .......................................................................................... 82 

8.3 Policy Implementation Under Different Scenarios ..................................................... 86 

8.4 Policy Discussion ........................................................................................................ 89 

Chapter 9: Conclusion, Implications, and Limitations ............................................................. 92 

9.1 Conclusion .................................................................................................................. 92 

9.2 Potential Implications ................................................................................................. 93 

9.3 Limitations and Future Research ................................................................................ 94 

References ................................................................................................................................ 95 

APPENDICES ........................................................................................................................ 101 

APPENDIX 1: Full Stock and Flow Diagram .................................................................... 101 

APPENDIX 2: List of Equations and Baseline Parameters ................................................ 102 

 

  



 

4 

 

LIST  OF FIGURES 

Figure 1. Market Share of the Telecommunications Sector in the U.S. (2011-2019) (adapted 

from FierceWireless and Statista (2019)) 11 

Figure 2. Reference Mode of Firm Performance of T-Mobile and Verizon 12 

Figure 3. Knowledge Generated From Big Data (adapted from Lam et al. (2016)ôs conceptual 

framework) 14 

Figure 4. Actual Target Customers (Solid Circle Line) Versus Desired Target Customers 

(Dashed Circle Line) 17 

Figure 5. Overview of the Model 22 

Figure 6. An Overview of the Feedback Structure of the Market Module 28 

Figure 7. An Overview of the Feedback Structure of the Business Module 31 

Figure 8. An Overview of the Feedback Structure of the Big Data Value Module 32 

Figure 9. An Overview of the Feedback Structure of the Knowledge Application Module 34 

Figure 10. An Overview of the Feedback Structure of the Investment Policy Module 35 

Figure 11. An Overview of the Causal Loop Diagram (CLD) of the Model 36 

Figure 12. Simulated Number of Total Customers of T-Mobile and Verizon 42 

Figure 13. Simulated Firm Revenue of T-Mobile and Verizon 43 

Figure 14. Simulated Firm Profit of T-Mobile and Verizon 44 

Figure 15. Results of Integration Error Tests 72 

Figure 16. Simulation Results Behavior Against Historical Data ï Number of Customers 73 

Figure 17. Simulation Results Behavior Against Historical Data ï Firm Revenue 74 

Figure 18. Simulation Results Behavior Against Historical Data ï Firm Profit 75 

Figure 19. Number of Customers and Market Share Under the Three BDA Scenarios 78 

Figure 20. Firm Revenue and Profit Under the Three BDA Scenarios 79 

Figure 21. Market Share and Firm Revenue with No Policy Intervention 81 

Figure 22. Number of Customers and Market Share Under the Three Policy Options 83 

Figure 23. Firm Revenue and Profit Under the Three Policy Options 84 

Figure 24. Number of Customers and Market Share Under the Three Policy Options and BDA 

Explosion Scenario 87 

Figure 25. Firm Revenue and Profit Under the Three Policy Options and BDA Explosion 

Scenario 87 

Figure 26. Number of Customers and Market Share Under the Three Policy Options and BDA 

Winter Scenario 88 

Figure 27. Firm Revenue and Profit Under the Three Policy Options and BDA Winter 

Scenario 89 

  

file:///C:/Users/s12543/Documents/Dropbox/Dom%20Zin/UIB/Master%20thesis/Writing%20thesis/10th%20draft.docx%23_Toc48337444
file:///C:/Users/s12543/Documents/Dropbox/Dom%20Zin/UIB/Master%20thesis/Writing%20thesis/10th%20draft.docx%23_Toc48337444


 

5 

 

LIST OF  TABLES 

 

Table 1. Summary of Model Overview Elements 24 

Table 2. Structure-Confirmation Test 46 

Table 3. Direct Extreme-Condition Test 48 

Table 4. Extreme-Condition Test 50 

Table 5. Results of Parameter Behavior Sensitivity Test 59 

Table 6. Results of Graphical Function Behavior Sensitivity Test 71 

Table 7. Model Goodness of Fits to Historical Data (Error Analysis) 75 

Table 8. Scenario Settings 76 

Table 9. Policy Settings 82 

Table 10. Results of Policy Implementation in the First Quarter of 2030 86 

 

 

 

  



 

6 

 

 

LIST OF ACRONYMS  

 

BDA: Big Data Analytics 

CLD: Causal Loop Diagram 

SD: System Dynamics 

SFD: Stock and Flow Diagram 

 

 

 

  



 

7 

 

Chapter 1: Introduction  

1.1 Background Information  

We are living in the age of data explosion. For example, we are receiving billions of emails 

every week, sending half a billion of tweets every day, posting nearly 300,000 Facebook status 

updates every minute, and spending many hours staying online or talking over the phones 

(Marr, 2015). With the rapid development of digitalization and the widespread usage of 

internet-of-things devices around the world, firms are now able to follow these digital traces of 

customers to anywhere, at any moment, leading to a massive amount of data collected about 

customers in recent years (Rust, 2020). Indeed, Facebook, for instance, collects more than 500 

terabytes of customer data on a daily basis, and Netflix owns millions of real-time data points 

from its online movie viewers (Xu, Frankwick, & Ramirez, 2016).  

It is believed that these large customer databases, which are also known as ñbig data,ò provide 

firms with many radical opportunities to gain important insights about customers and then 

convert those insights into informed market decisions and a competitive edge (Erevelles, 

Fukawa, & Swayne, 2016; Rust, 2020). Consequently, a growing number of businesses has 

been investing a substantial amount of money in big data analytics (BDA) in an attempt to take 

full advantage of their large amount of customer information. For example, the Oversea-

Chinese Banking Corporation managed to increase the overall conversion rates by 45% after 

investing in advanced analytics (Turner, Schroeck, & Shockley, 2013), while AT&T exploits 

their data collection of 30 billion data points per hour to optimize resource allocation and 

enhance customer experience (King, 2014). Furthermore, results from a study conducted by 

Accenture and General Electric show that almost 90% of surveyed firms believe that they must 

invest in BDA to secure their market shares (Aydiner, Tatoglu, Bayraktar, Zaim, & Delen, 

2019). However, big data investment does not always lead to higher business value, and 

previous research has found that the relationship between BDA investments and firm 

performance is not necessarily being positive (e.g., Wamba et al., 2017).  

In fact, our understanding of whether, why, and how BDA investments would lead to increase 

in firmsô business value is very limited (e.g., Aydiner et al., 2019; Côrte-Real, Ruivo, Oliveira, 

& Popoviļ, 2019; Erevelles et al., 2016). Indeed, previous research that has empirically 

investigated the association between BDA and firm performance using real data is really scarce 

(J. Q. Dong & Yang, 2020), while a worldwide survey shows that half of the firms that are 

actually investing in BDA do not experience any benefit of it (Côrte-Real et al., 2019). In a 
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similar vein, while 75% of more than 400 Gartner research circle members indicated that they 

spent money or planned to spend money on big data analytics in the next two years, about 40% 

of them were not able to anticipate whether these investments would result in any positive 

business value (Lam, Sleep, Hennig-Thurau, Sridhar, & Saboo, 2016). This raises at least two 

challenging practical questions for firms to answer: (1) How do firmsô investments in BDA 

dynamically influence their performance? and (2) How do the nature of the competition (e.g., 

large vs. small firms) and other market characteristics affect the effectiveness of the firmsô 

policies on BDA investments? In this thesis, I aim to tackle these issues by building a system 

dynamics (SD) model that helps explain not only the impacts of BDA investments on the 

dynamics of firm performance such as market share and firm profit, but also how different 

market scenarios and investment policies would dynamically influence the performance of the 

small versus large firms over time. The findings will provide managers with relevant and 

important insights into BDA investment decision-making.  

1.2 Problem Formulation 

1.2.1 Business Value of BDA Investments 

According to Verhoef, Kooge, and Walk (2016), firms invest in BDA for two different 

purposes, namely gaining customer insights and developing models to improve decision-

making. As such, BDA investments can be used to create business value in three major ways 

(Verhoef et al., 2016). First, firms might be able to make better marketing budget allocation 

decisions. For instance, firms might decide to invest more heavily in social media marketing to 

recruit new customers if  results from their data analytics show that most of their prospective 

customers are highly engaged in social media activities. Indeed, Saboo, Kumar, and Park (2016) 

find that firms can improve their sales per customer by more than 17% just by reallocating their 

marketing resources based on insights from utilizing large volumes of customer transaction 

data.     

Second, firms could improve the effectiveness of their marketing actions and campaigns with 

results from BDA activities. In particular, people tend to prefer things that can meet their 

personal needs or unique requirements (Rust, 2020), and feel more satisfied when receiving 

personalized offers (e.g., Yoo & Park, 2016). In other words, advanced analytics could help 

firms fully tailor their marketing messages to each customer (e.g., personalized direct email 

marketing), which in turn makes marketing communication more effective.  

Finally, with deeper customer insights, firms could identify the extra features, functionalities, 

or extra services that customers desire. For example, Liu, Soroka, Han, Jian, and Tang (2020) 
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argue that online opinions posted by customers (e.g., online reviews) are a valuable source of 

information for product designers and for design innovation. As such, results from BDA 

activities could help firms improve quality of products and services.  

Previous studies, however, has disregarded the dynamics in the relationships between BDA 

investments, marketing effectiveness, and customer acquisition. More specifically, firms first 

invest in BDA to increase their knowledge of customers and their behaviors. However, as firmsô 

understanding of customer insights increases, extra money spent on BDA activities becomes 

less productive. In other words, at some level, the extra investments in BDA activities only 

provide firms with little extra knowledge of customers, implying a diminishing trend of return 

on investment. Similarly, the enhanced knowledge of customers helps firms personalize their 

marketing content better, leading to an increase in the effectiveness of direct marketing 

activities. However, when the benefit of personalization increases, the positive effect of 

personalization on customer responsiveness is getting smaller, indicating another diminishing 

trend of returns. To the best of my knowledge, empirical research addressing the dynamic 

impact of BDA investments on marketing effectiveness and customer outcomes using real 

financial data is absent, leading to potential biases in measuring performance of investments, 

especially in relationship marketing (e.g., Ambler & Roberts, 2008; Hibbard, Brunel, Dant, & 

Iacobucci, 2001).    

1.2.2 BDA Investment Strategies for Firms with Small vs. Large Customer Base 

Previous research has mostly relied on the use of self-reported measures (e.g., survey) to 

investigate the effects of BDA adoption on firm performance (e.g., Aydiner et al., 2019; Côrte-

Real et al., 2019; J. Q. Dong & Yang, 2020). While the advantage of self-reported measures is 

that we are able to capture direct observations of BDA usage through the managersô lens and 

the convenience of the data collection process, these studies are limited in offering strong 

evidence for the causal effects of BDA usage on firm outcomes. Importantly, these survey-

based studies provide limited information for researchers and practitioners who are interested 

in market simulation to analyze and predict optimal policies for firms, especially when different 

firm and market characteristics are changed simultaneously. For example, on the one hand, 

emerging evidence shows that, in the finance sector, small firms, who do not own a massive 

customer base and therefore have no access to a wealth of data, are struggling to grow, because 

investors are increasingly considering large firm with big data as a less risky bet (Begenau, 

Farboodi, & Veldkamp, 2018; Farboodi, 2018). On the other hand, other people claim that, in 

the age of big data, startups and small firms are having much bigger impact on the global 
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economy, and opportunities for them are higher such that they can scale up their businesses 

much more quickly (e.g., Bradner, 2016). This raises an intriguing question to answer: What 

would be the best investment policy for small versus large firms to realize the benefits of big 

data? In this thesis, I therefore aim to explore different market scenarios to see how the size of 

the firmôs customer base (i.e., large vs. small) affects the dynamic impacts of BDA investments 

on firm performance and propose policies that help enhance the benefits of BDA use.  

1.3 Research Objective and Research Context 

Based on the above discussion, this thesis aims to (1) model the impact of BDA investments on 

the firmô performance such as total number of customers and net profit given the relative size 

of the firmôs customer base (i.e., small versus large), and (2) suggest investment policies that 

help firms exploit the benefits of big data and enhance firm outcomes (i.e., number of new 

customers and firm profit). As such, using literature on big data and business/marketing 

analytics, I develop a system dynamics (SD) model that represents the structure underlying the 

influence of BDA investments on firm performance. The simulation results are expected to 

enhance our understanding of when and how big data and BDA would generate positive 

business values for firms, given their relative size. In addition, the model would serve as a useful 

tool for policy makers and researchers to analyze the effectiveness of different BDA investment 

decisions under different market situations and thus identify the optimal policies for small 

versus large firms to take full advantage of big data, the ñnew oilò of this century.    

In this thesis, I focus on the telecommunications sector in which the above research questions 

are particularly important. Indeed, customers are providing telecommunication firms with an 

increasingly massive amount of data such as call detail records, text messages, mobile browsing 

history, or billing information. For example, in the UK, people using smartphones tend to make 

about 220 tasks and spend more than three hours on our phones every day (MacNaught, 2014). 

Consequently, telecom firms are investing heavily in big data analytics to understand factors 

driving customer behaviors and use these insights to develop better marketing activities to 

convert customers to a long-term relationship (Wassouf, Alkhatib, Salloum, & Balloul, 2020). 

In particular, according to Bughin (2016b), 30% of telecom firms has adopted BDA. Among 

these firms, more than 75% have established big data projects in sales and marketing areas, 

more than 50% have adopted BDA for customer service, and about 35% have used big data to 

achieve competitive insights. Hence, with access to extensive bits of data, in addition to a strong 

demand for technological innovation, big data has a huge potential to provide firms with 
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benefits in the telecom industry (Bughin, 2016a; Tambe, 2014), implying that understanding 

the effectiveness of BDA investments is important for firms in this industry. 

 

Figure 1. Market Share of the Telecommunications Sector in the U.S. (2011-2019) (adapted 

from FierceWireless and Statista (2019)) 

Furthermore, to simplify the market structure, I simulate a dynamic market with only two firms 

competing against each other. The first chosen one is Verizon who owns the biggest market 

share of about 30% and is considered a large firm in the industry. The second one is T-Mobile 

who owns a smaller market share of about 15% and is considered a small firm. As seen in 

Figure 1, while the market share of Verizon is slightly decreasing, T-Mobileôs market share 

seems to be slightly increasing.  

1.4 Research Questions and Research Context 

The above-mentioned reasoning leads to two main research questions that can be defined as 

follows: 

1) How do BDA investments dynamically influence firm performance (i.e., total number 

of customers, firm revenue, and firm profit)? 

2) Which policies can help large and small firms to enhance the outcomes of their BDA 

investments? 
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Reference modes were developed from historical data of firms regarding number of total 

customers and net profit (see Figure 2). In this thesis, I will answer the first research question 

by developing a SD model that could closely replicate the patterns of the reference modes (see 

Chapter 5). After that, the second question is answered by proposing investment policies that 

help firms obtain better outcomes (e.g., number of total customers and firm profit) than those 

in the reference mode (see Chapter 8).   

 

Figure 2. Reference Mode of Firm Performance of T-Mobile and Verizon 

1.5 Thesis Outline 

This thesis contains 9 chapters. Chapter 1 introduces the main topic of the thesis and why it is 

considered important and relevant to the field. In Chapter 2, I review the current literature and 

existing theories that are relevant to the development of my SD model. Chapter 3 explains why 

the system dynamics modeling method was chosen to answer the abovementioned research 

questions and describes the data collection process. Chapter 4 describes the main structure and 

major feedback processes of the SD model. Chapter 5 is used to describe the calibration of the 

model and the fit between the simulated and the actual behaviors. In Chapter 6, I show that the 

model is robust by presenting different structure and behavior validity tests. Chapter 7 reports 

several different hypothetic scenarios and the corresponding changes in model behaviors. In 

Chapter 8, I analyze the proposed policies and discuss the results. Finally, Chapter 9 is used to 

conclude the thesis with general discussion, limitations, and avenues for future research. 
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Chapter 2: Literature Review 

In this chapter, I review the relevant literature that is used to develop my system dynamics 

model in Chapter 4. Specifically, this part describes the current literature on big data, BDA, and 

marketing literature on personalization, marketing responsiveness, and customer acquisition. 

The diagram of the model is presented at the end of this chapter.  

2.1 Big Data and Its Characteristics 

Customer data, which captures the raw information about customers such as characteristics or 

behaviors, has been around for decades but started first at an aggregate level, such as monthly 

or annually purchase amount (Verhoef et al., 2016). After many firms begun to invest in large 

customer databases in the 1990s, the amount of customer data ballooned, for example with 

detailed transaction records for millions of customers as well as their background information 

such as age, gender, or occupation (Rigby, Reichheld, & Schefter, 2002). Nowadays, 

customersô online activities can be recorded by firms every minute or even second, resulting in 

vast amount of data containing billions bit of observations, which is often considered as ñbig 

dataò.  

One problem, however, is that a big dataôs definition based on data size alone can be quickly 

outdated. For example, a data warehouse containing 250 petabytes of data owned by Facebook 

in 2013 which was (and still is) considered impressive could become normal in ten years from 

now (Leetaru, 2019). Thus, big data is often defined using more general terms, such as 

ñextremely large datasets, made up of structured and unstructured data that can be processed 

and analyzed to reveal patterns and trendsò (Hazen, Boone, Ezell, & Jones-Farmer, 2014). 

Similarly, big data can also be referred to ña collection of large, heterogeneous and complex 

datasets that are difficult to process using conventional tools and applicationsò (Hallikainen, 

Savimäki, & Laukkanen, 2020). The consensus is that data volume (i.e., data size) is just one 

characteristic of big data, in addition to other aspects such as velocity (how quickly the data is 

generated and analyzed), variety (how many forms of data that were collected, e.g., structured 

vs. unstructured data), veracity (the quality of the data), and value (the importance, relevance, 

and completeness of the data), making up a set of five Vs that are typically considered as key 

characteristics of big data (e.g., Erevelles et al., 2016).  

In this thesis, I adapted the conceptual framework proposed by Lam et al. (2016) to model the 

impact of big data on the firmôs knowledge of customers. According to these authors, the 

conversion of big data to applicable knowledge is composed of two major parts: (1) converting 
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big data availability to big data value and (2) converting big data value to knowledge. More 

specifically, big data availability, which involves big data volume, velocity, and variety, 

influences big data value through the quality of the data indicated by big data completeness and 

consistency (Lam et al., 2016). Building upon previous literature on data quality (Peltier, Zahay, 

& Lehmann, 2013), I decompose data quality into four primary areas including big data 

completeness, data accuracy, data consistency, and timeliness.  

Specifically, big data completeness refers to the extent to which firms have sufficient 

information (regarding both breadth and depth) about the customers such that they could 

explain their behaviors in the past, the current, and predict them in the future (Lam et al., 2016). 

Big data accuracy, instead, refers to the extent to which the collected data might contain biases, 

missing values, duplication, or other inaccurate information. Similarly, big data consistency 

refers to the consistency in measurement of different variables in all the data sets, while 

timeliness refers to the accessibility and availability of data when the firm needs it (Peltier et 

al., 2013). For simplicity, I grouped data consistency and timeliness as one variable due to their 

similar evolvement caused by big data availability.  

 

Figure 3. Knowledge Generated From Big Data (adapted from Lam et al. (2016)ôs conceptual 

framework) 

In addition, I chose to not include big data velocity and variety in my system dynamics model 

due to the unavailability of necessary data and information, as well as because these two 

dimensions of big data are mostly affected by the skills of employees (i.e., data scientists, data 

analysts) which are not the focus of this thesis. Big data quality is expected to be converted to 

big data value, which refers to actionable customer insights such as heterogeneous customer 

preference, or situational and psychological information related to customer behaviors (Lam et 
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al., 2016). As suggested by Erevelles et al. (2016), big data value depends on firmsô investment 

in big data analytics. Finally, these BDA activities converts the customer insights gained from 

big data to firmsô knowledge of their customers that is now readily applied in marketing, sales, 

product design, or other frontline activities. Figure 3 illustrates these key processes in my 

model.  

2.2 Big Data: Trade-off Between Quantity  (Volume) and Quality 

The trade-off between quantity and quality exists in many aspects of our lives. For example, a 

person might be able to do many tasks in a day but at low quality, while another one might do 

a few tasks but at high quality. This is because there are limits to our working productivity and 

we must be strategic when everything cannot be done. In big data collection, there is no 

exception. Indeed, a firm might choose to focus on big data volume (quantity), so a lot of data 

are collected but at reduced quality. In contrast, another firm might choose to focus on data 

quality, so not all information is collected but the collected data are at very high quality. In fact, 

customer data are now generated at an amazing pace, so data quantity or data availability is 

usually not a problem to firms anymore (Panoho, 2019). However, as big data analytics such as 

machine learning algorithms are known for being ñhungryò for data, such that they typically 

require millions of observations to perform well, big data users tend to overfocus on data 

quantity and disregard the role of data quality (Obermeyer & Emanuel, 2016). Following 

previous research (Hazen et al., 2014), I assume that when firms over-invest in big data volume, 

data completeness will increase due to more information is collected but data accuracy will 

decrease as firms will get more data errors. The collected data might eventually become less 

consistent (lower data consistency) and the accurate data might become less accessible (lower 

timeliness).   

2.3 Impact of Big Data Analytics 

Big data analytics (BDA), in general, can be defined as a collection of techniques and 

technologies that firms use to analyze big and complex data in order to enhance firm 

performance in different ways (Chen, Chiang, & Storey, 2012; Côrte-Real et al., 2019). Existing 

evidence from previous research has demonstrated that BDA, and customer analytics in 

particular, can significantly improve firm performance (Côrte-Real et al., 2019; Wamba et al., 

2017). Following Verhoef et al. (2016), I propose that firmsô knowledge of customers (obtained 

through BDA) positively influences firm performance in three major ways, namely through (1) 

segmentation and targeting, (2) personalization in direct marketing, and (3) product quality.  
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2.3.1 Segmentation and Targeting 

Segmentation and targeting, a core element in a marketing strategy, is often referred to as the 

firmô efforts to identify which customers it will serve. According to Kotler and Armstrong 

(2017), it takes a lot of firmsô resources to offer customers with high quality services  and firms 

are often not able to do so with all of their customers. Instead, firms often strategically choose 

to focus most of their resources on a smaller number of customers, which is also known as a 

target market, and allocate less resources on other customers. Thus, a good segmentation and 

targeting strategy is expected to result in a significant increase in firm revenue. For example, 

after three years adopting a new strategy of segmentation, a telecom firm from the Eastern 

European market was able to observe significant improvement in return of investment and 

revenue from all identified segments (Dibb, Rushmer, & Stern, 2001).  

However, ñdelivering the right message to the right customer at the right timeò (Bradlow, 

Gangwar, Kopalle, & Voleti, 2017, p. 81) is typically not an easy task to any firm. In fact, to 

divide a whole market into different unique segments of customers, and evaluate which segment 

is more attractive than the other, firms cannot rely on a single piece of information from 

customers, but rather a combination of factors regarding of their demographics, psychographics, 

geography, and behavioral patterns, segmentation and targeting require significant knowledge 

in terms of customer insights (Kotler & Armstrong, 2017). Thus, many firms are investing 

heavily in big data and BDA to improve their outcomes in market segmentation and targeting 

(Verhoef et al., 2016). For example, previous research has demonstrated that understanding 

customersô transactional behavior might help increase the click-through-rate of advertising by 

as high as 670% (Yan et al., 2009). Similarly, Nair, Misra, IV, Mishra, and Acharya (2017) use 

customersô marketing responsiveness information obtained from big data analytics of a firm to 

optimize its segmentation and targeting. Their results suggest that, by allocating more money 

to more profitable customers, the firmôs profit was increased up to 3.3 dollars per customer. 

Hence, in this thesis, I expect that the firmôs knowledge gained from BDA investments would 

help identify the right target market with higher marketing responsiveness and minimize the 

targeting error such that less marketing effort would be spent on people with no interest in 

making a purchase or becoming a subscriber. More specifically, as shown in Figure 4, I suppose 

that the firmôs knowledge of customers would reduce the missed target customers part and 

minimize the number of customers who would be mistakenly targeted. While firms lose money 

when failing to target the right potential customers (i.e., so they are not aware of the product to 
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buy/subscribe), they also lose money by targeting the wrong people (i.e., who are not interested 

in making a purchase/transaction).   

 

 

 

2.3.2 Personalization in Direct marketing 

Personalization, an effective way to address an individual customerôs needs, has been applied 

in direct marketing efforts since the 1870s (Vesanen, 2007). Following Montgomery and Smith 

(2009), in the context of this thesis, I define personalization as the adaptation of direct marketing 

contents for the customer using knowledge that has been resulted from BDA activities.  

Previous evidence has demonstrated that personalization increases customersô perception of 

internal control (e.g. Surprenant & Solomon, 1987). The greater perceived control over the 

outcome, even though it might be just an illusion (Langer, 1975), can then positively influence 

customer behaviors. In the past days, personalization is considered an expensive way to increase 

customer responsiveness as it was usually done on a case by case basis, leading to a typical 

trade-off for service firms between a high quality, personalization strategy and a low cost, 

standardization strategy (Rust, 2020). Nowadays, personalized marketing however is 

automated by machine learning and deep learning (artificial intelligence) algorithms using big 

data, meaning that firms can adopt the personalization strategy at significantly lower costs. For 

example, by analyzing usersô listening preferences, Spotify was able to provide their users 

personalized playlists and artist recommendations, which have been demonstrated to increase 

the listening duration and the number of songs listened to (Chung, Rust, & Wedel, 2009; 

Misiak, 2019). Similarly, when privacy concern is controlled, Facebook users are also twice as 

likely to click on personalized advertising compared to non-personalized one (Tucker, 2013). 

Thus, in this thesis, I assume that the firmôs knowledge gained from BDA activities could help 

Missed target 

customers 

Correctly targeted 

customers 

Wrongly targeted 

customers 

Figure 4. Actual Target Customers (Solid Circle Line) Versus Desired Target Customers 

(Dashed Circle Line) 
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increase the effectiveness of direct marketing contacts through personalization, such that 

targeted people are more likely to respond to the firmôs advertising and then become customers 

(subscribers).    

2.3.3 Product quality 

Previous research has suggested that product attractiveness as an important determinant of 

customer acquisition (e.g., Paich & Sterman, 1993; John D. Sterman, Repenning, & Kofman, 

1997; Struben & Sterman, 2008). Key factors that influence product attractiveness include 

price, product availability, marketing expenditure, and product quality (John D. Sterman, 

Henderson, Beinhocker, & Newman, 2007; Struben & Sterman, 2008). Product quality, in its 

turn, is affected by the quality of its service, hardware, and software, according to the TL 9000 

telecommunication standard (DNV GL Group). According to Shollo and Galliers (2016), 

product quality would be significantly benefited by big data that is pushing us to the next 

frontier for innovation. Indeed, BDA would enable firms to extract useful insights from a 

massive amount of data regarding usersô product evaluations, recommendations, and product 

use, to quickly develop a new version of the existing product with successful modification (Xu 

et al., 2016). For example, Netflix uses advanced analytics on its big data of subscribersô 

preferences and habits to predict which movies to license and whether it is worthy to invest in 

new shows or new movies, leading to enhanced product quality and subsequently significant 

growth in its subscriber base (Yu, 2019). Thus, I suggest that BDA investments would increase 

the firmôs knowledge of customers, that will be used to improve product quality and product 

attractiveness subsequently.    
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Chapter 3: Methodology 

3.1 Research strategy 

In this master thesis, the chosen methodology to study the proposed research questions is system 

dynamics modeling. System dynamics modeling was starting in the 1950s by Jay W. Forrester 

(Forrester, 1958) and quickly became a strong methodology to analyze complex systems (John 

D. Sterman, 1994), with applications in many areas including firm growth (e.g., Forrester, 

1964), management and decision making (e.g., John D. Sterman, 1989; John D. Sterman, 1992), 

fossil fuel resources (e.g., Davidsen, Sterman, & Richardson, 1990; J. Sterman, G. Richardson, 

& P. Davidsen, 1988), transportation (e.g., Struben & Sterman, 2008), healthcare (e.g., Homer, 

Hirsch, Minniti, & Pierson, 2004; Hovmand, 2014),  (generic) marketing (e.g., Nicholson & 

Kaiser, 2008), and finance (e.g., Azeem Qureshi, 2007), just to name a few.  

For the purpose of this thesis, system dynamics outperforms other methodologies (e.g., 

econometric modelling) in two major ways. First, system dynamics modeling is better than 

other common modelling methods (e.g., time series modeling) in throwing new light on the 

feedback in a causal chain of variables (Rand, Rust, & Kim, 2018). In particular, system 

dynamics approach allows its users to model a system of differential equations through a set of 

stocks and flows (Saleh, Oliva, Kampmann, & Davidsen, 2010). Hence, by its design, this 

method is useful to understand the dynamics and complex interdependence among the elements 

of a system (Rand et al., 2018; John D. Sterman, 2001). In this study, such complexity and 

feedback processes play an important role in the system. For example, how much a firm decides 

to invest in BDA depends on firm revenue. These BDA investments then affect the firmôs 

knowledge related to customer insights. This learning process will result in enhancement in 

marketing effectiveness, leading to growth in the firmôs customer base and revenue which in 

turn would foster BDA investments once again. These kinds of problem can be best studied by 

analyzing the flows of the system (Rand et al., 2018), making system dynamics the most 

suitable method for my thesis.  

Second, system dynamics allow us to conduct a series of trial-and-error simulations in which 

different value of parameters can be tested and the feedback structure can be changed in an 

attempt to explore the structural relationship between system elements and to discover the most 

feasible and profitable policy options (Saleh et al., 2010; J. D. Sterman, G. P. Richardson, & P. 

Davidsen, 1988). As the system behavior (e.g., customer acquisition in my thesis) is strongly 

dependent on its structure composed of many different causal loops and other effect 
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assumptions (Davidsen et al., 1990), system dynamic modeling is superior to other modeling 

techniques when our understanding of the system is still limited. Because studies on the impact 

of big data and BDA investments in firm performance are still in its infancy, using system 

dynamics modeling allows me to experiment with different model elements and learn more 

about the relevant complexities and feedback processes before advising firms on how to take 

full advantage of BDA investments.  

To sum up, system dynamics modeling is considered an appropriate approach to achieve the 

research objective of this master thesis. In the next part, I will explain how the data collection 

process has been implemented in this thesis.   

3.2 Data collection 

To build and estimate the system dynamics model in this master thesis, we need inputs 

regarding: 1) the key variables in the model (in terms of stocks and flows); 2) the relationship 

between them (i.e., causal loops); 3) data (e.g., number of customers of the firm over time, etc.); 

and 4) effects (e.g., price elasticity of product attractiveness, effect of BDA investments on the 

firmôs knowledge of customers, etc.). The data collection process in this thesis is composed of 

three major steps. First, I delved into the past literature to understand to what extent the 

problems formulated in this thesis have been examined by previous research and use that 

knowledge to build up my own system dynamics model. To perform a thorough and systematic 

search of literature, I followed Snyder (2019) and explored a comprehensive set of online 

databases including Google Scholar, EBSCO, Web of Science, and Science Direct, as well as 

the reference lists of the found papers, to try to as many as possible all the relevant and important 

studies. Based on previous literature in big data and BDA, in addition to my own understanding, 

I used a combination of different keywords such as: Big Data, Big Data Analytics, Big Data 

Investments, Customer Analytics, Return on Investment in Big Data, Effect of Big Data, Effect 

of Big Data Analytics, Costs in Big Data Analytics, Big Data in Business, Big Data in 

Marketing, and Big Data and Firm Performance. After quickly skimming all the found articles 

(i.e., their abstracts), irrelevant papers were excluded. The review of the remaining studies at 

this step was then used to construct the overall causal loop diagram (CLD) and the stock and 

flow diagram (SFD). All the data and effects were simulated to test if the system dynamics 

model could work and be ready to move on to the next step.  

In the second step, I started collecting data used in the model. The system dynamics model 

developed in this thesis uses the competition between T-Mobile and Verizon Wireless, which 

are American telecommunications firms offering wireless products and services in the U.S., as 
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a case study. The specific data about each firm and the whole market were mainly collected 

from their annual reports that are publicly available on their websites and online statistics portal 

such as Statista. Other variables such as effect of the firmôs knowledge of customers on 

productivity of BDA or effect of direct marketing quality on customer responsiveness were 

collected from previous empirical studies. The real data was used to refine the model so it could 

be used to explain and predict the behavior of interest.  

In the last step, intensive tests of model sensitivity and scenario analysis were performed. The 

literature was reviewed again not only to understand the findings but also to refine the model 

assumptions again if inconsistency or counterintuitive results were found. After the modeling 

process is completed, the model is described in Chapter 4, while Chapters 5, 6, 7, and 8 present 

the results.   
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Chapter 4: Model Description 

4.1 Model Overview 

This part describes the overview of the system dynamics model constructed in this thesis.  

 

Figure 5. Overview of the Model 

As shown in Figure 5, the model contains five main interconnected modules: Big Data Value, 

Knowledge Application, Market, Business, and Investment Policy. Information is sent and 

received through nine different connections (C1-C11). Table 1 gives a brief summary of all 

these elements.   

 

 

Element 
Information 

Sender 

Information 

Receiver 
Explanation 

SECTOR 

1. Big Data 

Value 

N/A N/A This sector illustrates the conversion of 

big data (e.g., big data volume and 

quality) to the firmôs knowledge of 

customers 
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2. 

Knowledge 

Application 

N/A N/A This sector illustrates how the firmôs 

knowledge of customers are applied in 

and has impact on marketing, product 

development, and churn management 

3. Market N/A N/A This sector illustrates the effects of 

marketing and product attractiveness on 

the dynamics of customer acquisition, as 

well as on the growth of the total market 

over time 

4. Business N/A N/A This sector illustrates the dynamics in the 

revenue and costs of the firm 

5. Investment 

Policy 

N/A N/A This sector illustrates direct impact of 

different BDA investment policies used in 

this thesis 

CONNECTOR 

  C1 Investment 

Policy 

Big Data 

Value 

This connector illustrates how the firmôs 

knowledge of customers is influenced by 

the firmôs BDA investment policy 

  C2 Market Big Data 

Value 

This connector illustrates how the number 

of newly recruited customers is influenced 

by the firmôs BDA investment policy 

  C3 Big Data 

Value 

Knowledge 

Application 

This connector illustrates how direct 

marketing effectiveness, product quality, 

and churn rate are influenced by the 

firmôs knowledge of customers 

  C4 Investment 

Policy 

Knowledge 

Application 

This connector illustrates how the quality 

of direct marketing is influenced by the 

firmôs BDA investment policy 

  C5 Knowledge 

Application 

Business This connector illustrates how firm costs 

are influenced by the extent to which the 

firmô knowledge of customers is applied 

in direct marketing 

  C6 Big Data 

Value 

Business This connector illustrates how firm costs 

are influenced by the firmôs expenditure 

on increasing big data volume and/or 

quality   
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  C7 Market Business This connector illustrates how firm 

revenue and costs are influenced by the 

firmôs total number of customers   

  C8 Investment 

Policy 

Business This connector illustrates how firm costs 

are influenced by the firmôs BDA 

investment policy   

  C9 Business Investment 

Policy 

This connector illustrates how the firmô 

BDA investment policy is influenced by 

firm revenue 

  C10 Investment 

Policy 

Market This connector illustrates how the number 

of targeted customers is influenced by the 

firmôs BDA investment policy  

  C11 Knowledge 

Application 

Market This connector illustrates how the number 

of newly recruited customers is influenced 

by the extent to which the firmôs 

knowledge of customers is applied to 

improve direct marketing effectiveness, 

product quality, and churn rate   

Table 1. Summary of Model Overview Elements 

4.2 Model Boundary and Time Horizon 

Model boundary refers to the scope of the model (e.g., the selection of studied variables) while 

the time horizon of a model refers to the duration in which the model is simulated. According 

to J. Sterman (2000), selecting a reasonably broad model boundary and a reasonably long time 

horizon is one of the most important tasks in modeling the dynamics of a system. For example, 

too narrow model boundary would make the model less useful for managers or policy makers, 

while too broad boundary might lead to the inclusion of a long array of variables that requires 

an enormous amount of time to complete the model. Similarly, a too short time horizon might 

hinder modelers from observing important dynamics in model behaviors (e.g., acceleration), 

while a too long one could make the model unnecessarily complicated (J. Sterman, 2000). 

Hence, in this thesis, based on the formulation and scope of the problem of interest, I only 

included the most important variables and feedback processes that are important for analyzing 

the dynamic impact of big data analytics on customer acquisition and firm revenue. A time 

horizon of 17 years was also selected such that we have enough time to capture all the most 

significant trends in the behaviors. Further, I used the first 7 years (2013-2019) to fine-tune the 
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model to describe the historical behavior and the last 10 years (2020-2029) to forecast the 

impact of different investment policies. 

4.3 Major Assumptions 

4.3.1 Excluding big data velocity and variety 

Big data velocity refers to how quickly are data generated, processed and analyzed, while big 

data variety refers to how diverse are the types of data sources (Ghasemaghaei & Calic, 2019; 

Lam et al., 2016). While they are two important drivers of the value of big data (e.g., Erevelles 

et al., 2016), measuring big data velocity and variety has been a known challenge to previous 

studies (e.g., Lam et al., 2016), leading to the lack of previous studies on the effects of big data 

velocity and variety on the quality of big data. In addition, real data on how big data velocity 

and variety have been changing over time at the selected firms in this thesis is not readily 

available. Collecting extra data (e.g., through a survey or interview) is also not possible as these 

firms are located in US. Furthermore, to improve big data velocity and variety, firms are mostly 

required to invest in recruiting more employees (e.g., data scientists, data analysts, etc.), as well 

as training employees so they can collect, process (e.g., clean and combine, etc.), and analyze 

big data more efficiently (Davenport, Barth, & Bean, 2012; Leaser, 2014). As this thesis does 

not focus on employee management and development, I decided to not to include big data 

velocity and variety in my system dynamics model.  

4.3.2 Similar marketing responsiveness between win-back and new customers 

Customer reacquisition (also known as win-back) refers to the process of bringing back 

customers who had decided to terminate their relationship with the firm (Pick, Thomas, 

Tillmanns, & Krafft, 2016). As firms have increasingly become customer-centric, the concept 

of customer reacquisition has recently attracted much attention from researchers and 

practitioners (Kumar, Bhagwat, & Zhang, 2015). Although there are reasons to believe that 

win-back customers might respond to marketing in a different way than the first-time customers 

(e.g., Park, Park, & Schweidel, 2018), no empirical evidence has been found in the literature. 

Hence, in this study, for simplification, it is assumed that customers after churning will simply 

become potential customers in the next period and be available for firms to re-target and 

acquire.    

4.3.3 The repetition of direct marketing has no impact  

Being exposed to a marketing content multiple times means that a customer would become 

highly familiar with the advertising content and the advertised firm. On the one hand, these 
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customers might learn more about the message and the product, leading to more favorable 

attitudes (Cacioppo & Petty, 1979). On the other hand, they might feel bored and choose to 

ignore the advertisement in the future, leading to less favorable attitudes and lower purchase 

intentions (Pechmann & Stewart, 1988). Existing evidence has demonstrated that the effect of 

mass advertising repetition might be nonlinear and follow an inverted U-shaped curve (Schmidt 

& Eisend, 2015). However, previous research has also found that sending direct emails to 

customers many times would not change their transactional behaviors (van Diepen, Donkers, 

& Franses, 2009a), although it does lead to irritation. Hence, in this study, I assume that people 

who have been targeted (e.g., received direct marketing contact from the firm) but decided not 

to become a customer (i.e., subscriber) will simply become potential customers again in the 

next period and will be available for firmsô further targeting and direct marketing efforts.   

4.3.4 Price is exogenous to the model 

Following previous research in similar industries (e.g., Rahmandad & Sibdari, 2012), in this 

analysis, I assume that the price of firmsô products (or wireless services) are not determined by 

the main behavior of the model, namely the number of customers. Indeed, existing evidence 

suggests that the impact of competition and demand on the price of telecommunication services 

is rather limited, while the strongest effect comes from cumulative investments of firms in 

infrastructure and cutting-edge telecommunication technologies such as a new 4G technology 

in 2010 or 5G in 2019 (Jeanjean, 2015; Nicolle, Grzybowski, & Zulehner, 2018). Hence, it is 

reasonable to assume that the price used in this thesis is exogeneous to the firmsô market size 

and that they are determined by the development of technology in the whole industry.  

4.3.5 Only two firms in the market  

The telecom sector in US is an increasingly growing industry with more than 30 wireless service 

providers listed by the Cellular Telecommunications & Internet Association (CTIA, 2020). 

Following previous research in market simulation (e.g., Frank M.  Bass, Krishnamoorthy, 

Prasad, & Sethi, 2005), in this thesis, I focus on two telecom firms, T-Mobile and Verizon and 

assume that this market is a dynamic duopoly with these only two firms competing against each 

other. The firms are strategically chosen such that while Verizon is dominating the market with 

a large customer base (i.e., market share of 30%), T-Mobile is a smaller firm with a small 

customer base (i.e., market share of 15%). In the next chapters, I will explore different scenarios 

and policies in which Verizon takes advantages of its large customer base (e.g., economies of 

scale) how T-Mobile can respond to gain benefits from its BDA investments.      
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4.3.6 Excluding upgrading, downgrading, and cross-buying 

In this thesis, for simplicity reason, I assume that there is only one single product served by 

telecom firms with a single price, namely the wireless communications service. In fact, telecom 

firms do not only offer mobile phone subscriptions, but they also sell phones and devices, extra 

mobile data, as well as other services such as home broadband. However, given that 

subscription fees from mobile phone plans are still the dominant revenue generator in the 

industry (van de Weyer & Costers, 2020), I only focus on the number of subscribers and the 

corresponding revenue and profit as the main behavior of my model and collect price 

information accordingly. Though customers might also move from one mobile phone plan to 

another one (e.g., upgrading and downgrading), or buy extra services such as mobile data 

(cross-buying), I also exclude them from my system dynamics model due to time constraint and 

the lack of necessary data.  

4.3.7 No Direct Marketing Targeted at Customers of the Competitors 

It is also assumed that direct marketing activities are only used by the firm to target the potential 

customers and not used as an offensive marketing strategy to attract customers of the 

competitors. In fact, the effect of competitive direct marketing targeted at the customers of the 

competitors is complex and not always positive. For example, van Diepen, Donkers, and 

Franses (2009b) find that sending direct marketing contacts to the competitorsô customers 

makes them aware of their needs for the product category rather than aware of the firmôs brand. 

As such, these competitive marketing activities often increase sales for the whole industry, and 

in favor of the firms with highest product attractiveness. As there is no clear mechanism 

underlying this effect, I decide to exclude this from the model.  

4.3.8 Limited Knowledge of Customers Before 2013 

For simplicity purposes, I assume that both firms have very limited knowledge of customers 

before the start of my simulation period (i.e., 2013). This assumption implies that firms hadnôt 

implemented any serious BDA investments before. In other words, both firms have a similar 

starting point in terms of using big data and BDA so it would be easier for us to compare the 

impact of BDA investments on their performance.  

4.3.9 No Simultaneous Targeting 

It is also assumed that each potential customer can only be targeted by one firm at a time. This 

is a necessary assumption to ease the calculation of stock variables related to number of 

(potential) customers.  
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4.4 Model Structure 

As mentioned above, my system dynamics model is composed of five major modules: Market, 

Big Data Value, Knowledge Application, Business, and Investment Policy. In this section, I 

will describe the associated stock and flow diagram of each module in full detail. The full SFD 

can be found in Appendix 1.    

4.4.1 The Market Module 

The Market module involves the dynamic interdependence between potential customers, target 

customers, and total customers (Maier, 1998; Walther, Wansart, Kieckhäfer, Schnieder, & 

Spengler, 2010) (see Figure 6).  

 

Figure 6. An Overview of the Feedback Structure of the Market Module 

This module starts with the targeting process. The stock of Potential Customers reflects the total 

target market of the firm which contains everyone who buys the category (Romaniuk, 2012). 

Among these people, not everyone would respond to the firmôs direct marketing contacts, and 

not everyone would be interested in the firmôs product. Hence, firms typically decide whether 

they should target everyone and plan a direct marketing budget accordingly, which is an input 

from the Policy module. The model therefore compares between the planned direct marketing 
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budget and the expenditure if the firm decides to target everyone (Demand for Direct Marketing 

Expenditure), and the actual expenditure is the lower value between them. If the firm decides 

to only target a smaller group of potential customers who are the most responsive to the firmôs 

direct marketing activities, certain targeting rules (e.g., age, gender, income, etc.) would be 

used. However, a typical targeting policy, which is proposed based on modeling customersô 

responsiveness toward marketing activities (X. Dong, Manchanda, & Chintagunta, 2009), 

always involves a certain amount of errors (Fong, Fang, & Luo, 2015). As people who are 

wrongly targeted will be less responsive toward direct marketing, this targeting error will 

therefore reduce customer acquisition due to direct marketing (i.e., less customers buy after 

receiving direct marketing contacts). It is of note that the targeting error will decrease when the 

firm acquires more knowledge about its customers, which is an input of the Knowledge 

Application module, 

The actual expenditure in direct marketing divided by the average cost of direct marketing per 

customer results in the total number of prospective customers who are actually targeted. This 

number, multiplied by the direct marketing hit rate (e.g., the probability that a customer will 

open and read through a direct email, etc.), then determines how many prospective customers 

whom the firm has reached through their direct marketing activities (Direct Marketing Reach). 

It is of note that the direct marketing hit rate is affected by the quality of direct marketing, which 

is an input of the Knowledge Application module.  

Direct Marketing Reach then flows into the stock of total target customers who were exposed 

to direct marketing, which then determines the number of new customers acquired through 

direct marketing due to product attractiveness. People who were exposed to direct marketing 

but choose not to become customers will flow back into the stock of potential customers. 

Potential customers, in addition to targeted customers who chose not to expose themselves to 

the direct marketing content (e.g., do not open the email, decline a call from telemarketers, etc.), 

can still become customers due to other activities of the firm such as mass marketing or word 

of mouth. As direct marketing is assumed to be the most effective channel in this study, time to 

perceive product attractiveness when customers are acquired through direct marketing is shorter 

than when they are acquired through other channels. Note that product attractiveness is 

determined by relative price, relative quality, relative mass marketing expenditure, and word of 

mouth. As mentioned in Chapter 2, product quality increases when the firmôs knowledge of 

customers increases, which is an input of the Knowledge Application module. Both of the firmô 

knowledge of customers and relative product attractiveness then determine how likely is that a 
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customer will leave the firm (Churn Rate). After churning, customers come back to the potential 

market and are available again for all the firms.    

4.4.2 The Business Module 

The Business module integrates financial outcomes of the firm including its total revenues and 

expenses. The total expenses include the firmôs investments in BDA activities, direct marketing 

quality, and product quality (i.e., service, hardware, and software), in addition to the firmôs 

expenditure on big data storage cost, big data collection cost, (direct and mass) marketing costs, 

and other costs. Note that big data storage cost is determined by big data volume which is an 

input of the Big Data Value module. Regarding the total revenues, I assume that the firm follows 

a subscription-based business model such that firm revenue is determined by the recurring 

payments made by customers in exchange for their subscriptions. New customers, however, 

must pay a slightly higher amount in the first period due to activation fee (e.g., Statt, 2019). 

Otherwise, net revenue coming from subscription fee remains the same from the second period 

onward. The total number of new customers acquired through direct marketing and other 

reasons is an input of the Market module. Total profit is calculated as total revenues subtracted 

by total expenses, and is discounted to compute the expected present value (Oliva, Sterman, & 

Giese, 2003).    
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Figure 7. An Overview of the Feedback Structure of the Business Module 

4.4.3 The Big Data Value Module 

The Big Data Value Module represents the firmôs efforts to convert big data into valuable 

customer insights, a core part in my model structure. As discussed in Chapter 2, the model 

focuses on two major characteristics of big data: big data volume and big data quality. In this 

analysis, big data volume increases in two major ways. First, firms get more data when they 

recruit new customers. These data refer to basic information such as age, gender, address that 

is normally provided when a new subscription is established. Second, firms can invest in extra 

data collection activities such as customer surveys, or use third-party services such as Facebook 

Insights and Google Analytics to enhance its data base (e.g., Goddard, 2018). The desired data 

that the firm wants to acquire from each customer is calculated as a multiple of the acquired 

basic data and will be used to compute the desired cost that the firm wants to spend on extra 

data acquisition. The actual data acquisition expenditure, which is determined as the lower 

value between the desired and the planned cost of data acquisition, will affect the flow of data 

acquisition into the stock of Data Volume.  
















































































































































