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About Asset | SBIT 
Asset | SBIT is the study association for all students studying Business Economics or Information 
Management at Tilburg University and all others interested in this field of study. Asset | SBIT serves 
you and your fellow students to the best of its capabilities by facilitating study support (through 
summaries and thesis sessions), career orientation (providing the bridge between you and your 
future employer) and informal events for you and your fellow students to relax in between all the 
stress of the exams.  
 

Bridge between you and your future employer 
Do you know what you want to do when you are graduated? We are here to make that decision 
easier for you! We organize several formal events, during which you get the opportunity to visit 
companies or even to meet them here, at the campus of Tilburg University. During these events, you 
will get a better view of the atmosphere within the company and a grasp of what it is like to work for 
them. Example of such events are the Business Tour, Business Cafe, Case Days or the Economic 
Business weeks Tilburg (EBT). You can visit our website (asset-sbit.nl) for the events or have a look at 
our brand new career platform (cptilburg.nl) to find an internship, which suits you.  
 

CV & LinkedIn Service  
In order to make sure that your CV and LinkedIn are up to the task, we provide free reviews to help 
you to improve them. Simply send an email with your resume to cvreview@asset-sbit.nl or your 
LinkedIn link to linkedinservice@asset-sbit.nl. We will plan a short meeting of about 30 minutes for a 
cup coffee, during this meeting we will walk through your resume and/or linkedin together to explain 
the ways you can further improve your presentation to your future employer.  
 
Get to know your fellow students 
In between the stress of your exams, part time job, sports and arranging an internship, it is important 
to take time to relax as well. Of course, we will help you with this. Every Thursday at 16:00h, we have 
a Thursday afternoon drink. The first beer is on us! So do not hesitate and stop by our rooms in the 
Esplanade building (E1.17, first floor on the left). Do you rather want to go for a drink in the evening? 
Join our monthly drink at our habitual haunt, “Café de Bolle”, during which we will provide you with 
some free golden brew as well. Or join one of our many informal events, on our website (asset-
sbit.nl), you can find a full overview of all upcoming events.  
 

Study Support 
As you have noticed, we help you to pass your exams by providing summaries (online and hard copy) 
and giving tips on how best to prepare for them. However, we can also help you in making your 
thesis a success. We organize several thesis sessions to provide you with advice from graduated 
students on how to write your thesis as well as on the consideration of writing it at a company or at 
Tilburg University.  

 
Expand your horizon 
Do you want to improve your resume whilst developing yourself and making lifelong friends? 
Become active at one of the many committees of Asset | SBIT. You could organize a study trip to 
Taiwan, a symposium on Cyber Security, or event all about Entrepreneurship. However, there are 
also many possibilities to join committees with a lower workload (around 2 hours per week). A few 
examples of these committees are to organize our informal events, write for our online platform 
(IThappens.nu) or getting our promotion to a next level. Are you interested? Stop by our room 
(E1.16) or send an email to vicevoorzitter@asset-sbit.nl and we will find the best fit for you! 

http://asset-sbit.nl/
http://cptilburg.nl/
http://asset-sbit.nl/
http://asset-sbit.nl/
http://www.ithappens.nu/


Business Analytics and Emerging Trends 

 

4 

 

Contents 
About Asset | SBIT ....................................................................................................................... 3 

Chapter 1 – Big Data Challenges ................................................................................................. 5 

Explosion of data ..................................................................................................................... 5 

Big data become the norm, but… ........................................................................................... 5 

Our objectives ......................................................................................................................... 6 

Our approach........................................................................................................................... 6 

Chapter 2 – Creating Value using Big Data Analytics .................................................................. 7 

Big data value creation model ................................................................................................ 7 

The role of culture ................................................................................................................. 11 

The power of visualization .................................................................................................... 11 

Chapter 4 – How Big Data are changing Analytics .................................................................... 13 

The power of analytics .......................................................................................................... 13 

Different sophistication levels .............................................................................................. 13 

General types of marketing analysis .................................................................................... 14 

Strategies for analyzing big data .......................................................................................... 14 

How big data changes analytics ........................................................................................... 16 

Generic big data changes in analytics .................................................................................. 17 

Conclusions ............................................................................................................................ 19 

Chapter 4.2 – Big Data Analytics ............................................................................................... 20 

Big data area 1: Web analytics ............................................................................................. 20 

Big data area 2: Customer journey analysis ......................................................................... 21 

Big data area 3: Attribution modeling .................................................................................. 22 

Big data area 4: Dynamic targeting ...................................................................................... 23 

Big data area 5: Integrated big data models ........................................................................ 24 

Big data area 6: Social Listening ........................................................................................... 25 

Big data area 7: Social Network Analysis ............................................................................. 26 

Emerging techniques ............................................................................................................ 28 

Conclusions ............................................................................................................................ 28 

 

 
 
 



Business Analytics and Emerging Trends 

 

5 

 

Chapter 1 – Big Data Challenges 

  
A recent study by IBM among chief marketing officers (CMOs) indeed reports that big data or the 
explosion of data is considered a major business challenge. One of the main underlying drivers of this 
explosion is the increasing digitalization of our society, business and marketing.  

 With the generation of even more data and other types of data, such as text and unstructured 
data, firms consider how to use such data as an even more important problem. 

 

Explosion of data 
In the 1990s, firms started to invest in large customer databases, resulting in the creation of records 
of millions of customers in which information on purchase behaviour, marketing contacts and other 
customer characteristics were stored. 

 The arrival of the Internet and more recently of social media has led to a further explosion of data, 
and daily or even real-time data have become available to many firms. 

o Internet 
 The Internet has become one of the most important marketplaces for transactions 

of goods and services. 
o Social Media 

 Managers invest in social media to create brand fans, as this tends to have positive 
effects on firm word of mouth and loyalty. 

 The use of social media also creates a tremendous increase in customer insights, 
including how consumers are interacting with each other and the products and 
services they consume.  

 Blogs, product reviews, discussion groups, product ratings are all new important 
sources of information.  

 The increasing use of online media, including mobile phones, also allows firms to 
follow customers in their customer journeys. 

 

Big data become the norm, but… 
Big data have now become the norm and firms have started to understand that they might be able to 
compete more effectively by analysing these data.  

 One problem was the dominant role of IT in CRM implementation. The same may happen with big 
data. Moreover, big data developments have stirred up vigorous discussion and public concern on 
privacy issues.  

 The problems with creating value from big data mainly arise due to a lack of knowledge and skills 
on how to analyse and use these big customer data.  

 In addition, firms might overestimate the benefits of big data. One important danger is that firms 
start too optimistically and start thinking “too big”, while actually lacking decent knowledge on the 
basics and challenges of good data analysis of already existing data, such as CRM and survey data, 
and how this can contribute to business performance. 

 Firms start up large-scale big data projects with rather difficult data mining and computer science 
techniques projects and the underlying statistical techniques. 
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Our objectives 
The main objectives of this book are threefold: 

1. Teach managers how the increasing presence of new and large data provides new 
opportunities to create value.  

2. Show how specific analytical approaches are required, how value can be extracted from these 
data and new growth opportunities among new and existing customers developed.  

3. Discuss organizational solutions on how to develop and organize the marketing analytical 
function within firms to create value from big data.  

 

Our approach 
Typically there has been a kind of disconnect between, for example, brand management and customer 
management. In this book we discuss the use of big data at three levels: 

1. Market level 
2. Brand/product level  
3. Customer level 

Within marketing science we have observed increasing attention to customer and marketing analytics, 
which has provided extensive knowledge on theoretical CRM concepts such as customer lifetime value 
(CLV). 
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Chapter 2 – Creating Value using Big Data Analytics 

 
Nowadays, the existence of big data is such a hype that firms are investing in big data solutions and 
organizational units to analyse these data and learn from them 

 Firms have a strong belief that analysing big data can lead to a competitive advantage and can 
create new business opportunities.  

 
At the same time experts are warning of too high expectations. Some commentators even consider big 
data as being only a hype that will mainly provide disappointing results.  

 David Meer (2013) suggests that taking a historical perspective on earlier data explosions shows 
specific patterns in the beliefs about the potential benefits. He specifically refers to the scanning 
revolution in the 1980s and the CRM revolution in the late 1990s.  

 
Firms typically go through three stages: 

1. Investment phase 

 Data enthusiasm 

 There are strong beliefs within a firm about the potential benefits that can be achieved.  

 Frequently, top management is seduced by enthusiastic examples in the business press 
and effective sales strategies of IT, management consultants, and software providers.  

 After some years, the data explosion investments and initiatives provide mainly 
disappointing results and failed projects occur frequently. 

2. Frustration disinvestment phase 

 Data disappointment  

 Refined expectations, more realistic ambitions and a stronger focus on the value creating 
power of data based initiatives and its return on investment. 

3. Reinvestment phase 

 Data realism 
Of course, firms can go through these phases when implementing big data initiatives. However, this 
would certainly lead to value destruction, negative TROIs, waste of resources, and enormous 
frustration. 
 

Big data value creation model 
One of the biggest challenges of big data is 
how firms can create value with big data. We 
have developed the big data value creation 
model to show how this value creation 
occurs, as denoted in Figure 2.1. The model 
has four elements: 

1. Big data assets: Assets are usually 
considered as resource 
endowments that a firm has 
accumulated over time. These 
assets can be tangible or intangible. 

 In the era of big data, the data are no longer rare. One could actually argue that the data 
are no longer that valuable, as data are omnipresent, can be collected in multiple ways 
and are frequently publicly available to many firm.  

 Within firms, there is actually a lack of knowledge on the mere presence of data within 
the firm itself and outside the firm. 
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2. Big data capabilities: the value of data is not in the mere presence of the data, but in the 
underlying capabilities able to exploit these data. Capabilities are considered as the “glue” that 
enables big data, simultaneously with other assets, to be exploited to create value. 

 These underlying capabilities that can be used on big data concern: 
a) People: to exploit big data, people are very important. Without the right set of 

skilled big data experts it is not sensible to develop a big data strategy. Having 
intelligence departments with the right capabilities is of essential importance.  

 Firms are now hiring big data scientist, but these people are hard to find. 
b) Systems: with regard to the system, data integration and providing an integrated 

data ecosystem allowing the firm to analyze data from multiple sources is 
important.  

 Data integration requires specific data management skills and software. 
It becomes even more difficult when firms are operating in multiple 
channels or in multiple countries where different ecosystems are being 
used.  

 A key question for firms is to what extent data should be integrated, as 
the marginal returns on data integration might decline. 

c) Processes: processes with regard to smart big data analytics mainly concern how 
firms organize the data input and storage, the accessibility of data to analytical 
teams and the communication between analytic teams and (marketing) 
management. 

 The first two processes are relevant for smooth and real-time data 
accessibility. 

 These processes also involve how firms deal with privacy, data security 
issues, and legal issues with regard to data usage.   

 Privacy and security have become a top priority for firms and 
both receive considerable attention among policy makers as a 
response to the increasing availability of big data and scandals 
involving big data.  

 Data security is becoming an issue: there have been many examples of 
hackers and criminal organizations being able to illegally get data on.  

 Data compliance is an important element of big data processes. The 
usage of these data can hurt millions of customers around the globe. The 
other part of the processes concerns how marketing and analytical 
teams communicate. This involves a two-way communication. 

 On the one hand marketing should clearly communicate to 
management the problems and challenges they face and how 
analytics could be helpful in solving them.  

 On the other hand analytical teams should be able to effectively 
communicate their findings through insightful reports and 
marketing dashboards, as well as communicating it to 
management.  

d) Organization: beyond having good people, firms also need to devote attention 
to how big data and specifically big data analytics can be organized internally. 
One crucial question in this respect is whether analytics or intelligence 
departments can really have an impact on daily business.  

 Intelligence functions are separate staff departments that serve the 
marketing and sales function with outcomes of their analyses, either on 
request or self-initiated. 
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3. Big data analytics: analytics not embedded in the organization without the relevant data, 
culture and systems will have limited impact and value-creating potential. When discussing big 
data analytics, we make a distinction between two different forms of analytics: 

a) Analytics focusing on gaining insights 
b) Analytics aiming to develop models to improve decision-making 

 
Big data insights usually as descriptive findings resulting from data analyses that provide input 
into marketing decision. Models are purposely developed to direct and support marketing 
decisions.  

 Model development is almost like an R&D task, in which analysts work to an end goal 
on a model, which is accepted by management of the department and users of the 
models.  

 The developed insights and models can create value for firms in three ways: 
o Decision support for marketing  
o Improved actions and campaigns 
o Information-based products and solutions. 

 Using the developed insights and models firms can potentially make more informed 
decisions on where to allocate their marketing budgets. Results of a model can show 
the specific effectiveness of an advertising channel.  

 Leeflang et al. (2014) distinguish between two different models that can be developed 
to drive marketing decisions: 

o Idiosyncratic, usually more sophisticated models developed to tackle specific 
marketing problems. 

o Standard models that have become important tools to improve the quality of 
tactical marketing decisions. 

 
Strategies for analyzing big data: the presence of big data provides huge opportunities for 
analytical teams. One of the easiest ways of using it is probably just to start up analyses and 
start digging into the available data.  

 By digging in the data, one might gain very interesting insights, which can guide 
marketing decisions.  

 
Big data is changing analytics: big data is believed to change analytics as big data has specific 
characteristics known as the 3Vs of big data, posing specific challenges for researches and 
managers: 

 Increasing data Volume: it implies that databases become very large, and the analysis 
of data of millions of customers with hundreds of characteristics is no longer an 
exception. 

 Increasing data Velocity: Data are also arriving more quickly, which induces faster 
analysis and faster action.  

 Increasing data Variety: the data are becoming more complex as they arrive in different 
formats. In the past numerical data was the standard. Nowadays, more unstructured 
data such as text and audio data are also available, and also video data through. 

The three Vs have been extended to five Vs, where Veracity and Value have been added.  

 Veracity refers to the messiness and trustworthiness of data. With the increasing 
availability of data, not all data are as reliable as one would like. 

 Value is considered as the value that is captured from analyzing and using the data.  
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High velocity opens opportunities for real-time, or virtually real-time marketing decision 
making that may or may not be automated, while high variety may require integration across 
disciplines with the corresponding sensitivity to various methods and philosophies of research. 

4. Big data value: three methods by which big data analytics can create value for customers and 
firms are considered: 

a) Big data analytics can create important new insights that improve marketing decision-
making.  

b) Development of more effective marketing campaigns, and more specifically more 
effective targeting of campaigns by selecting the right customers. 

c) Development of big data based solutions for customers, which directly have an impact 
on customers and should create more value for them. 

 
Value creation concepts: it should be the ultimate objective of every big data strategy. 
However, value creation is one of those terms that is easily written down without a full and 
complete understanding of the topic. There are two perspectives: 

 Value to the customer (V2C) 

 Value to the firm (V2F) 
Firms can be classified on two value 
dimensions, denoted in Figure 2.2. A high value 
delivery and high value extraction strategy is 
considered as a win-win strategy, which is 
usually seen as the best strategy for firms. 

 A mismatch between delivered 
customer value and extracted firm 
value can occur. These firms are rather 
attractive for customers, but the firms 
fail to extract more value through, for 
example, achieved higher loyalty and 
higher price premiums. Many starting 
online firms struggle here, they 
provide much value in terms of free services, and lower prices, but find it difficult to 
keep customers and/or ask for fees for the services they provide, which is called fatal 
attraction.  

 Enjoy while it lasts is about firms with low delivering and high extracting. 

 Doomed to fail cell, where firms provide low customer value and are unable to extract 
sufficient value. Firms in this cell are in dangerous position, as their value proposition 
and delivery requires strong investment, while due to their inability to extract value 
they might lack long-term resources of these investments.  

 If a firm is able to reach high delivery and high extracting, it is called a win-win. 
These concepts are sometimes extended by also taking into account value delivery to society 
(V2S). This could be done in many ways and is partly reflected in the delivered value to 
customers. 

 Corporate social responsibility is considered as a driver of customer satisfaction. 
 

Metrics for V2F and V2C: metrics have become very important due to the increasing attention 
for accountability within firms and the resulting consequences for marketing departments. 
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 Metrics are measuring systems that quantify trends, dynamics or characteristics. 
o V2F metrics are usually more transaction-oriented and focus on concrete 

market outcomes that can be 
related to monetary 
consequences for the firm.  

o V2C metrics typically focus on the 
evaluation of value by customers. 

 Beyond the distinction V2C and V2F 
metrics, a distinction between metrics as 
market, brand and customer level are 
made in Figure 2.3. 

o V2C metrics typically focus on the 
evaluation of value by customers. 
At the market level, it includes 
issues such as product awareness 
and penetration of new products 
and services. Brand level V2C 
focuses on brand evaluation and brand knowledge of customers.  

o Typical V2F metrics at the market level are market volume, category sales, 
market size and the number of customers. These V2F metrics are generally not 
so firm specific. At the brad level, one would measure brand or market share 
and brand sales, and also brand equity, which is a more monetary evaluation 
of a brand’s value. At the customer level, CLV is a customer metric that has 
received enormous attention in the last decade. It can be considered as a key 
V2F customer metric that really tries to capture the monetary value generated 
by an average customer over his or her relationship with firms, 

 

The role of culture 
One of the most prevalent issues in exploiting big data as an asset is the nature of the internal culture 
and the related processes.  

 There is an increasing trend towards more data-driven or fact-based decision-making, partially 
explained by a stronger emphasis on marketing accountability. 

 Big data analytics can only survive within firms that embrace this trend and indeed are open to 
rely more on analytics and their resulting insights and models that provide ideas for innovation, or 
show the effectiveness of specific marketing actions.  

 

The power of visualization 
Analysts with left-brain who are trained in statistics will find it easy to understand numerical outcomes 
of analyses.  

 Presentation of analyses is therefore a crucial task when analyzing the data.  

 One way to have more impact is to visualize the data, because humans in general look for 
structures, anomalies, trends and relationships.  

Visualization supports this by presenting the data in various firms with different interactions. It can 
provide a powerful qualitative overview of data and analytical results.  

 It can lead to an oversimplification of results (e.g. a scatterplot) or can easily overestimate the 
found effects with some scaling tricks on graphical axes. 
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Conclusions 
Big data assets are the important building blocks underlying big data value creation. The capabilities 
involve systems, people, processes and the organization. 

 If capabilities are present, big data analysts can be deployed. These big data can create marketing 
insights and models that subsequently can improve marketing decision-making, and improve the 
success of actions and campaigns. 
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Chapter 4 – How Big Data are changing Analytics 

 
Analytics is a major element of creating value from big data. Statistical analytics of marketing data have 
been around for decades. The revolution of scanner data and customer relationship management 
(CRM) have considerably increased the importance of analytics in marketing:  

 It creates strong market and customer insights 

 It creates models that can be used for decision support, campaigns and information-based 
products 

 

The power of analytics 
In an era of big data, firms heavily rely on the analytical function. Davenport and Harris (2007) argue 
that firms can gain a competitive advantage if they build up strong and effective analytical capabilities: 

 “Analytics is then defined as the extensive use of data, statistical and quantitative analysis, 
explanatory and predictive models, and fact-based management to drive decisions and actions”. 

 These analytical capabilities can be used in different kinds of functions, such as human resource 
management, logistics, finance and marketing.  

Davenport and Harris (2007) argue that customer analytics is one of the more important fields where 
firms can compete. 
 

Different sophistication levels 
Davenport and Harris (2007) also distinguish 
several sophistication levels of analytics, 
shown in Figure 4.2. 

 A higher sophistication level should lead 
to larger competitive advantages. 

The main objectives are to learn more about 
markets and customers and to provide 
management with information on marketing 
and customer metrics, such as market 
shares, brand awareness, retention rates 
and customer profitability. These types of 
analyses focus on what has happened (past) 
instead of what will or could happen 
(future). 
 
Access and reporting is pretty standard and is often included in management dashboards provided by 
software suppliers such as Business Objects, Cognos, etc.  

 Analytics involve more sophisticated statistical techniques and answer more complicated business 
problems. It also focuses more on the future than on the past and is more prescriptive in nature. 
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General types of marketing analysis 
We classify more sophisticated analyses going beyond 
the market and customer knowledge analyses on two 
dimensions, shown in Figure 4.4: 

1. Explanatory analyses vs. Predictive analyses 

 Explanatory analyses focus on the 
“Why?” question. A researcher aims to 
know why specific phenomena happen. 

 Predictive analyses focus on forecasting 
marketing- and customer metrics.  

o Market forecasting typically 
focuses on sales forecasting of 
new products, and forecasting 
market share. 

o At a customer level, this may 
involve forecasting response to 
marketing actions, such as direct 
mails, emails, but also 
forecasting churn, product returns, and lifetime value. 

2. Static analyses vs. Dynamic analyses 

 Static models dominate practice, as cross-sectional data are more common.  

 Dynamic models are generally preferred to gain insights into the effectiveness of 
marketing metrics and how changes in the environment affect marketing outcomes. 

 
 
 

Strategies for analyzing big data 
The presence of big data provides huge opportunities for analytical teams. One of the easiest ways of 
taking advantage of big data is probably just to start up analyses and start digging into available data. 
By digging into the data one might gain very interesting insights, which can guide marketing decisions. 
 
In our two-by-two matrix, we distinguish 
between four basic analysis strategies, as 
shown in Figure 4.5. Two dimensions are taken 
into account: 

1. Analyses can be started based on 
whether or not a problem is pre-
defined.  

 A pre-defined problem can 
arise from: 

o Marketing challenges 
o Marketing growth 

opportunities 
2. Aim to look for available data and 

combine these data based on the 
arising needs in the data analysis. 
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Based on these two dimensions, four analytical strategies are distinguished: 
1. Problem solving: from a scientific perspective a problem-solving analytical strategy is 

deductive. Usually, the analyst starts with a managerial problem or issue. Problems may 
involve: “how can we increase the vale of our customers? Or “How can we improve the net 
promoter score?” or “Which pricing strategy should I use to attract more profitable 
customers?” 

 After defining the problem hypotheses, assumptions could be defined, implicitly or 
explicitly, about potential solutions of the problem.  

 The specific 
process, from 
defining the 
problem to 
developing a list of 
hypotheses, guides 
the selection of 
data to be 
analyzed, as shown 
in Figure 4.6. 

 A big difference between this approach and the data mining approach is that 
researchers do not start with the data. Big data can be used to solve the problem, 
but it is not a necessity to solve the problem.  

o The problem can also be solved with limited data drawn from existing 
available data or resulting from a new data collection effort. 

2. Data modeling  

 There is also a problem that needs to be solved in the data modeling approach. 

 The difference with the problem-solving approach is that the focus is more on data 
and especially on the use of new data sources. Using new data sources one could, for 
example, aim to find new potential predictors of churn. 

 Outcomes may easily be spurious correlations in which the association is based on an 
underlying, unobserved variable. The approach may also lead to undesirable 
outcomes. 

 The approach can become overly data-driven instead of problem-driven, easily turning 
into a data-mining exercise. However, an advantage over the problem-solving 
approach is that the data-modeling approach is more flexible in terms of data usage. 
This may result in more innovative model solutions. 

3. Data mining  

 Typically, data are nit defined and a defined problem does not guide the analysis. Also, 
no hypotheses are implicitly or explicitly stated.  

 From a scientific perspective, it is a typical inductive analysis.  

 The key belief is that the widely available data can provide valuable insights just by 
digging into the data. In doing so, relevant new relationships can be discovered that 
can potentially be valuable. 

 The discovery of patterns can create innovations. However, one major potential pitfall 
is that the analyses are unguided and may result in all kinds of associations that are 
difficult to interpret. Furthermore, as no specific problems are solved, many of these 
analyses are of little use, and may not offer any impact. 

4. Collateral catch 
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 The last analytical strategy is not an explicit strategy. It is rather a by-product of a 
problem-focused analysis. When analyzing pre-defined data, analysts may sometimes 
discover new relationships, which can be very valuable. 

 Collateral catches are not sought initially, and only become available as a result of 
some unusual feature of the research, or through some exploratory analysis being 
executed next to the more structured problem solving analysis. Analysts should be 
open to these collateral catches. They may provide a deeper understanding of the 
phenomenon studied.  

 

How big data changes analytics 
The growth of big data is changing how analyses will be executed. It will also change the scope of 
analytical questions to be answered, as more data are available. The focus is on three areas of 
marketing analytics: 

1. Market  
2. Brand and product 
3. Customers 

 
A very important development with regard to data is that we are moving from single source data to 
multiple sources of data. This has considerable consequences, as with multi-source data you have to 
connect data in a smart way. 

 Connecting can seem easy but one needs a common variable that can be linked. Connecting data 
may also involve data connecting at multiple levels.  

 The challenge is that there is much variation in data between customers, but that the variation of 
time may be limited, while the number of data points at that level is also small compared to the 
number of points at the customer 
level.  

 
Big data is changing the data, analytics 
and the relevance/scope of the analytics 
as shown in Figure 4.10. Some of the 
developments will be discussed: 

 Market level changes 

 At the market level, time series 
analyses are the most common 
way of forecasting market 
developments. However, in the 
presence of big data, firms 
want to assess the impact of 
specific changes in the 
environment.  

 The aggregated level, environmental changes might not be observed, given that it only 
impacts a specific customer segment. This may especially hold for disruptive changes.  

 The early adoption and increasing relevance of this innovation is likely not observed when 
analyzing aggregate-level data just because the change is too small and the trend is still 
upwards. 

 Customers frequently used more text messages than their contract provided for, resulting in 
higher revenues, as usage above the contract levels was priced higher. This service was really 
a cash cow. 
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 Brand and product changes 

 Brand and product management analytics traditionally have been rather descriptive, mainly 
using survey data on brand awareness and/or panel level sales data. 

 The use of multi-source data allows brand managers to assess the impact of the marketing 
mix on attitudinal brand metrics and their simultaneous impact on sales. 

 Digital text analytics results in new metrics, such as digital brand sentiment indices, which can 
be measured over time without having any surveys.  

 New data collection methods, such as a mobile survey, may be use to understand the impact 
of different touch-points on brand preferences. 

 Customer level changes 

 Compared with market level and brand/product level data, customer data have already been 
relatively rich due to the developments in CRM. This increasing presence of data has especially 
accelerated developments in individual level models designed to predict individual-level 
behaviors.  

 The big data revolution has pushed single-source data of individual customers to one side, to 
be replaced by multi-source data.  

 One of the major difficulties of this is that customers interact at different touch points online 
and offline, and similarly with online and offline advertising media.  

o Big data analytics are required for online firms aiming to assess the importance of 
different online and offline advertising investments on online conversion rates. 

 Focus shifted towards customer engagement. 

 

Generic big data changes in analytics 
Big data is frequently characterized by the three Vs: Volume, Velocity, and Variety. Sometimes two 
other Vs are added: Veracity and Value. These changes in data may suggest that analytics will change 
dramatically, and it is sometimes even referred to as kind of disruptive event. 

 From analyzing samples to analyzing the full population  

 The increasing volume of big data suggest that we now can analyze very large databases with 
millions of observations.  

 The rising computer power of the last few years has facilitated this, while also data storage 
capacity seems unlimited with sufficient space in the cloud. 

 Volume is only important in order to get more reliable answers at a higher significance level. 
An analysts should, however, be more concerned about biases due to wrong representation 
of customers, brands etc. in their data, rather than the volume of the data.  

 Simple rules for when larger samples become more valuable: 
o If more variables are studied in an analysis and specifically when studying the effects 

of multiple variables on an outcome variable. 
o If one needs to study different sub-samples.  
o If there is much heterogeneity. 
o If the studied variable occurs very rarely and a sufficient number of data points is 

required to understand the drivers of this event.  
o If there is strong collinearity between the independent variables used to predict or 

explain a dependent variable, such as sales or churn. 

 From significance to substantive and size effects 

 Analyzing large samples frequently leads to many highly significant effects. Small p-value 
seem the norm rather than the exception. However, in a big data era with these large samples, 
we should move away from significance and focus more on the size of these effects. With 
effect size we look for whether the found effects are substantial or small. 

 The key focus should be on the size of the explanatory power. 
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 When interpreting big data results: 
o Focus on size of the significance effects instead of significance only.  
o Visualize the found effects and consider the effect sizes 
o Compare the found effects with existing benchmarks 
o Develop marketing implications for found effects and challenge them. 

 From ad hoc data collection to continuous data 
collection  

 Four types of research-based data designs 
on two characteristics, see Figure 4.13: 

o Repetition of respondents  
o Repetition of measures 

 Ad hoc data projects frequently involve 
survey data collection efforts to answer 
specific questions such as, “What are 
customers looking for in a new product?” 
or “How can my brand best be 
positioned?” Ad hoc data for specific 
issues can also be collected among the 
same sample of respondents using a 
panel. 

 Due to the larger number of individuals in a segment, the variation cancel out, so to speak, 
and the observed patterns become more reliable.  

 Longitudinal panel data are readily available in good customer databases in which customer 
behavior is tracked over time. The longitudinal behavior of visitors can also be followed, in an 
online environment, by using cookies.  

o Longitudinal measuring of V2C metrics among the same group of respondents is 
possible, but a challenge, as customers will drop out just by not responding to the 
next survey. 

 Recommendations: 
o Set up continuous research on key (V2C) metrics 
o Be aware that cross-sections so have similar sample characteristics over time.  
o Be consistent in the measurement of your important metrics. Consistency allows the 

big data analysts to report and analyze these metrics over time.  
o A longitudinal panel is not the holy grail. Repeated cross-sections can work rather 

effectively for many purposes. 

 From standard to computer science models 

 The development of big data is partially embraced by IT and computer science. This is of course 
not illogical, as IT developments have been a driving force behind big data developments. 

 Computer scientists have developed various methods of analyzing data over the last few 
decades: one of the most famous early examples was the so-called “neutral networks”. 

 One of the main problems that many people face with computer-science-based models is that 
it is frequently considered a “black box”. That is, it is not clear to analysts what the model 
actually does and how it is specified. Models in marketing typically have an econometric 
background and can be specified. 

 An advantage is that they are more strongly based on ex-ante set expectations of effects, 
whereas computer-science models may easily lead to data mining, without a strong theoretical 
and practical base. 
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 Recommendations: 
o Understand the backgrounds and pitfalls of (new) models before applying them. 
o Be inherently skeptical about the communicated performance of (new) models by 

software providers. 
o Test the performance of different methods on data being analyzed. 
o Select a method that can be communicated to marketing managers and has a good 

performance. 
o Use visual aids to communicate findings of specifically computer-science-based 

methods. 

 From ad hoc models to real-time models  

 In an environment where data become easily available, we move to a trend where models 
can be updated much more frequently.  

 The need of model updates is clearly shown in extant research. 

 Luckily data is now available much more quickly, so that updating models is much easier. 
Especially in the online environment, data can be available in real time.  

o This provides opportunities for constantly updating models with new data in 
constantly changing (online) environments.  

 The dynamics of today’s market, with frequently changing market environments and changing 
customer behaviors, require a constant updating of models.  

 Recommendations: 
o Assess the stability of a developed model and the predictive performance of a model 

over time  
o Do not expect your model-results, resulting insights and predictive performance to 

have eternal life.  
o In online environments base models can be updated to real-time models for targeting 

purposes with real-time data as input. 
 

Conclusions 
Analytics can focus on building insights, (predictive) models, and optimization models. It is important 
to distinguish between static and dynamic analyses, as well as between predictive and explanatory 
analyses.  

 The big data environment is changing analytics in every marketing decision.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Business Analytics and Emerging Trends 

 

20 

 

Chapter 4.2 – Big Data Analytics 
 

The developments in big data are changing analytics. There are three major developments underlying 
these changes: 

1. New data types and specifically non-structured data are being analyzed. 

 Traditional data analysts typically do not always have the skills to analyze these data, as 
totally new methods are required.  

2. In this new big data and digital environment, new challenges and questions arise.  

 An important challenge, for example, is how to evaluate investments in new online 
advertising tools such as search engine advertising and affiliates.  

3. New analytical techniques are being developed that can account for the huge continuous data 
inflow. 

 As a consequence, a total new playing field for analysts has unfolded. This implies that 
traditional analysts have to adopt to these new circumstance and have to understand 
and be able to apply these new techniques. 

 
In Table 4.2.1 (at the end of this summary) we provide an overview of seven new big data analytical 
areas, their importance for marketing decisions at the market, brand or customer level and the 
statistical methods they use, and we will go on to discuss each of these areas in more detail 
 

Big data area 1: Web analytics 
Web analytics can be viewed as a new big data application area of standard descriptive techniques, as 
it involves new data sources, which are typically more massive than standard data sources. 

 Web analytics gained attention early in 2000, as early online marketers tried to understand how 
consumers use websites and visit online stores 

 
Analysis of clickstream data 
To analyze behavior on websites, so-called “clickstream data” are used. Clickstream data are defined 
as the electronic record of Internet usage collected by web servers or third-party servers. Two types 
of clickstream data can be distinguished: 

1. Site-centric: detailed records of what visitors do when navigating and interacting with specific 
sites. 

2. User-centric: detailed records of online 
behavior tracing across sites. 

Basic analyses of clickstream data focus on the 
purchase funnel on the website. Website analytics 
aim to collect metrics on the phase of the purchase 
funnel, as denoted in Figure 4.2.1. 

 In this online funnel different steps are being 
made, and online markets aim to improve the 
usability of the website and use other marketing 
instruments to increase the performance on 
each of these steps to finally end up with a high 
conversion rate.  

 In the end, these analyses are fairly descriptive and focus on counting. 



Business Analytics and Emerging Trends 

 

21 

 

 
Large scale experimentation: A/B testing 
Firms nowadays use large-scale experimentation to 
test changes in website design. 

 This large-scale experimentation is also known as 
A/B testing, which is denoted in Figure 4.2.2. 

 This A/B testing is nothing more that a randomized 
field experiment among a large number of visitors 
of the website.  

 Typically, a new website is tested among a group 
of visitors and the results are compared with a 
control group who still use the old version of the 
website.  

 One can extend this testing by using more complicated experimental designs, such as factorial 
designs.  

 If the experiment is fully randomized, an analysis of variance (ANOVA) can be used to test for 
significant effects on outcomes. 

 In general, A/B testing is not much different from the testing of marketing tactics used in previous 
years, such as testing different versions of direct mailings. 

 

Big data area 2: Customer journey analysis 
Customer journey analysis considers how customers interact with multiple touch points moving from 
consideration, search and purchase to consumption after-sales. 

 The extended customer journey analysis typically uses qualitative interviews, survey data or 
observations. In service marketing blue printing has been developed to assess the importance 
of several touch points in the service delivery. 

 Customer journey analysis is frequently executed using qualitative techniques in which 
customers are asked to describe their channels and touch points used and which channel they 
prefer to use. 

 A more quantitative analysis aims to 
describe the used channels in different 
phases of the purchase process. Typically 
one makes a distinction between: 

o Channels/touch points used for 
search 

o Channels/touch points used for 
purchase 

o Channels/touch points used for 
after-sales 

 The channels can be both offline and 
online. Channel behavior online can be 
tracked more easily (using cookies) that 
tracking channel usage offline. 

 A relatively new method is real-time 
tracking using mobile technologies. Customers can use a mobile app to record their 
interactions with multiple brand touch point. 
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Show rooming involves visiting the store for search and subsequently switching to the online channel 
for purchase, whereas with web rooming the online channel is used for search and the store is used 
for purchase, see Figure 4.2.4. 
 
Customer segments on channel usage can also be distinguished. For example, Konus, Verhoef and 
Neslin (2008) distinguish between enthusiastic multi-channel shoppers, store shoppers and 
unenthusiastic multi channel shoppers using latent class analysis as a segmentation technique. 
 
As a next step one might aim to explain and/or predict channel choices in the different phases. To 
explain channel usage in different phases, one could include customer characteristics, customer buying 
behavior, attitudes towards channels and prior channel usage. 
 
Multivariate probit models can then be applied as these models allow for many choices to be made. In 
the purchase phase as single channel should be chosen and then logit or probit models can be used. 
Channel choices also depend on each other, through, for example, channel lock-in. 

 Channel choices in the search phase may affect channel choices in the purchase phase and vice 
versa. 

 

Big data area 3: Attribution modeling 
When purchasing online, customers go through many stages according to the purchase funnel 
approach. Customers are influenced by several touch points.  

 Customers may thus vary 
in their readiness to 
purchase, as denoted in 
Figure 4.2.7.  

o Firms will typically 
only have limited 
information on 
the total usage of 
touch points in 
this “path to 
purchase” and 
will typically only 
observe the ones that are used to visit the retailer’s website. 

o To assess the effects of customer touch point on conversion and sales, attribution 
modeling can be used. Sometimes it is also referred to as the development of “path to 
purchase” models. 

 
Methods 

 The most common method for attributing sales is “last click”. In this rather naïve way the sale is 
attributed to the last used touch point. This is a rather simple approach and does not require any 
modeling. To assess the performance of each touch point one can calculate metrics such as the 
number of websites visited through this touch point, and the conversion rate per touch point. 

 “First click” attribution is used: the purchase is attributed to the first-used touch point. Average 
attribution methods assume that every used touch point contributes equally to the sale: this can 
be adjusted by using time-decay attribution by assuming that the latest used touch points 
contribute more strongly to the sale.  

o Some adjustments can also be made by using other weighting scores, which is called 
“customer attribution”. 
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 Measuring the effects of offline touch points at the individual level requires that customers are 
constantly monitored in what they see and do. Panels are now being developed to collate this 
information for a sample of customers. 

o Another solution is to use aggregated daily data, in which for an online retailer the daily 
spending in offline and online media is monitored and linked to the daily online website 
metrics. 

 

Big data area 4: Dynamic targeting 
Targeting customers with the right offers has been around for a long time. Direct marketing models 
have been developed to select those customers who are most responsive to direct mailings. 

 The arrival and growth of the Internet and digital devices with apps have moved targeting to higher 
levels. 

 Using real time behavioral data firms aim to provide personalized offers to customer visiting the 
website or logging on to an app.  

 
Closed Loop Marketing (CLM) has become popular.  

 It consists of a cycle in which customer information 
is continuously collected and updated, and advanced 
analytics are used to forecast customer behavior and 
used to redesign and personalize products, services 
and marketing effort, in short cycles, which are 
shown in Figure 4.2.9. 

 
 
 
Two major types of dynamic targeting approaches that differ with respect to the methods used: 

1. Recommendation systems have been around since the start of Internet retailing and are used 
extensively by firms such as Amazon and Netflix. The key idea of recommendation systems is 
that they are based on customer’s characteristics and characteristics of other customers; 
specific recommendations can be given to customers. Three types of recommendation 
systems can be distinguished: 

a. Content filtering systems involves digital agents that produce recommendations based 
on the target customer’s past preferences for products/services and the similarities 
between those products/services.  

 Hence, products or services are offered that are rather similar to the ones 
purchased before. 

b. Collaborative filtering systems aims to make a recommendation using the preferences 
of other, similar customers. In practice, frequently so-called memory based systems 
are being used here. These systems use measures of similarity between customers’ 
preferences or behaviors. 

 The systems are simple to implement, easily scalable and robust. 
c. Hybrid forms of content and collaborative filtering systems 

2. Personalization systems are more customer driven than recommendation systems. 
Customization is a term that is used frequently in the context of personalization. It involves 
the firm facilitating the customer by tailoring products and services to his or her preferences. 

 The key difference between recommendation systems and personalization systems is 
that recommendation systems recommend existing products or services, whereas 
personalization systems adapt the offering to customers’ needs. 
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 It not only involves product or service offerings how the website is displayed to 
customers can also be personalized. 

 The firms thus provide an interface to customers to customize a product: the customer 
is making decisions. With personalization the firm tailors the marketing mix to the 
customer, based on available customer information. 

 It is very important to learn customer preferences, which can be done by using a short 
survey on customer preferences. Based on the results, a personalized offer can be 
provided, which in results in updated customer’s preferences. 

 
The essence of modeling customer heterogeneity: Moving to hierarchical Bayesian models 
Simple logit model can be formulated as: 𝑌𝑖

∗ = 𝛽0 + 𝛽1  ×  𝑃𝑟𝑖𝑐𝑒 × 휀𝑖 

 Both the constant and coefficient of price are similar for all considered individuals. This assumption 
is, however, not so plausible. 

 Customers will respond differently to marketing mix instruments, including price. 

 In principle, some heterogeneity could be captured by including additional customer 
characteristics, such as age, income and usage. Heterogeneity can also be accounted for by using 
interactions. 

 A next step is to allow the parameters to vary between segments (𝑠 = 1. . 𝑆). This is actually what 
finite mixture models do. The basic model is then formulated as: 𝑌𝑖

∗ = 𝛽0𝑠 + 𝛽1𝑠  ×  𝑃𝑟𝑖𝑐𝑒 ×  휀𝑖  

 The parameters now differ between segments. The number of segments is determined by 
considering fit-criteria and typically differs between applications.  

 
Hierarchical Bayesian models allow research to estimate individual parameters. These parameters 
gave a distribution, and can subsequently be explained by specific other variables Z. The hierarchical 
way is as follows: 

𝑌𝑖
∗ = 𝛽𝑖0 + 𝛽𝑖1  ×  𝑃𝑟𝑖𝑐𝑒 × 휀𝑖 

𝛽𝑖𝑘 = 𝛼 + 𝑍𝑖 + 𝛿𝑖  

 

Big data area 5: Integrated big data models 
Overall in a big data era, we move from single data sources to multiple data sources and this may also 
involve new data sources. This may enrich models and in turn induce a stronger predictive power. 

 However, one should also be careful!  

 The Google flu predictions overestimated flu activity.  

 Lazer, Kennedy, King & Vespignani (2014) warn about the use of these new data sources.  
o One of the concerns is over what they call “big data hubris”. 

 
Combining different aggregation levels 
General solutions are: 

 Aim to aggregate the data to one (single) aggregation level and analyze the data at that 
aggregation level.  

 The time aggregation problem can also be solved by making assumptions. 
 
Multi-level models 
In a multi-level model at different aggregation level equations are formulated. Here we aim to discuss 
the basics of multi-level models. We assume we have two levels in the data: 

1. Brands 
2. Customers 
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In our example, we aim to explain the loyalty of customers to multiple brands and the role of brand 
attitudes (BrAtt) and some customer characteristics (X). In a multi-level model one first starts with a 
model at the first level (customer level): 𝐿𝑜𝑦𝑎𝑙𝑡𝑦𝑖𝑗 = 𝛽0𝑗 + 𝛽1𝑗 × 𝐵𝑟𝐴𝑡𝑡𝑗 + 𝛽2 ×  𝑋 +  휀𝑖𝑗  

 
At a second level one might assume that the constant (base brand loyalty) and the effect of brand 
attitudes is affected by some brand level variables, such as average brand advertising (Adv): 

𝛽0𝑗 = 𝛾01 + 𝛾01 × 𝐴𝑑𝑣𝑗 + 휀0𝑗 

𝛽1𝑗 = 𝛾10 + 𝛾10 × 𝐴𝑑𝑣𝑗 + 휀1𝑗 

 A multi-level model is not useful if only one brand is studied, in that case, there is simply no 
variation in advertising. 

 
Adaptive forecasting techniques 
In a dynamic world, it is unlikely to be right to assume that parameters of models are stable. Especially 
for forecasting purposes, accounting for these dynamics is crucial. Adaptive forecasting in time-series 
analysis had already been developed in the 1960s to account for regular events, such as seasons. 

 For forecasting, one might develop predictions under different scenarios (regimes), which allows, 
for example, the prediction of how sales would develop under bad and good economic times.  

 Bayesian models can also be used to account for changes in the environment. 
 

Big data area 6: Social Listening 
Social listening has become one of the most popular new analysis tools, as in this big data era 
unstructured and specifically text data has become omnipresent in online communities, social media 
like Facebook and Twitter, as well as in reviews on websites such as TripAdvisor, and retailers such as 
Amazon. 
 
Text analytics is used for the analysis of social data.  

 Beyond text analysis, pictures and videos can also be analyzed. 

 According to Chen et al. (2012) text analysis have their academic roots in information retrieval and 
computational linguistic.  

o In information retrieval, document representation and query processing are the 
foundations for developing a vector space model, Boolean retrieval model, and 
probabilistic retrieval model, which in turn became the basis for the modern digital 
libraries, search engines and enterprise search systems. 

 
Sentiment analysis can also be considered a specific step in opinion analysis.  
 
Execution of opinion analysis 
To execute opinion analysis the 
following steps are required, as 
denoted in Figure 4.2.14: 

1. Social data collection and 
set up databases 

 As a first step, the researcher had to decide what text they want to analyze. This starts 
with a clear research objective. 
 If firms want to measure the sentiment about a specific brand, data on what is 

being written about brands in multiple social fora should be selected. 
 If the data are being collected a database for text data should be set up, which 

can be used for analysis. To set up this database, POS-tagging is used, which 
assigns or “tags” information to each word in a sentence. 
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o Tags may involve the characteristics of the word in a sentence. 
o A tag could be whether the word is a noun, or whether it is a verb or an 

adjective. The outcome could be a word cloud. 
2. Feature generation and pruning  

 The second step involves the identification of relevant product or brand features, which 
people have expressed in their opinions. Sometimes this can be rather easy.  

 Explicit features are easy to find, whereas more implicit mentions of features are more 
difficult to find.  

 Text analytical packages have tended to focus on explicit features. 

 Researchers would probably mainly be interested in the most frequently mentioned 
features.  

 Customers may use different words for similar features. 

 Hu and Lui (2004) described two pruning techniques: 
o Compactness pruning checks features with two or more words and removes 

those features that are likely to be meaningless. 
o Redundancy pruning focuses on removing redundant features. 

3. Opinion word extraction  

 In the next step, words in the sentences that provide a customers opinion about a 
product feature or brand are identified.  

 Usually, opinions in sentences are given through the use of adjectives. 

 A sentence can be considered an opinion sentence when it includes adjectives. 
4. Assessment of orientation of opinion words (sentiment) 

 When the opinion words have been identified, it is important to understand their 
semantic orientation. This basically means whether the word deviates from the norm 
for its semantic group.  

 One can also distinguish between words having a desirable state that have a positive 
orientation, and words having undesirable state that have a negative orientation. 

 Words can have negative valence, a neutral valence, or a positive valence. Others have 
referred to this as the “affective content”. It is done in (brand) sentiment analysis and 
is the basis for calculating digital sentiment indices. 

5. Summary generation (using visualization) 

 The final step is to create a summary of the results. This can be a simple frequency 
table. 

 

Big data area 7: Social Network Analysis 
In today’s digital environment social networks have become prominent as a result of growing number 
of social communities: Facebook, LinkedIn and in china Renren, are probably the most prominent more 
general communities. 

 As a consequence, consumer-to-consumer interactions have become very important in marketing 
and it is generally accepted that customers influence each other. 

 Social communities have also increased the availability of network data, which in turn has led to 
more studies on social network data with marketing. 

 
Steps in network data analytics: 

1. Creation of network data  
The way the network is defined is an important issue. There are three general ways to collect 
network data: 
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1. Self-reports on networks 
2. Zip code level as a proxy for a network  
3. Use of actual networks using digital and mobile technologies 

Another alternative is the use of direct communication data from email or mobile telephony. 
In the latter case so-called call detail records (CDR) can be used to create networks. 

 In CDR data, all phone calls and text messages are recorded individually 
2. Description of the network using network metrics 

Social networks in marketing are mainly used to identify those networks or specifically those 
individuals that have an overly strong influence on other customers, and thus can help to 
diffuse ideas, opinions, and new products in the market. 

 Social marketing campaigns such as viral marketing and referral 
campaigns aim to focus on these customers.  

 These influential customers are typically the first customers 
approached by the firm in a social campaign and are considered 
the seeds of a campaign. 

 Actual network characteristics do, however, make a difference. 
These network metrics all focus on the centrality of customers 
in a network, and specifically the following metrics are 
proposed: 

 Degree centrality measures the number of contacts an 
individual has in a network. Customers with a high degree centrality are called 
hubs, as through these customers many other customers can be reached, as 
denoted in Figure 4.2.18. It does not require a full network structure, as one only 
has to count the number of contacts. 

 Betweenness centrality measures 
the extent to which an individual is 
in the shortest route or path 
between customers in a network. 
The underlying idea is that 
customers with a low betweenness 
centrality have more power in a 
network, as shown in Figure 4.2.19. 

 Closeness centrality measures the 
average number of steps in a 
network it takes to reach all other customers in a network. It basically measures 
how easy it is for customers to reach all other customers in a network. A low 
closeness centrality suggests that this should be more easy. While these metrics 
provide useful information and indeed matter, they are usually more difficult to 
measure, as a complete network is required. It is shown in Figure 4.2.19. 

3. Social network targeting and valuation 
Network variables for each customer can also be used to predict behavior. Several studies have 
shown that similar customers with strong ties influence once another.  

 So if a firm knows that a customer has defected, they could identify customers in the 
network of that customer who are also at risk for defecting.  

 If a customer has adopted a new product, individuals in his/her network can be identified 
and contacted to induce new product adoption as well. 
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Emerging techniques 
Text analytics have improved considerably over the last decade. Nowadays, customers constantly 
upload photos and videos using, for example, mobile phones, and this new data can also provide 
information about brands and customer experiences. 

 Photo and video analytics will emerge to help get relevant marketing information from these new 
sources of data. Established firms, such as, Microsoft, but also new firms are developing 
techniques to analyze videos. 

 

Conclusions 
Big data have an impact on analytics as new data became available and new application areas became 
prominent.  
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