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Abstract  
Designing web pages in such a way that they fit customers’ behaviour makes the design difficult, 

because there is a large diversity between customers in demography. Designing with respect to 

demography would result in many website designs which are labor intensive and therefore costly to 

operate. For this reason it is proposed to design the website based on so-called persona. Each persona 

characterize a certain distinguishable behaviour based on Bryan Eisenberg’s model. This research is 

mainly focused on differences in customers’ behaviour at Philips website using its functionalities. The 

aim of this research is to try to identify which visit corresponds to which persona such that the design of 

the website can be designed in such a way that it focuses on the main appearing personas. Various 

Machine Learning techniques were used to cluster the visitors. Philips uses Adobe SiteCatalyst where 

the data has binary values. Over 50% of the sessions did not use any functionality, that was measured, 

which makes it not possible to identify personas based on their used functionality. When functionality 

was used, then it was often only one type of functionality. Buy share is higher in the dataset where 

personas are identifiable from relative point of view. The three cluster methods provide insights about 

the visits. Not all of them are appropriate to plot them as MBTI. Using functionalities to classify a session 

to which persona it corresponds during a session, will not help to predict the preferred website layout. A 

different approach should be used to classify. 
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Introduction 
The Digital Marketing Division of Philips is responsible for on-line marketing campaigns and web design 

to increase sales of products. To have a better control on sales and costs through a website, it is 

important to understand customers’ buying journey and how these customers differ from each other in 

online behaviour. This knowledge gives a better understanding on how to design a website by focusing 

on target groups. 

Designing web pages in such a way that they fit to customers’ behaviour makes the design difficult, 

because there is a large diversity between customers in demography such as age, gender, nationality, 

religion and so on. Designing with respect to demography would result in many website designs which 

are labor intensive and therefore costly to operate. For this reason it is proposed to design the website 

based on so-called persona. Each persona characterize a certain distinguishable behaviour based on 

Bryan Eisenberg’s model (Eisenberg, Personas: The Magic behind the Mirror, 2013). 

The research, described in this thesis, is mainly focused on identifying differences of customers’ 

behaviour at the Philips.com website. To identify different customers’ behaviour it is further proposed 

to use the Myers-Briggs Type Indicator (MBTI) model (Myers-Briggs Type Indicator, 2009) which was 

translated into the Bryan Eisenberg model using personas by its corresponding authors. Personas are 

representative and diverse enough to cover the whole practical spectrum of kinds of consumer 

behaviour on the website that are used to design web pages for visitors.  

The aim of this research is to identify which visit corresponds to which defined persona such that the 

design of the website can be optimized by focusing on these identified personas. This should results in 

decreasing design cost and increase of sales. The research question is “How is the population of visits at 

Philips.com with respect to personas distributed?“.  

The chapters ”Questions from product owner” and  ”Research method” provide a description about how 

the research was done. The future goal is to detect persona type at the start of a visit in such a way that 

the website can be adapted to the visitor. This research uses Philips.com website to identify personas, 

but this approach is not Philips specific. 
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Methodology 

This section describes the motivation, approach and focus of this research.  

Direction of the subject 

The direction of the subject was based on the interest of Philips to gather more insight about the visitors 

at Philips’ website. Philips’s website is not only an online shop for Philips products, but also an 

engagement platform for visitors to get familiar with different products by reading reviews, using 

interactive web contents and services. It is possible to read and write reviews about products, watch 

multimedia content and discover own ways of using products. Philips constantly tries to improve sales 

and decrease costs to optimize their revenue. Costs are related to design and maintenance of the 

website structure and content. Revenue results from both on-line sales and off-line sales via different 

retail channels globally. The website has to be presented in such a way that it fits different visitors’ goals 

in such are more likely to buy Philips products. 

Scope 

This research was focused on Philips click stream data to support Philips marketing division and the 

product owner of Philips.com related to the design of the website. This research tries to identify the 

available personas on the Philips website where characteristics of personas are defined by Bryan 

Eisenberg.  Click stream data was available from two countries which are anonymize as country 1 and 

country 2. The website consists of six different sectors (corporate, consumer products, lighting, 

healthcare, consumer care and shop). Only consumer products sector has to be analyzed for the 

development of the website, because this sector is a Business-to-Consumer (B2C) sector which passes 

the information of the products to the customer which is an important part of the customers’ buying 

journey.  

Approach and development of the subject 

The aim of the research was to gather knowledge from the website click stream data. Some of the 

employees at Philips Research worked with the click stream data and had already some ideas to analyze. 

These ideas are from product innovation perspective which might differ from the interests of the 

marketing division. An exploration of Philips.com website was started to have an overview of other 

possible ideas to improve sales. All ideas were collected and presented to the marketing division. One of 

them is also the product owner of Philips website. Also they had their ideas to do a research on this 

matter. Some of these ideas were selected and these ideas were analyzed in more depth. The analysis 

was done to explore the reachability of the ideas. Better understanding of the ideas was done. A next 

meeting was planned to present the possibilities of the ideas. At the end the decision was made to focus 

on personas. 

Once the topic was decided, a more in depth literature search has been done to understand the 

different types of customers and how their purchase goes through a buying journey. Literature was 

collected from different sources such as Google (Scholar), IEEE.ieee.org, books and papers. Some of the 

sources were related to learning styles, web mining and e-commerce. These documents were also 
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compared to each other for consistency. Next to the literature, data exploration was started to make a 

translation from the actual data to personas. 

Weekly meetings were in place with the product owner of Philips.com and with an online optimization 

manager (which has knowledge about the personas) to support each other with the problem 

encountered during the research. This research process was based on CRISP DM framework, to split the 

process into phases and to translate business value into a data mining problem. More details about 

CRISP DM can be found in section Web analytics. 
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Literature study 
This chapter provides an overview of the background knowledge essential for this research. This 

overview covers cognitive and learning styles, MBTI model and its deviations, the customers’ decision 

journey model and explanation of the influence of Web analytics. 

Web analytics 

Data mining uses artificial intelligence techniques and statistical tools to find trends, patterns and 

relationships within collected data (What is data mining? definition and meaning, 2014). Web usage 

mining which is defined by Srivastava et al. as follow: “Web usage mining is the application of data 

mining techniques to discover usage patterns from web data, in order to understand and better serve 

the needs of Web-based applications.” Web usage mining analyzes the behaviour of humans on a 

website. This method is of interest for e-marketing and e-commerce and it provide insight of user 

behaviour that leads to personalization of a user’s web experience (Zdravko Markov, 2007). Web usage 

mining sometimes refers to click-stream analysis. A click-stream is an aggregation of a user’s click action 

over a sequence of pages by visiting a website. Click-stream data requires preprocessing before user 

behaviour can be analyzed (Zdravko Markov, 2007). Click-stream data consists of records that are tagged 

on the website. A tag is a piece of java script on a webpage that records specified (click) information. A 

tag can keep track of a page name, certain functionality used, time when a click was performed and so 

on.   

Web usage mining can be used to design website in such a way that it provides personalized web user 

experience. It is for example possible to anticipate, in real time the user’s behaviour by guiding him/her 

trough the website (Lanzi, 2003). 

There is a debate about the question, what makes a good web site design. Many usability guidelines 

have been developed for interfaces on a web page. But designers have difficulties to follow these 

guidelines, because they are often stated at such a high level, that it is not clear how to implement them 

(Babak Abedin, 2007). 

 

Previously mentioned artificial intelligence techniques refer to a branch of Machine Learning (ML) 

techniques.  ML algorithms can be classified into 4 types of learning’s; reinforcement learning, game 

theory, supervised learning and unsupervised learning. Only the last two will be discussed here. 

Supervised learning is an approach where an environment produces some sequences of inputs �� and 

some sequences of outputs ��. The chosen ML technique tries to learn from inputs and outputs such 

that ML can produce the correct output given the input. In contrast to unsupervised learning which 

makes use of the inputs only to recognize patterns (Ghahramani, 2004).  
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CRISP DM 

Cross Industry Standard Process for Data Mining (CRISP DM) is a framework that provides an overview of 

a process model for data mining projects related to business intelligence. “Business intelligence (BI) is an 

umbrella term that includes the applications, infrastructure and tools, and best practices that enable 

access to and analysis of information to improve and optimize decisions and performance” (Gartner IT 

Glossary - Business Intelligence (BI), 2014). CRISP DM framework contains six phases of a project. These 

phases are show in Figure 1. Moving back and forth between different phases is possible as indicated by 

the arrows. The outer circle shows the main direction. In the following, an outline of phases is briefly 

described: 

• Business Understanding 

This phase focuses on the understanding of the project objectives from the business perspective. This 

has to be translated into data mining problem definition. 

• Data Understanding 

The data understanding starts with collection of the data. Afterwards an understanding about the data 

has to be gathered and explored. 

• Data Preparation 

This is about cleaning the data. At this stage, the raw data will be filtered to get the final data for a 

model. This is done by looking to the outliers, which attribute will be used, data type and so on. 

• Modeling 

Different modeling techniques can be used to create a model. Each modeling technique has its own 

parameters that have to be set or calibrated to optimal values. 

• Evaluation 

Based on the model that was built in the modeling phase, the results could provide high quality results. 

Before deployment of the model, it is important to evaluate the results such that it properly achieves 

the business objectives. 

• Deployment 

The knowledge gathered from the data has to be organized and presented in a way that the customer 

can make use of it. Therefore a final report can be delivered and monitoring the results after 

implementation can be done. 
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Figure 1 Cross Industry Standard Process for Data Mining (Jensen, 2012) 

A description of every phase was given now, but every phase has also certain tasks.  Figure 2 provides an 

overview of these tasks that are performed in every phase. Business Understanding for example consists 

of determining business objectives, assess situations, determine data mining goals and produce a 

project plan (Pete Chapman, 1999). 

 
Figure 2 description of every phase in CRISP DM 
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Cognitive and learning styles 

MBTI is a cognitive and learning style model. This section provides a classification of cognitive and 

learning style models to have an overview. This project was using the divided MBTI model to classify 

visits, because it was requested by our client and the Philips website was designed according this model.  

Cognitive and learning styles were studied by cognitive psychology with various definitions. Cognitive 

style deals with the form of cognitive activity like thinking, perceiving, but not its content (Stash, 2007). 

Learning styles refers to how a learner perceives, interacts with and responses to the learning 

environment (Keefe, 1979). People have different learning styles, meaning that they have different 

preferences of types of information (i.e. text, video), navigate through or interact with (Stash, 2007). 

Cognitive styles are more related to a bipolar dimension where learning styles are not necessary 

extremes. Some learners prefer to learn things by doing whereas others prefer collect information and 

turn them into action (Stash, 2007). Many learning style models were developed by different groups of 

researchers. 

Curry categorized different research approaches of the psychometric qualities of different learning’s 

(Curry, 1983). These were categorized into:  “instructional preferences“, “information processing style“ 

and “cognitive style“. Curry modeled these categories as an union where the inner layer represent the 

cognitive personality styles which is more stable and more significant in complex learning, while the 

representation of the outer layer is more like an instructional preference which is easier to modify and 

to influence, but it is less important in learning, see Figure 3 (sited by (Frank Coffield, 2004)). 

 
 
Figure 3 Curry’s union model 

Coffield F. found 71 learning style models that are considerable and organized them as sited by (Stash, 

2007). Figure 4 shows the families of learning style models as it was organized by Coffield. These models 

were classified into five families where they are placed onto a continuum which classifies the different 

models according to some overarching ideas behind them or their flexibility (Frank Coffield, 2004). 

Moreover, theorists have strong beliefs about the influence of genetics on the interaction of personality 

and cognition. This was placed on the left-hand side of the continuum. Moving along the continuum, 

learning style models are changing to an idea of dynamic interplay between self and experience. At the 

right-hand side of the continuum, theorists pay greater attention to personal factors such as motivation 

and environmental factors.  

Next section will describe the Myers-Briggs Type Indicator (MBTI) that is also listed in Coffield’s family as 

a stable personality type. Other models that are a division of MBTI will also be discussed.  

 

Instructional preferences 

Information processing style 

Cognitive personality style 
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Figure 4 the families of learning style models as it was organized by Coffield 
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Myers-Briggs Type Indicator 

Myers-Briggs developed a theory about personality traits which is reliable, valid and it has gained 

widespread acceptance (Myers-Briggs Type Indicator, 2009) (Yu, 2011). This Myers-Briggs Type Indicator 

(MBTI) model provides an examination about similarities and differences in dealing with information 

and outer world. There are four basic differences among individuals in how they prefer to use their 

minds and how to develop their personality (Myers-Briggs Type Indicator, 2009) (Yu, 2011).The first one 

is how individuals perceive or take information about their experience. This perception can be divided 

into two ways of perceiving. Either via sensing (S), these are the five senses that we have or via intuition 

(N) which is an action to associate an experience. The second one is related to how an individual makes 

conclusions from its perception (decision oriented). The evaluation can be performed by logical thinking 

(T) or by a personal or social value given by feeling (F). The third one is the attitude of an individual 

which can be focused on the outer world so called extraverted (E) or introverted (I) where individuals 

are inner focused. The fourth one is where an individual prefers to be an information taker or 

decision/plan oriented, so perceiving (P) or judging (J). This model which provides these four dimensions  

as shown in Table 1 can be combined to sixteen types, see Figure 5 (John A. Logan College, 2011) 

(Martinko, 1996). An example would be SFEJ which represent(s) a person that is sensing, feeling, 

extraverted and judging. See table below for individual dimensions. MBTI is used in for all kinds of 

purposes, including a process to design an online education system, work background that helps people 

to understand themselves or in the field of designing a website (Yan, 2010) (Yu, 2011). 

 

Perception Judging Attitude Decision oriented 

sensing (S) thinking (T) extraverted (E) Judging (J) 

intuition (N) feeling (F) introverted (I) perceiving (P) 

Table 1 Myers-Briggs Type Indicator dimentions 
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Figure 5 The Myers-Briggs Type Indicator Grid Structure (Review of Selected Literature, 1980-1990) 

 

The MBTI was first developed by Isabel Briggs Myers (1897-1979) and later it was adapted upon Carl 

Jung's notions of psychological types. Jung claimed that “there is no such thing as a pure extravert or a 

pure introvert”. These are terms to designate a certain tendency. This means that some individuals have 

a certain level of tendency to be more influenced by environmental factors or by subjective factors. The 

application of MBTI has to be done carefully, because the usage can be pernicious. For example they can 

lead to discrimination and poor career counseling. Employers may hire or fire people by personality 

type, despite the fact that the MBTI is not reliable at identifying a type permanent. Several studies have 

shown that when a re-tests is done, even after five weeks, around 50 percent will be classified into a 

different type of persona. The other thing is, that some dimensions could apply to most people. The 

problem of MBTI is not the accuracy of the types, but the way they are used by other people (Carroll, 

2013) 
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Deviations of MBTI (Temperament and buying modalities) 

Psychologist David Keirsey has created a deviation of the MBTI model, which reduces the categories 

from sixteen to four. Keirsey showed that there are two letters in common for each set of types. This 

means that it can be aggregated to two dimensions which end up in four so called temperaments. The 

two dimensions are Communication (Concrete vs. Abstract) and Action (Utilitarian vs. Cooperative). 

Temperament is defined as "a configuration of observable personality traits, such as habits of 

communication, patterns of action, and sets of characteristic attitudes, values, and talents" 

(Keirsey.com, 2014). Combination of (NT) seems to make up the Rationals, (SP) the Artisans, (SJ) the 

Guardians, and (NF) the Idealists. This means that Rationals are thinkers, Artisans are perceivers, 

Guardians are judgers and Idealists are feelers. The citation of David Keirsey's description of the four 

temperaments can be found in Appendix 1. This personality test has been used by the 

Government/military and faith-based organizations along with many others organizations (Weiss, 2008).  

Bryan and Jeffrey Eisenberg have categorized four buying modalities based on David Keirsey 

temperaments. These temperaments were translated to their characteristic in buying behaviour as 

shown in Figure 6 (How Buyers Behave - Buyer Modalities, 2009). The two dimensions were translated 

to the speed of decision making and rational vs emotional behaviour. So temperament Rationalist (NT) 

was translated to Competitive, Artisans (SP) to Spontaneous, Guardians (SJ) to Methodologist and 

Idealists (NF) to Humanist (Je website ontwerpen en verbeteren met MBTI, 2012). 

David Keirsey and Bryan Eisenberg are using the same four types, but they differ in application. For this 

reason, the characteristics of the four categories of David Keirsey and Bryan Eisenberg types will be 

discussed together. 

The first category is related to Rationalist (competitive) which is intuition (N) and thinking (T). So it is the 

(NT) in MBTI of Myers-Briggs model. This person makes fast decisions based on facts. This type is 

focused on problem solving and analysis. They trust logic instead of feelings.  They are typically very 

independent and strong willed. The four types within this category are (ENTJ), (INTJ), (ENTP), and (INTP). 

This type of online visitors bases their decision on facts, but specific details are not relevant. It is 

important that the product characteristic information can be found very fast (by using a search bar for 

example). 

The second category is related to Artisans (spontaneous) which is sensing (S) and perceiving (P). So it is 

the (SP) in MBTI of Myers-Briggs model. This person makes fast decisions and they are based on feelings. 

Some of the characteristics of Artisans are optimistic, realistic and focused on what is happening here 

and now. They are easy to excite, seek sensation and trust their impulses. The four types within this 

category are (ISFP), (ISTP), (ESFP), and (ESTP). As online visitors, they seek for messages, how a product 

can make life easier, information summery, list of popular products, list with new products and they are 

sensitive to discounts. 

The third category is related to Guardians (methodologist) which is sensing (S) and judging (J). So, it is 

the (SJ) in MBTI of Myers-Briggs model. This person makes slow decisions and they are based on facts. 

They tend to join many social groups and try to secure their lives. They do trust authorities. The four 
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types within this category are (ISTJ), (ESTJ), (ESFJ) and (ISFJ). As online visitors they take time to gather 

information and focus on details. 

The fourth category is related to Idealists (humanist) which is intuition (N) and feeling (F). So, it is the 

(NF) in MBTI of Myers-Briggs model. This person makes slow decisions and they are based on feelings. 

They are very enthusiastic individuals and they trust their own intuition in the first place. Valuable things 

for them are meaningful relationships and attaining wisdom. The four types within this category are 

(ENFP), (INFP), (INFJ) and (ENFJ). As online visitors they take time to gather information and make 

decisions based on their feelings. They are sensitive to what other people think. They are focused on 

what other people say and they are not focusing on facts. It is relevant for them to know who made 

certain information available and if they can be trusted. They are for example focused on reviews. Some 

of the buying modalities characteristics are shown in Figure 7 (Keirsey.com, 2014) (Je website 

ontwerpen en verbeteren met MBTI, 2012) (Weiss, 2008) (Optimaliseer teksten met de persona’s uit het 

MBTI model, 2014). 

 
Figure 6 Buying modalities based on Bryan Eisenberg 

The major part of the population is a Methodologist (SJ) which is around 40-50%. Spontaneous (SP) type 

is around 30-35%, Humanist (NF) around 15-20% and Competitive (NT) around 5-10% (Concept7, 2014). 

These numbers were made available by Concept 7. Concept 7 is a company which designs digital 

products such as websites. The design of their products is human centered in such a way that the 

usability of their products is made easier to the user (Over Concept7, 2014). 

What does a rational and emotional behaviour mean although the two dimensions from buying 

modalities were explained? A definition of rational behaviour is like following “A decision-making 
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process that is based on making choices that result in the most optimal level of benefit or utility for the 

individual” (Rational Behavior). 

 

Emotion has a power to force human behaviour. This behaviour can cause an individual to take actions 

that were not intended to perform under normal situation (Cherry, 2014). Intention refers to the idea 

that an individual plan (or intend) to carry out (intention - Dictionary Definition : Vocabulary.com, 2014). 

Emotion can be defined as “an episode of interrelated, synchronized changes in the states of all or most 

of the five organismic subsystems in response to the evaluation of an external or internal stimulus event 

as relevant to major concerns of the organism” (Scherer, 2005). Emotion is related to a subjective 

opinion, conscious experience, biological reaction and mental state (Cherry, 2014). Emotional individuals 

will be seen here as more impulsive type of individuals. 

 

 
Figure 7 Buying modalities and some of their characteristics 
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Customers Decision Journey 

McKinsey’s Customers Decision Journey is a model that describes how customers’ do their research and 

buy products. Philips website can be a part of customers’ process where this research was focused on.  

A costumer decision-making process about buying a product follows four phase journey circular; initial 

consideration, active evaluation, closure and post purchase. In the initial consideration, the awareness 

of a brand matters. This initial brand awareness can be up to three times more likely to purchase this 

brand than any other brands. The active-evaluation phase may expand rather than narrow a consumer 

seeking information from different brands and products. 

Decision journey is a consumer-driven marketing which plays an increasingly important role, because 

customers have more control of the process and actively “pull” the information for their decision. Two-

third of the touch points are present during the active-evaluation phase provided by internet reviews, 

word-of-mouth recommendations, in-store interactions and recollections of past experiences. The other 

one- third of the touch points are involved from company-driven marketing. Marketers have to learn to 

influence consumer-driven touch points. This means, be aware of word-of-mouth, Internet websites and 

other sources. 

Just focusing on strong sales incentives and programs to be highly present in active-evaluation and 

moment-of-purchase phases is not the best option (David Court D. E., 2009). The challenges are in the 

initial-consideration and post purchase phases. This can be achieved by brand strength and product 

quality. Positive experiences after a purchase can enhance the customer loyalty to the brand. 

There are two types of loyalty; active- and passive -loyalty. Active loyalty refers to purchase of a product 

from the same brand without considering other brands. This kind of customers usually recommends 

these products. Passive loyalists are still considering other brands when it comes to buy a product. 

These consumers are open for information from competitors who provide them a reason to switch. 

Figure 8 below shows the customers’ decision journey cycle as described above (David Court D. E., 

2009). 

 
Figure 8: The consumer decision journey cycle by McKinsey (David Court D. E., 2009)  
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Philips organizational structure 

How is Philips.com managed 

The fallowing Philips divisions Philips Consumer Lifestyle, Philips Healthcare and Philips Lighting are 

managing the Philips web pages. Philips does not have one responsible division who is applying changes 

to the website. Every division that makes changes to the website can have an impact on the 

measurements of a different division. Each division offers certain budged to change websites or running 

campaigns where the performance is measured. Philips has a person in charge for certain website 

changes the so called product owner of Philips.com 

Data Flow of the website measurements 

In short, Philips uses SiteCatalyst that is provided by Adobe as a service to have a tool that can be used 

for tagging the website such that the usage of the website can be measured and it also create reports of 

these measurements (Adobe Analytics / Marketing reports and analytics, 2014). The information can be 

viewed on the build in dashboard to keep track of the information about visitors. The service also 

provides an option the export some data as a report dataset. More about tagging, Adobe provides a tag 

manager to add tags on web pages to record actions on the website that are executed by the visitors 

(Dynamic tag management, 2014). 

The recorded data is stored at and managed by Adobe. So, how is the data created and gathered by 

Philips? Figure 9 provide an overview of the information flow and its related actors. Philips IT is creating 

the tagging on the pages at Philips.com and they make use of tagging API at Adobe. Once this is done, 

the clicks of a visitor that comes to Philips.com can be recorded and stored at Adobe in the raw click 

stream database.  Philips marketing division can retrieve that data via their dashboard to view the 

measurements that comes from Adobe marketing cloud (AMC). And AMC retrieves this data from Adobe 

raw click stream database. Philips can get the data also by using another approach. Philips IT can create 

reports of the database at Adobe till a certain level such that they can export that to their own database. 

The receiving data are pieces of data that has to be merged at Philips. One piece of data is actually a 

table with visitor id, session id and one attribute (e.g. watched video or used a 360 view). So the tables 

are merged such that one row in the table represents the visitor id, session id and all other tagged 

attributes. This is a database where the data can be gathered for this analysis.  
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Figure 9 information flow at Philips and its related actors 
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Questions from product owner 
Product owner of Philips.com was seen as our client. This client had some question related to the 

development of the current website. The list of questions is adapted such that they are clear. All these 

questions are listed here. 

Current interests 

The following questions will be answered related to overall, per product group and per product 

subcategory as a percentage. What product group and subcategory is will be explained in the next 

chapter. 

• How many visits to Philips website do we get per persona? 

• What is the share in buy button clicks for each persona? 

• What is the division detractors / promoters per persona? 

Correlate these questions with 

• In which buying phase is a persona (pre-purchase, purchase, post-purchase) 

• How quickly does each persona click on the buy button? (quickly means: time spent on website 

and/ or pages visited before clicking on buy button) 

Future implementation 

• Learn behaviour of personas such that a new visitor can be classified to one of the personas. 
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Research method 
This chapter introduces a description about the collected data, application of MBTI, assumptions and an 

overview of the structure of the analysis. A selection of the data will be made, defined and transformed.  

Philips website layout 

Figure 10 shows a typical product webpage at Philips. User can buy here the product, see star ratings, 

read reviews, watch video, take a look to the pictures and interact with the 360 degrees view and check 

the product specification. 

 
Figure 10 typical product webpage at Philips (2014) 
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Dataset 

This project started with the dataset that was made available for this research which was collected as a 

raw click stream data from visitors at Philips website. This data was collected by an outsourced company 

Adobe. The data was not an export from Adobe SiteCatalyst! It was gathered directly from Adobe as a 

single dump. Adobe SiteCatalyst has some limitations when it comes to exporting data. These limitations 

are related to the level of details about a click. Just to give an example. Timestamps of the clicks are not 

present. This makes it impossible to track the order of the clicks or the session duration. 

Raw click stream data (Adobe single dump) 

This collection was done from May 2011 until May 2013 for four countries. Every record represents a 

click on the website performed by a visitor. Each record has 476 attributes such as, visitor id, click id, 

page name, product category, time stamp ratings of product and many more. This data was very 

detailed, but it was outdated. The point was that the new design of Philips website went live on 20-01-

2014 which was meant to be analyzed by the product owner. New functionalities were added such as 

more videos, images and 360 degrees image views. These kinds of functionalities are imported in this 

research, but they were hardly available in this dataset. So this dataset was not used to identify 

personas, but it was used for some background knowledge such as session durations. 

The actual click stream data (Adobe SiteCatalyst export) 

The new dataset had to be collected starting from period 01-02-2014. This data contains 20 attributes. 

The data was actually stored at Adobe, but it had to be exported and transferred to Philips. The export 

data has some limitations; some of them are due to export limitations from Adobe. The first limitation 

was that the export data did not have timestamps to compute session duration. The only thing that was 

related to time was the availability of a session that was longer or shorter than one minute. Second 

important limitation was that the dataset was serialized. This means that only the first click of every 

functionality type was recorded. Functionality type refers here to video, 360 degree view, buy, search, 

image, order product list, tell friends and so on. So if somebody watched two times any video than the 

data contained only the first video. Every functionality was recorded as a “0” or a “1”. This dataset will 

be referred as binary data. Some of the attributes are shown in Table 2. Table 3 shows a small example 

of such data. 
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Attributes (rational and emotional) Values Description 

view 360 0 or 1 Indicates if a visitor used view 360 functionality for 

a product. 

read review 0 or 1 Visitor has read a review.  

comparisons 0 or 1 Indicates if products were compared with each 

other using the functionality. 

downloads 0 or 1 Indicates if a file was downloaded. E.g. manual. 

image views 0 or 1 Indicates if a visitor clicked on image 

search 0 or 1 Indicates if a search bar was used. 

social likes 0 or 1 Visitor has liked a product via social media. 

tell friend 0 or 1 Visitor has forwarded this product. 

video 0 or 1 Visitor watched a video of a product. 

minutes 0 or 1 Session took at least 1 minute 

page views 0 or 1 Session requested at least 5 pages 

buy others 0 or 1 Visitor requested a list of other website shops to 

buy. 

buy Philips 0 or 1 Visitor bought a product at Philips website. 

retail store 0 or 1 Visitor requested a list of retail stores nearby.  

Table 2 Adobe SiteCatalyst export 2014, attributes and descriptions 

 

Visit / Session  video  view 360 review  image views … 

Visit 1  1 1 0 0 … 

Visit 2  0 0 1 0 … 

Visit 3 0 1 1 0 … 

..........  …  …  …  …  … 

Table 3 a simplified example of the table storing sessions 

Distinction between groups on website 

Philips has organized their products in a hierarchical structure. This hierarchy has five levels; Catalog 

Types, Groups, Categories, Subcategories and Product IDs. An example of a hierarchy would be; a 

product that belongs to “consumer“ Catalog  type, where the  Group is related to “sound and vision“, 

product Category is “televisions“, Subcategory to “8000 series“ and the Product ID is “40pfl8605h/12“. 

It was initially planned to do the persona analysis per product category, but this was not possible, 

because of the ill defined product hierarchy in the tagging implementation. The implementation defines 

some categories that do not exist or they are defined in the wrong level in the hierarchy. 

Product hierarchy is an important distinction to do the analysis, because not all website functionalities 

do have to be necessarily equally present (or available) across all product categories. Another reason is 

that the prices across all product categories differ. For example product category television is a more 

expensive category compared to product category of tooth brushes. This might differ in the usability of 

the functionalities or session durations of the visitors. Two groups were defined in this research; country 

1 and country 2. 
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What would be done if product hierarchy was well defined? Visitors of Philips website would be divided 

into various groups as shown in Figure 11. First distinction was based on country. Second distinction was 

based on product category. Each product category C(i) has a set of products P(j) where P(j) is a particular 

product. An example would be a product category of shavers that has products shavers and razors, see 

picture below. 

 

Figure 11 creating groups with respect to the product hierarchy at Philips, C(i) refers to product category i, P(j) refers to 

product id j. 

  

Philips.com 

country 1 country 2 country 4 country 3 

��1� ����� ��1� ���	� ��1� ���
� ��1� ����� 
��1� ����� ��1� ����� 
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Translation from MBTI to data mining research 

MBTI model has to be translated to an approach that can be used to analyze Philips website. Previous 

chapters were used as an introduction to translate from MBTI to data mining. Figure 12 provides an 

overview of this process. 

 
Figure 12 an overview about the translation from MBTI to data mining research 

Preferences of website functionalities are known for every persona which can be used to design 

websites by changing layout or adding functionalities to a website such that it suits targeted persona. 

This was also done at Philips website. But the aim of this research is the other way around. Assign visitor 

to a persona on a website knowing the functionality preferences of a visitor.  

 

To match sessions to personas, some translation definitions have to be made. The Y-axis of persona 

model will be defined as “duration of a session” and the X-axis of persona model will be defined as 

“ratio between rational and emotional functionalities used during a session”. Based on various 

sources, a list of persona functionality preferences can be made as shown here in Table 4. More 

functionality can be used based on the description of the characteristics of personas. These 

functionalities and the model of the translation will be discussed in the chapter phases.  

  

MBTI Temperament types Personas 
Functionalities 

on website 
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Items Persona Sources 

search bar used COMPETITIVE (NT) 3 

ratings seen HUMANIST (NF) 1 

compare products METHODOLOGIST (SJ) 2,4 

download METHODOLOGIST (SJ) 6 

request info by a communication 

channel 

METHODOLOGIST (SJ) 6 

clicks on product popularity SPONTANEOUS (SP) 

HUMANIST (NF) 

3,6 

clicks on new product list SPONTANEOUS (SP) 

HUMANIST (NF) 

3,6 

product summery COMPETITIVE (NT) 

SPONTANEOUS (SP) 

METHODOLOGIST (SJ) 

1,5 

viewing images SPONTANEOUS (SP) 

HUMANIST (NF) OSBS 2 

NOT(HUMANIST (NF)) OSBS 6 

More likely for COMPETITIVE (NT) OSBS 6 

1,2,6 

watching videos SPONTANEOUS (SP) 

METHODOLOGIST (SJ) OSBS 2 

HUMANIST (NF) OSBS 2 

1,2 

 

forum HUMANIST (NF) 1 

product specifications. Not(SPONTANEOUS (SP)) 

METHODOLOGIST (SJ), 

Not(HUMANIST (NF)) OSBS 6 

Not(COMPETITIVE (NT)) 

1,2,3,4,5,6 

reviews reading HUMANIST (NF) 

METHODOLOGIST (SJ) 

1,2,3,6 

forwards to friends social like HUMANIST (NF) 2 

Table 4 a list of persona functionality preferences. OSBS stands for “only supported by source”. NOT(X) means that the 

variable is not used by persona X. 

Source 1: (Karaman, 2014) 

Source 2: (Optimizing Product Reviews for Different Buyer Personalities, 2008) 

Source 3: (Ebbekink) 

Source 4: (Je website ontwerpen en verbeteren met MBTI, 2012) 

Source 5: (Eisenberg, 2008) 

Source6: (Karaman, 2014) 

 

Table 5 provides partially the same information with a different view. This table also provides a higher 

level of persona identification. Meaning that competitive and methodologist are defined as a tendency 

to be a rational persona and spontaneous and humanist as a tendency to be an emotional persona. 

Ratings are not measured separately, but they are always seen if compare products, clicks on product 

popularity list, clicks on new product list, write reviews and read reviews functionality are used. 

Functionalities marked in red, are not in the dataset, so they were not used.   
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Table 5 a list of persona functionality preferences and their tendency 

  

Functionalities Competitive(NT) Spontaneous(SP) Methodologist(SJ) Humanist(NF) Rational Emotional 

search bar used X    X  

ratings seen    X  X 

compare products   X  X  

clicks on product 

popularity list 

 X  X  X 

clicks on new 

product list 

 X  X  X 

product summery X X X  X  

viewing images X X  X X X 

360view  X  X  X 

watching videos  X X X  X 

forum    X  X 

product 

specifications 

  X   X 

request info   X  X  

download   X  X  

write reviews    X  X 

read  reviews   X X X X 

Search filters  X X   X  

       

Experience X X  X  X 

product support X  X  X  

forwards to 

friends 

   X  X 

Social like    X  X 
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The Phases 

This analysis has to be divided in multiple phases such that the questions from the product owner can be 

answered correctly. The analysis was divided into two phases; identify personas and answer questions 

related to the current interests. 

Phase 1 Identify personas 

Another break down has to be made to map sessions to personas. The Persona model has to be divided 

into sub goals. One sub goal was to identify the dimension about the tendency to rational or emotional 

behaviour of a visitor during a session. And the other one was to identify the session duration. This 

decomposition is shown in Figure 13. 

 
Figure 13 dimensions to identify personas 

Dimensions of buying modality 

Dimension of rational or emotional 

Each session in the data was represented as a binary vector representing the functionalities that were 

used. All these sessions were clustered or classified based on the chosen ML, more about this later. The 

results from ML are sets of session were every set contains sessions that are similar to each other. But 

these sets are not yet mapped on the rational or emotional dimension. Equation 1 was used to map 

these sessions. This RE value computes the ratio between rational and emotional functionalities used by 

a visitor which was also normalized by the number of rational and emotional functionalities available in 

the dataset. This was done to prevent some domination of presented functionalities that belongs to 

rational or emotional type. For example a session used 10 out of 20 rational and 5 out of 6 emotional 

functionalities. 

Dimension 2 

Dimension 1 

Rational Emotional 

Fast 

Slow 
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An example would be; -(10/20)+(5/6) =0.33, so this visitor has a tendency to be emotional. Range of � �����  is [ -1 , 1 ] where <0 is a tendency to rational behaviour and >0 is a tendency to emotional 

behaviour. 

� ����� �  �#������� ����.  ��������� ������� ����.  #�!������� ����.  ��������� �!������� ����.  

Equation 1 RE value of a session 

 

Dimension of session duration 

Actual session duration is required to use this dimension. This is something that we did not have. The 

session duration in this project is only defined as longer as or shorter as one minute. Similar for number 

of pages which was defined as more or less as five pages viewed.  
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Algorithms and qualities 

This section describes three methods of splitting the data into different types of personas. Therefore, 

the ML algorithms, quality indices and the methods are described. Once every approach has created its 

clusters / groups, the following computations can be made. For every cluster the average value 

of � �����  and the average session duration (speed) is taken from its cluster members.  This will be 

plot into a two dimensional graph. An additional plot will be made where a cluster is split into a fast and 

a slow group. 

 

Hierarchical clustering and distance functions 

The Hierarchical clustering is an unsupervised learning algorithm which makes use of distance functions. 

The data that is used has the property of binary and not scaled values. This makes distance 

measurements such as Euclidean distance not useful, but there are distance measurements that can 

handle binary data. In this research it was limited to Jaccard, Bray Curtis, Kulezynski, Sokal Sneath, 

Sorensen distances. These distances are defined from Equation 2 to Equation 6 were x and y represents 

the sets of available attributes and NOT(x) means elements not present in x that are in y. 

"����#���, �� � 1 � |� & �| |� ' �|  
Equation 2 Jaccard distance  

(#�� ��#�����, �� �  1 � ∑ |�� � ��|*�+,     ∑ ��  ��*�+,      
Equation 3 Bray Curtis distance (Desgraupes, 2013) 

-���.���/���, �� � 1 � 12 1 2 |� & �| |� & �|   |� & 345���|  |� & �| |� & �|   |345��� & �| 6 

Equation 4 Kulezynski distance (Desgraupes, 2013) 

7�/�� 7����8��, �� � 1 � |� & �| |� & �|   2 1 �|� & 345���|  |345��� & �|� 
Equation 5 Sokal Sneath distance (Desgraupes, 2013) 

7�#�������, �� � 1 � 2 1 |� & �| |�|   |�|  

Equation 6 Sorensen distance (Desgraupes, 2013) 
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A distance table can be made between all pairs using a distance measurement. The Hierarchical 

clustering uses a merging method called linkage to group pairs based on their distances. Once a merge 

of some pairs is done a new group is created. A group can be merged with a next element or a group. 

This merge can be done in multiple ways; single, average and complete linkage. Single linkage method 

merges two groups if two elements within these two different groups are the closest compared to other 

elements within their groups. Average does the similar execution, but now using de average distance 

within groups compared to others and complete linkage merges to groups if two elements within 

different groups have the largest distance, but closer compared to other groups. 

 

Clusters are created after this process. Some quality measurements are used to identify the quality of 

such clusters. Three indices were used to examine the quality which can handle binary data. First of all, a 

general knowledge will be provided and then every index will be explained. 

 

Element � is donated by ��  (in this research an element is a session). ���� , �	� is a distance function between �� ��� �	   where d is a distance function defined by the user. 

 

There are 39 number of pairs available in the dataset where 3 refers to the number of elements in the 

dataset.  39 �  12 1 �3: � 3� 
 

Every cluster � has 39;  number of pairs within cluster �. Each cluster � has 3;  elements. And / is the 

total number of clusters. 

 39;  �  12 1 <3;: �3;= 39� �  >39;

;+,  
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The Dunn index 

 

 ?��� ����� �  min,C�,	C
 & �E	 ����, �	�max,C;C
��;� 
 

Note: max,C;C
��;� tells us something about the internal cluster scatter. In other words, it results in the sum 

of the distances of all pairs within cluster.    ����, �	�  tells us something about the distances between two clusters. In this project the two closest 

elements from two different clusters are used.  

 

(Malika Charrad, 2010) (Desgraupes, 2013) 

 

The Silhouette index 

Overall average is defined as. 
 

7��������� ����� �  1->�;H
;+,  

 

For every cluster take the average of ��. 
�; � 13;>��IJ

�+,  

 �� is defined as �� �  K� � ��max�K�, ��� 
Take the minimum distance of ��  w.r.t. other elements from all different clusters. 

K� � min;E;L M���  , �;L�  
M���  , �;L� �  13;L>���� , �	�IJN

	+,  

Take the sum of distances of ��  w.r.t. other elements from the same cluster. 

�� � 13; � 1 > ���� , �	�IJ
	+, & �E	  

(Desgraupes, 2013) 
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The C index 

  � ����� �  7� � 7!��7!�� � 7!�� 

 7!�� �  ��! �O 39� ��!K�# �� �!������ ��������� �#�! ��� �39� O��#� 9��8�� �8� ������� 
 7!�� �  ��! �O 39� ��!K�# �� ��#P��� ��������� �#�! ��� �39� O��#� 9��8�� �8� ������� 
 

7� �  >>�������� �� O��# O 98���� ������# �IQJ
R+,

H
;+,  

 

(Desgraupes, 2013)  
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Decision tree 

Decision tree is a supervised learning algorithm which divides data into groups by splitting them based 

on attributes. Every split is based on one attribute which results into new groups. These groups can be 

split again into new groups based on another attribute. But every data point measured (in this case a 

session) needs to have a label. Here, the labels are Emotional, Rational and Neutral. These labels are 

assigned using the � �����. This algorithm can handle data that is scaled as binary. Decision tree tries 

to find a split pattern between the attributes and the labels such, that every split results into purer 

groups (i.e. every group will represent a particular label). Two quality measurements are used to find an 

appropriate splitting rule. Gain ratio and Gini index can be found in Equation 7 and Equation 8. Gain 

ratio equation makes use of entropy expressed in Equation 9.  

For every cluster the average � ����� and the average speed is taken from its cluster members.  This 

will be plotted into a two dimensional graph. 

 

S������ �  1 �>O���������|��:*
�+,  

Equation 7 Gini index (Where value a is the number of classes.) (Pang-Ning Tan, 2005) 

 

Gain ratio��� �  ���#�O���� � ∑ O�������������#�O�����*�+,�∑ O������������P:O����������*�+,  

Equation 8 Gain ratio (Where value a is the number of classes.) (Pang-Ning Tan, 2005) 

���#�O���� �  �>O���������|����P:O���������|��*
�+,  

Equation 9 Entropy (Where value a is the number of classes.) (Pang-Ning Tan, 2005) 
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Basic (K-means) 

For every session the � ����� and speed will be computed to plot them on the MBTI plot. Such a plot 

will have many points were every point represents a session. This plot can be simplified by Machine 

learning algorithm K-means. This will merge points to a group such, that it represents a persona. In 

Equation 10  the Euclidean distance was used for this merge, where � is the number of dimensions of a 

variable. �� is the cluster � and � is a session that was added to a the same cluster �. The objective is to 

distribute all sessions over K number of clusters such, that the Error is minimal according to Equation 11. 

BIC value was used to find the right number of K, but the optimal number of K did not provide a useful 

distinction across groups. K was set to 4. Once this was done, the cluster centers will be plotted into a 

two dimensional graph. 

 

���, �� � X><�	 � �	=:*
	+,  

Equation 10 Euclidean distance 

 

�##�# � >> ���� , ��YZ;[
H

+,  

Equation 11 Mean square error 

 

 

 

  



 

Phase 2 Answer questions related to current interests

Knowing the personas on the website, the 

Philips website do we get per persona?”. 

The next question “What is the share in buy button clicks for each persona?

question “What is the division detractors / promoters p

are no measurements available in the dataset related to detractors and promoters. Philips website has 

an online survey which captures this type of question

known that only 2% of the visitors answer

promoters”. This is a customer’s 11 point 

customer rates a product with a 9 or a 10, then this customer is called a promoter. Customers who rate 

0 till 6 are known as detractor. And the

dataset with click stream data did not contained the reference to 

traced back to which session it belongs. For this reason this analysis will be skipped. 

Figure 14 detractors and promoters (Bajic, 2012)

Matrix lab survey captures also the buying phase of a visitor. This additional data helps to 

amount of pre-purchase, purchase and post

The next one, ”How quickly does each persona click on the buy button?

defined as two measurements, namely the time that 

buy button. The second is the amount of pages visited during the

button. As mention in the earlier section, the data does not capture detailed click streams. The session 

duration is only defined with two values, same for number of pages viewed

 

Answer questions related to current interests 

Knowing the personas on the website, the following questions can be answered. ”How many visits to 

website do we get per persona?”.  

What is the share in buy button clicks for each persona?” is obvious, but the last 

question “What is the division detractors / promoters per persona?” cannot be answered

are no measurements available in the dataset related to detractors and promoters. Philips website has 

an online survey which captures this type of questions. This survey will refer to Matrix lab survey

answer this survey. Lets explain the term ”division detractors / 

11 point Likert scale about a product as shown in Figure 

customer rates a product with a 9 or a 10, then this customer is called a promoter. Customers who rate 

known as detractor. And the others are neutral. Although the survey was collected, the 

dataset with click stream data did not contained the reference to this survey. So, the survey could not be 

traced back to which session it belongs. For this reason this analysis will be skipped.  

 
(Bajic, 2012) 

survey captures also the buying phase of a visitor. This additional data helps to 

purchase, purchase and post-purchase customers in which persona is present.

How quickly does each persona click on the buy button?”. The term “quickly” was 

defined as two measurements, namely the time that elapsed between session start and the click on the 

buy button. The second is the amount of pages visited during the session start and the click on the buy 

As mention in the earlier section, the data does not capture detailed click streams. The session 

with two values, same for number of pages viewed. 

37 

”How many visits to 

” is obvious, but the last 

answered directly. There 

are no measurements available in the dataset related to detractors and promoters. Philips website has 

Matrix lab survey. It is 

division detractors / 

Figure 14. If a 

customer rates a product with a 9 or a 10, then this customer is called a promoter. Customers who rate 

Although the survey was collected, the 

survey could not be 

survey captures also the buying phase of a visitor. This additional data helps to identify the 

ich persona is present. 

”. The term “quickly” was 

between session start and the click on the 

session start and the click on the buy 

As mention in the earlier section, the data does not capture detailed click streams. The session 
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Assumptions 

The four persona types were defined as it was explained in section Translation from MBTI to data mining 

research. Click stream data is collected from a visitor using cookies. Personas are defined with respect to 

sessions (visits). 

List of assumptions 

• Videos from Product Detail Page (PDP) are not measured. 

• Discount of products are not taken into account. 

• Ratings of a product are always seen during a visit. 

• Duration of a visit is based on start of the session until the last click was done. In other words, 

the duration after the last click was not measured. 

• All actions on the website are recorded during the period of data collection as used in this 

project. Tagging system was always able to record and the website was always online. Where 

period refers to 1
st

 of February 2014 to 11
th

 April 2014. 

• Review is tagged when a review was read or written by a visitor (no distinction made). 

• No very long sessions are a available in the dataset (i.e. >60 minutes) 

• All functionalities are equally important in the calculation of the � �����. 

• It is assumed that an online buy at Philips was made if the ”buy from Philips” button was clicked. 

• It is assumed that an online buy at another online store was made if the corresponding button 

was clicked 

• It is assumed that a buy at a local store was done by clicking on the “Find a local store”. 
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Goals of a session 
A session does not necessarily end with a visitor’s goal on the website. The actual goal can be reached in 

the middle of the session or a session ends in a situation where a goal was not reached. A visitor could 

click around and use different functionalities that have a role in the discovery process of a product. For 

example, watching videos, viewing images, and at the end reading a review. This does not mean that 

reading a review was a goal, but a part of the visit. A list of possible measurable goals is; buy product, 

product discovery ( using reviews, images, 360 views, video or compare products) or using services for 

products like download manuals or drivers, like a product (social like) or using a button to tell a friend 

about a product. 

Tools and models 

Database  

The data used in this project was stored in Postgresql database. All the data as mention in section 

Dataset were stored here. The most important attitudes had an index to speed up the selection process.  

  



40 

 

Knime 

The analysis was mainly done in Knime (KNIME.com AG). This is an analytical tool that integrates various 

components of machine learning and data mining through its data pipelining concept. Pipeline is created 

by using nodes (Upcoming Events, 2014). There are several types of nodes with its own functionality for 

data manipulation, filtering and using algorithms. The entire analysis was split into several parts using 

the dataset from Adobe SiteCatalyst export 2014. 

Two data flows where constructed to gather some statistical information about the data. “Database 

Connector” retrieves the data directly from the Postgresql database into Knime using queries. Some 

modifications were made on the data to display the amount of sessions, users and occurrences of 

functionalities used per day. Data flows are shown in Figure 15 and Figure 16. Results are shown in 

chapter Results section General statistics. 

 
Figure 15 dataflow for the amount of sessions and users per day 

 
Figure 16 dataflow for the occurrence of every functionality per day 

The following dataflow describes the manipulation of the data for one country.  The next dataflow is the 

first part of the analysis which prepares the data to analyze using algorithms, see Figure 17. Again the 

data was retrieved from database. Some checks and transformations were made during the processing 

and stored to the hard drive.  
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Figure 17 data flow to prepare data for the analysis 

The second part shows the actual analysis in Figure 18. The prepared data was loaded from the local 

hard drive. Java code was used to combine “tell to friends” and “social like” using the statement if both 

are zero then return zero otherwise one. This was used as one variable “social contacts”, because those 

actions were seen as the same behavioural intention. The data was split into two sets. One set consists 

of sessions were the persona cannot be identified (zero functionalities were used) and the second one is 

where sessions did use some functionality on the website. The node “Unknown persona” prepares data 

for the visualization tool. The visualization tool will be described in section Visualization tool. The node 

“group sessions by 1min and 5page” is used to transform attribute that contains session duration in such 

a way that it fits the needs of the visualization tool. “Row Filter” passes only sessions which have at least 

one functionality that is used on the website. Before starting the three methods to create clusters, a 

selection on the data was performed. The selected data was based on top 25 patterns occurring in the 

dataset. After modifications, the dataset contains 8 attributes with two possible binary attributes (this 

means 2\ � 256 possible patterns). See chapter section General statistics for more detailed overview 

about patterns. 
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Node “Classify based on predefined classes” handles the method K-means and “Preparation and cluster” 

integrates Decision tree and Hierarchical clustering. These Machine Learning Algorithms where 

described in the previous chapter. Three nodes are related to “Data for Visualization tool”. They are 

basically the same. Their functionality is to prepare the data in such a way that it can be used with the 

visualization tool.  

 
Figure 18 dataflow of the actual analysis 
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Program for Hierarchical clustering 

Knime supports Hierarchical clustering, but the defined distance metrics are only appropriate for scaled 

data. This research was based on binary data. The Hierarchical clustering tool used in this project was 

programmed in Java programming language. The tool consists of 25 components (java classes). The gui 

can be found in Figure 19 where a user can set all the needed settings. The settings include a range of 

predefined amount of clusters that can be used, distance metric, linkage type, input of the dataset, the 

three quality indices which were introduced in the previous chapter and benchmark (run all possible 

combination).  

The high level implementation is as follows (see source code for details). The implementation of 

Hierarchical clustering was developed using the Weka library. This library supports the Hierarchical 

clustering algorithm and provides distance metrics that are only appropriate for scaled data. So new 

distance metrics had to be implemented as defined in the previous chapter. These five new distance 

metrics components extended the “distance” class that was implemented in this project. “Distance” 

class captures the “getDistance” method and the name of distance the metric. These five extended 

distance components were used for the quality indices and 5 five new distance functions that 

implement “distancefunction“ in the Weka using the extended distance components. This is a method 

to implement your own distance functions using Weka. The linkage types were already supported. 

Quality indices were implemented as defined in the previous chapter. Figure 20 provides an overview of 

the implementation. Components that make use of the library are shown with green arrows. A 

component that extends another component is shown in red arrows. A component that implements 

another component is shown in blue arrows. ”Clusters” is a component that stores the information 

about the clusters and the instances (in this case session) that corresponds to this cluster.”Common 

classes” contains functionalities that are used in other components. Component “Results” stores all the 

settings and the results from the executed Hierarchical clustering. C-index is an algorithm that has to 

store a lot of distances between pairs. This storage consumes a lot of memory which did not fit into the 

main memory of the PC. To reduce this memory consumption, a “Frequency distance matrix” 

component was developed which counts how often a certain distance did occur. The actual pairs with it 

distances were not stored anymore. 

 

Figure 19 gui of Hierarchical clustering  
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Figure 20 overview of the Hierarchical clustering implementation 
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Visualization tool 

Every persona that will be identified in this project has 15 properties (e.g. session duration (speed), 

number of buys and so on). These properties are listed in Table 6. All the data has to be visualized in an 

appropriate way such that it provides an easy interpretable overview. The visualization tool developed 

in this project was programmed in Java programming language. The tool consists of one main window 

and the other four sub windows are for statistical background. The data is loaded using a csv comma 

separated file that is an output from Knime. 

The main window plots the personas on the screen in a way that resembles Figure 6. The plot has four 

quadrants with its own colors and labels of persona names. Each group (visualized by a circle) represents 

a persona. The center of a group represents the actual position in the plot. Every group has multiple 

sessions that are averaged to the position of a group. The group has also a 95% confidence interval on 

the position. This interval is visualized by yellow whiskers through the center of every group for the x- 

and the y-axis. Figure 21 shows a screen shot of the main window and Figure 22 shows the entire tool. 

There are many points visualized within circles. These are representing sessions within a group.  The 

density and the size of the circles are used to represent the strength of a certain type of persona on the 

website. The points are not the actual sessions from the data. The points are random generated to 

visualize the intensity of a persona. There is a second circle colored red where the size represents the 

amount of buys done within a group or the buy share. These two options can be chosen with the first 

drop down box at the menu on the right hand side. The other three options below the buy option are 

used to turn on or off some visualization. Option “Persona Scale” is used to enlarge the circles, because 

in this project they are usually very small. In this screenshot the circle size was already made 21 times 

larger. The label “total sessions” displays the total number of sessions in the dataset and “total buys” 

displays the total number of buys in the dataset. The box right at the bottom shows the actual values of 

the raw data that is used to visualize. The spinner next to the label “Group” is used to select the group 

to display the raw data. 

The sub windows are showing the buy distribution (total, buys at Philips, buys at others and buys at 

store), number of session distributed, buying phases and NPS values over all personas. It is also possible 

to include a group were a persona cannot be identified. All these sub windows can be displayed in two 

ways. Using absolute values or percentage compared to each other using the option in “Bar plots 

options”. 

The implementation will be described at a high level to provide an overview, see Figure 23. The actual 

implementation details will be skipped in this document, see source code for these details. The program 

consists of nine components (java classes). Component (main) “window” has a list of clusters (persona 

groups). A “cluster” is an object that stores all the data related to that particular cluster. The data stored 

in object “cluster” is set via (main) “window” using component “Read data”. (Main) “window” has a 

“repaint manager” that manages all the updates in all windows. The four different ”sub windows” 

(which draws the bars) are represented as separate components. “Repaint manager” is triggered by 

changing the options in the (main) “window”. The (main) “window” has also a panel that is updated by 

the “repaint manager”. 
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Variable name Description 

Emotional dimension mean Used the define position on x-axes 

Emotional dimension standard deviation Used the define 95% confidence interval on x-axes 

Session duration dimension mean Used the define position on y-axes 

Session duration dimension standard deviation Used the define 95% confidence interval on y-axes 

Sessions within group Number of sessions that belongs to this group. 

(shown as size of the circle with respect to each 

other) 

Number of buys Number of buys done in this group 

Amount of sessions with buy Number of session that did a buy 

Number of buys at Philips Number of buys done at Philips in this group 

Number of buys at others Number of buys done at others in this group 

Number of buys at store Number of buys done via store in this group 

Number of promoters Amount of promoters in this group 

Number of detractors Amount of detractors in this group 

Buying phase pre-purchase Number of sessions in pre-purchase phase 

Buying phase purchase Number of sessions in purchase phase 

Buying phase post-purchase Number of sessions in post-purchase phase 

Table 6 description of the properties used by the visualization tool 

  



 

Figure 21 gui of the main window of the visualization tool

Figure 22 gui of the entire visualization tool

visualization tool 

of the entire visualization tool 
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Figure 23 overview of the visualization tool implementation 
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Results 
Measurements from the dataset and results of the models are described here. General statistics provide 

an overview of the dataset and the results of the three methods.  

General statistics 

Figure 24 and Figure 25 show the number of sessions and users for country 1 and for country 2 from 1
st

 

of February 2014 to 15
th

 April 2014. Both countries show some anomaly after 11
th

 April 2014 which was 

on a Saturday. Figure 26 to Figure 29 shows the occurrence of every functionality per day. Also here the 

anomaly is visible. Another remarkable occurrence is the 360 degree view in country 2, see Figure 27 this 

was measured sins 21
st

 of March. The country 2 website went live one week later than the one in 

country 1 (20-01-2014). The data was used to analyze till 11
th

 April 2014 for both countries.  The start 

date for country 1 was 1
st

 of February and for country 2 the 21
st

 of March.  

Bazaarvoice (known as read or write review), keywordsearch (known as search) and downloads are 

more present in the dataset compared to other functionalities. Figure 30 and Figure 31 and Table 7 and 

Table 8 provide the occurrences of the number of functionalities used during one session. Most of the 

sessions contain zero functionality used during a session for country 1 as for country 2  and on the 

second place, only one function was used. Table 9 shows some numbers about the dataset. These are 

for example the actual number of sessions available. Also bounce rates are mentioned, but these are 

potential bounce and not necessary. 

 

Table 10 provides same information, about the top 25 patterns occurring in the dataset. As mentioned 

in the previous chapter. The dataset contains 8 attributed with two possible values, so 2\ � 256 

possible patterns. Almost the entire dataset is covered by 25 of these patterns. Figure 32 shows this 

cumulative distribution of the patterns for country 1 and Figure 33 for country 2. 

 

Table 11 shows the distribution of buys across identifiable and not identifiable persona for country 1 and 

country 2.  
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Figure 24 occurrence of users and sessions, country 1 

 
Figure 25 occurrence of users and sessions, country 2   
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Figure 26 occurrence of functions used, country 1 

 
Figure 27 occurrence of functions used, country 2 
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Figure 28 occurrence of functions used, country 1 

 
Figure 29 occurrence of functions used, country 2 
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Figure 30 occurrence of functions used in country 1 and amount of functions used during one session 

Functionality Occurrence  Number of actions during one session Occurrence Occurrence % 

view360 15923  0 1545538 73.54 

bazaarvoice 231706  1 426383 20.29 

comparisons 31499  2 110928 5.28 

downloads 114288  3 16464 0.78 

imageviews 80547  4 2012 0.10 

keywordsearch 221568  5 197 0.01 

sociallikes 119     

tellfriend 1041     

video 10075     

Table 7 frequency list of occurrence and actions during sessions in country 1  
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Figure 31 occurrence of functions used in country 2  and amount of functions used during one session 

Functionality Occurrence  Number of actions during one session Occurrence Occurrence % 

view360 14306  0 1907367 53.31 

bazaarvoice 687669  1 1141570 31.90 

comparisons 135992  2 446892 12.49 

downloads 468372  3 71870 2.01 

imageviews 227128  4 9613 0.27 

keywordsearch 716126  5 834 0.02 

sociallikes 191  6 52 0.00 

tellfriend 2192     

video 41922     

Table 8 frequency list of occurrence and actions during sessions in country 2 
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 country 1 country 2 

Period 01-02-‘14 – 11-04-2014 01-02-‘14 – 11-04-‘14 21-03-‘14 – 11-04-‘14 

Number of sessions 2,183,920 3,696,256 1,180,023 

Number of visitors 2,029,606 3,365,110 - 

no bounce 2,047,445 3,107,516 1,097,471 

bounce 54,094 470,682 82,552 

bounce rate 2.57% 13.15% 7.00% 

Number of sessions 

with a duration of at 

least one Minutes 

974,119 2,607,750 769,357 

Number of sessions 

with a page view of at 

least 5 pages 

465,187 1,515,567 452,513 

Table 9 statistics from dataset 

 country 1 country 2 

Total sessions 2,047,445 100% 1,097,471 100% 

Total sessions with identifiable 

persona 

556,001 27.2% 510,204 46.4% 

Selecting sessions that occur in 

the top 25 patterns 

547,061 26.7% 497,910 46.4% 

Number of sessions with a 

duration of at least one 

Minutes (from sessions that are 

contained in the top 25 

patterns) 

441,920 

 

80.8% 

(from 26.7% 

sessions 

selected) 

429,850 

 

86.3% 

(from 46.4% 

sessions 

selected) 

Number of sessions with a page 

view of at least 5 pages (from 

sessions that are contained in 

the top 25 patterns) 

267,891 

 

48.0% 

(from 26.7% 

sessions 

selected) 

295,699 

 

59.4% 

(from 46.4% 

sessions 

selected) 

Table 10 statistics from dataset using top 25 patterns 

 

Country Buy share for 

identifiable persona  

(top 25 patters only) 

Buy share for 

identifiable 

persona 

Buy share for not 

identifiable persona 

Total buy share 

country 1 38% 39% 61% 100% 

country 2 58% 61% 39% 100% 

Table 11 buy distribution for country 1 and country 2 
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Figure 32 cumulative distribution of patterns for country 1, x-axis: number of patters, y-axis: number of sessions 

 

 
Figure 33 cumulative distribution of patterns for country 2, x-axis: number of patters, y-axis: number of sessions 
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Basic method (K-means) 

K-means was used in two different ways. In the first way, only the � ����� was used as a predictor. In 

the second way ������� ��#����� ��O���� was added. For both ways, the number of clusters was set 

based on BIC-value which is a quality index to find the right number of the amount of clusters. This value 

suggested to use two clusters. But the analysis was set to 4 to have more separation. Both approaches 

are plotted as groups in Figure 34 (� ����� as k-means input and then the average group speed was 

taken) and Figure 35 (� ����� and �O��� as k-means input) for country 1 and Figure 36 and Figure 37 

for country 2. 

Figure 34 MBTI K-means, k=4  using RE value, country 1 Figure 35 MBTI K-means, k=4  using RE value and speed, 

country 1 

 

The actual plot values and the number of buys within a group can be found in Table 13 and Table 15. 

Table 12 and Table 14 show the content of the groups for Figure 34 and Figure 35 respectively. For 

example Table 12, Cluster 0 has 82094 sessions, 16% of these sessions used a 360 degree view (other clusters 

have none), 26% review, 0% search, 33% of the sessions used at least 5 pages and most of the sessions have used 

image view with 82%. 28% of all the sessions had a duration less than a minute (see column speed). Cluster 1 is 

mainly based on downloads and searches. This group used in general at least 5 pages. Cluster 2 used mainly 

reviews and Cluster 3 used mainly search. Table 13 shows that Cluster 2 and 3 have both 40% buy share 

with respect to these four groups. Speed represents a percentage on how many sessions took less than 

a minute. Cluster 0 is primarily based on reviews, Cluster 1 on downloads and searches, Cluster 2 on 

reviews and some image views and Cluster 3 on searches. 
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Cluster sessions 360 review compare download image search socialcontacts Video ≥5pages 

0 82094 0.16 0.26 0 0 0.82 0 0.01 0.08 0.33 

1 46146 0 0.14 0.05 0.95 0 1.00 0 0 0.78 

2 165550 0 0.97 0.01 0.02 0.06 0.03 0 0 0.38 

3 253271 0 0.16 0.09 0.25 0 0.66 0 0 0.56 

Table 12 clusters content K-means, k=4, using RE value, country 1 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

0 0.20 0.05 0.28 0.45 0.14 

1 -0.51 0.02 0.06 0.23 0.06 

2 -0.05 0.01 0.24 0.42 0.40 

3 -0.26 0.02 0.16 0.36 0.40 

Table 13 clusters coordinates and buy, K-means, k=4, using RE value, country 1 

 

Cluster sessions 360 review compare download image search socialcontacts Video ≥5pages 

0 105141 0.03 0.40 0.02 0.17 0.19 0.25 0 0.01 0.05 

1 43444 0 0.14 0.05 0.95 0 1.00 0 0 0.82 

2 185239 0.05 0.76 0.01 0.02 0.31 0.02 0 0.03 0.47 

3 213237 0 0.18 0.10 0.23 0 0.67 0 0 0.65 

Table 14 clusters content K-means, k=4, using RE value and speed, country 1 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

0 -0.08 0.19 1 0 0.03 

1 -0.51 0.02 0 0 0.06 

2 0.03 0.12 0 0 0.52 

3 -0.26 0.02 0 0 0.39 

Table 15 clusters coordinates and buy K-means, k=4, using RE value and speed, country 1 
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The same was done for country 2 in Figure 36 and Figure 37 and Table 16 to Table 20. In Figure 36, 

sessions in Cluster 0 have always a review used and in many cases, also an image view. Cluster 1 has 

review and search, Cluster 2 image view and Cluster 3 has always a search and download. 77% of the 

buy share is in Cluster 1. In Figure 37, the review is spread across 3 clusters, but the differences are in 

the combinations. These are with search, download or image view. The last cluster has always a search. 

 
Figure 36 MBTI K-means, k=4  using RE value, country 2 

 
Figure 37 K-means, k=4  using RE value and speed, country 2 

 

Cluster sessions 360 review compare download image search socialcontacts Video ≥5pages 

0 21511 0.07 1.00 0 0 0.87 0 0 0.06 0.63 

1 352988 0 0.47 0.09 0.18 0.04 0.40 0 0 0.59 

2 51639 0.18 0.04 0 0 0.78 0 0 0.14 0.41 

3 71772 0 0.13 0.05 0.95 0 1.00 0 0 0.75 

Table 16 clusters content K-means, k=4, using RE value, country 2 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

0 0.15 0 0.03 0.18 0.07 

1 -0.18 0.10 0.14 0.35 0.77 

2 0.22 0.06 0.22 0.42 0.07 

3 -0.51 0.02 0.08 0.28 0.10 

Table 17 clusters coordinates and buy, K-means, k=4, using RE value, country 2 
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Cluster sessions 360 review compare download image search socialcontacts Video ≥5pages 

0 68060 0.03 0.30 0.02 0.25 0.15 0.36 0 0.02 0.04 

1 303162 0 0.48 0.10 0.17 0.04 0.41 0 0 0.68 

2 60924 0.15 0.38 0 0 0.81 0 0 0.12 0.57 

3 65764 0 0.15 0.05 0.95 0 1.00 0 0 0.82 

Table 18 19 clusters content K-means, k=4, using RE value, country 2 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

0 -0.14 0.20 1 0 0.04 

1 -0.19 0.10 0 0 0.73 

2 0.20 0.06 0 0 0.13 

3 -0.51 0.02 0 0 0.10 

Table 20 clusters coordinates and buy K-means, k=4, using RE value and speed, country 2 
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Decision tree 

All functionalities were used to find a way to separate the data into a tendency of rational or emotional 

behaviour. Gain ratio and Gini index were used to identify valuable splitting rules to create clusters. 

Figure 38 shows the decision tree for country 1 and Figure 39 for country 2. Image view was used as the 

first split. The second split differs per country. Country 1’s next split is keywordsearch and 360 degrees 

view and country 2 has keywordsearch and video. Definitions of the groups are based on the Decision 

tree and they are provided in Table 21 for country 1 and in Table 22 for country 2. These groups are 

plotted in Figure 40 for country 1 and Figure 42 for country 2. With these four groups, 1% of the sessions 

are separated wrongly. 

 
Figure 38 Decision tree for country 1 

 

Groups for country 1  Definition 

Group 0 Imageviews and not keywordsearch 

Group 1 Imageviews and keywordsearch 

Group 2 Not imageviews and view360 

Group 3 Not imageviews and not view360 

Table 21 created groups based on Decision tree for country 1 
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Figure 39 Decision tree for country 2 

 

Groups for country 2  Definition 

Group 0 Imageviews and keywordsearch 

Group 1 Imageviews and not keywordsearch 

Group 2 Not Imageviews and video 

Group 3 Not Imageviews and not video 

Table 22 created groups based on Decision tree for country 2 
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Figure 40 MBTI Decision tree, country 1 

 
Figure 41 MBTI Decision tree(split groups by duration), 

country 1 

 

As mentioned before, the groups are defined based on functions. This is shown in Table 23. For example 

Cluster “image and search” has 100% image and search is present in all sessions, but it has also 52% of 

sessions that contains a review. Another remark is that Cluster “not image and not 360” has sessions 

where 46% search and 44% review occurred. Table 24 provides the buys and the coordinates. 

Cluster Social 360 image video compare download search review sessions ≥5pages 

image 

not(search) 

0 0.08 1.00 0 0.03 0.05 0 0.30 72601 0.34 

image 

search 

0 0 1.00 0 0 0 1.00 0.52 4379 0.83 

not(image) 

not(360) 

0 0 0 0.01 0.06 0.23 0.46 0.44 462613 0.51 

not(image) 

360 

0 1.00 0 0 0 0 0 0.26 7468 0.27 

Table 23 clusters content Decision tree, country 1 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

image not(search) 0.18 0.09 0.27 0.45 0.13 

image search -0.08 0.02 0.03 0.18 0.02 

not(image) not(360) -0.21 0.15 0.18 0.38 0.83 

not(image) 360 0.19 0.02 0.32 0.47 0.02 

Table 24 clusters coordinates and buy, Decision tree, country 1 
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To apply the second approach as done in K-means, the Decision tree clusters will be split by speed. This 

results in 8 clusters. The content and coordinates are shown in Table 25 and Table 26. These tables 

suggest that reviews are in general more often used in sessions where the speed was slow (speed=1). 

Cluster sessions social 360 image video compare download search review ≥5pages 

Image 

not(search) 

52794  0.09 1  0.04 0.06  0.39 0.46 

Image 

search 

4234   1    1 0.53 0.85 

not(image) 

not(360) 

379824 0.02   0.02 0.06 0.23 0.49 0.42 0.61 

not(image) 

360 

5068  1      0.34 0.39 

Image 

not(search) 

19807  0.05 1   0.01  0.07 0.04 

Image 

search 

145   1    1 0.10 0.50 

not(image) 

not(v360) 

82789    0.02 0.03 0.21 0.31 0.48 0.04 

not(image) 

360 

2400  1      0.08 0.03 

Table 25 clusters content Decision tree (split groups by duration), country 1 (zero’s omitted for readability) 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

image not(search) 0.17 0.10 0 0 0.12 

image search -0.08 0.02 0 0 0.02 

not(image) not(360) -0.22 0.15 0 0 0.81 

not(image) 360 0.18 0.02 0 0 0.02 

image not(search) 0.20 0.05 1 0 0.01 

image search -0.05 0.01 1 0 0 

not(image) not(360) -0.16 0.13 1 0 0.02 

not(image) 360 0.20 0.01 1 0 0 

Table 26 clusters coordinates and buy, Decision tree (split groups by duration), country 1 
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Figure 42 MBTI Decision tree country 2 

 
Figure 43 MBTI Decision tree(split groups by duration) 

country 2 

 

The content and coordinates from Figure 42 are shown in Table 27 and Table 28. The content and its 

distribution of the clusters are very similar to country 1’s case. Figure 43 as shown in Table 29 and Table 

30 shows groups after splitting the groups by speed for country 2. The main change was in using 

reviews. Most of the reviews are in sessions that are longer than 1 minute. 

Cluster Social 360 image video compare download search review sessions ≥5pages 

Image 

not(search) 

0 0.08 1.00 0 0.05 0.07 0 0.38 67400 0.52 

Image 

search 

0 0 1.00 0 0 0 1.00 0.57 4728 0.90 

not(image) 

not(video) 

0 0.01 0 0 0.08 0.31 0.50 0.41 417276 0.61 

not(image) 

video 

0 0 0 1.00 0 0 0 0.14 8506 0.44 

Table 27 clusters content Decision tree, country 2 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

image not(search) 0.17 0.11 0.15 0.35 0.11 

image search -0.08 0.02 0.01 0.10 0.02 

not(image) not(video) -0.24 0.16 0.14 0.34 0.85 

not(image) video 0.19 0.02 0.13 0.34 0.02 

Table 28 clusters coordinates and buy, Decision tree, country 2 
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Cluster sessions Social 360 imag

e 

video compare download search review ≥5pages 

Image 

not(search) 

57581  0.09 1.00  0.06 0.08  0.43 0.61 

Image 

search 

4678   1.00    1.00 0.58 0.90 

not(image) 

not(video) 

360526  0.01   0.09 0.31 0.51 0.41 0.69 

not(image) 

video 

6169    1.00     0.44 

Image 

not(search) 

9819  0.05 1.00   0.01  0.07 0.01 

Image 

search 

50   1.00    1.00 0.12 0.06 

not(image) 

not(video) 

57087  0.02   0.02 0.30 0.43 0.35 0.04 

not(image) 

video 

1139    1.00     0.03 

Table 29 clusters content Decision tree (split groups by duration), country 2  (zero’s omitted for readability) 

Cluster RE value RE value SD speed speed SD Buy share across these groups 

image not(search) 0.16 0.11 0 0 2781 

image search -0.08 0.02 0 0 421 

not(image) not(video) -0.24 0.16 0 0 20188 

not(image) video 0.20 0.00 0 0 275 

image not(search) 0.20 0.06 1 0 25 

image search -0.06 0.02 1 0 0 

not(image) not(video) -0.20 0.15 1 0 1047 

not(image) video 0.20 0.00 1 0 3 

Table 30 clusters coordinates and buy, Decision tree (split groups by duration), country 2 
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Hierarchical clustering 

Hierarchical clustering was used in combination with four different distance metrics and every distance 

metric was used with two different linkages and 3 to 8 clusters were used as preset.  The performance 

of these 48 combinations was tested and the quality was measured with quality indices that are shown 

in Table 31 (country 1) and Table 40 (country 2). C-index has to be as low as possible. The Dunn and The 

Silhouette index has to be as high as possible.  

In general, single linkage did not performed well for country 1. Complete linkage in combination with 

Jaccard, Kulezynski and Sorensen distances did perform similarly. These indices indicate to use 4 or 8 

clusters. Hierarchical clustering was set to 8 clusters, Jaccard distance and complete linkage. Table 32 

and Table 33 are showing the content of the created groups.  Column behavioural Tendency and 

persona are interpreted outcomes based on its content shown in Table 32.The clustering was also tested 

with 4 and 5 clusters. Table 36Table 36 and Table 37 are showing the situation where the cluster 

number was set to 5. What basically happens is that clusters in such a situation are merged together. If 

the number of clusters was set to 4 than the first 5 clusters are merged. Groups from Table 32 were 

plotted in Figure 44. Setting with 5 clusters is shown in Figure 45. Figure 44 shows that groups 3,6 and 

5,7 have overlapping confidence intervals and Figure 45 has overlap between group 2 and 4. 

To apply the second approach as done in K-means, the clusters produced by Hierarchical clustering will 

be split by speed. The results for k=8 are shown in Figure 46 and its content can be seen in Table 34 and 

Table 35. Results for k=5 are shown in Figure 47 and its content in Table 38 and Table 39. In general the 

two approaches are the same when evaluating the content. The difference between the two approaches 

is that the session duration and also the amount of functionalities used in combination differs. 

For country 2, Table 40 shows that Silhouette index was not available for the Sokal Sneath with single 

linkage. Complete and single linkage in combination with Jaccard, Kulezynski and Sorensen distances 

performed similar. The clustering was also tested with 7 and 8 clusters using complete linkage with 

Sorensen distance. Table 41 and Table 42 shows the content of the created groups for k=7. Detailed 

information  is not provided for k=8, because group7 in k=8 was moved to group 0 in situation of k=7. 

This group7 contains only search functionality. 

Also here, the second approach was applied. Again the Hierarchical clustering clusters will be split by 

speed. The results for k=7 are shown in Figure 50 and its content in Table 43 and Table 44. For k=8, only 

Figure 51 is provided. The difference between the two approaches is that the session duration and also 

the amount of functionalities used in combination differs. 
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Table 31 Quality indices for Hierarchical clustering, country 1 
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Figure 44 MBTI Hierarchical clustering, k=8,complete linkage, 

Jaccard distance,  country 1 

 
Figure 45 MBTI Hierarchical clustering, k=5,complete linkage, 

Jaccard distance,  country 1 

 

 
Figure 46 MBTI Hierarchical clustering, k=8,complete linkage, 

Jaccard distance (split groups by duration), country 1 

 
Figure 47 MBTI Hierarchical clustering, k=5,complete linkage, 

Jaccard distance (split groups by duration), country 1 
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Cluster # Percentage Behavioural 

Tendency 

Persona Functionality (percentage) 

0 32.1 rational Competitive(NT) search  (66.6%) 

search, download (18.2%) 

search ,review (0.10%) 

search, review, download (0.03%) 

search, other 

1 39,2 rational  / 

emotional 

Methodologist(SJ) 

Humanist(NF) 

reviews (88.0%) 

reviews, imageview  (0.10%) 

search, other 

2 12.2 rational Methodologist(SJ) Download (77.1%) 

Download, review (18.1%) 

download , imageview (0.03%) 

download, other 

3 9.0 emotional Competitive(NT) 

Spontaneous(SP) 

Humanist(NF) 

imageview (91.7%) 

imageview, View360 (0.83%) 

   

4 4.8 rational Methodologist(SJ) compare (67.8%) 

compare, review (15.5%) 

compare, other 

5 1.4 emotional Spontaneous(SP) 

Methodologist(SJ) 

Video (100%) 

6 1.0 emotional Spontaneous(SP) 

Humanist(NF) 

View360 (100%) 

7 0.1 emotional Humanist(NF) Socialcontact (100%) 

Table 32 Hierarchical clustering, k=8,complete linkage, Jaccard distance, content of the groups for country 1  

 

Cluster RE value RE value SD speed speed SD sessions Buy share across these groups ≥5pages 

0 -0.02 0.07 0.23 0.42 176706 0.42 0.37 

1 -0.31 0.11 0.12 0.33 217330 0.38 0.69 

2 -0.25 0.05 0.22 0.42 66022 0.06 0.33 

3 0.22 0.05 0.38 0.49 47755 0.07 0.26 

4 -0.25 0.06 0.09 0.28 26053 0.06 0.52 

5 0.20 0 0.18 0.38 6932 0 0.41 

6 0.20 0 0.40 0.49 5561 0.01 0.23 

7 0.20 0 0.16 0.37 702 0 0.47 

Table 33 additional description about clusters, Hierarchical clustering, k=8, country 1 
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Cluster speed social 360 image video compare download search review 

0 0  0.03 0.13     1.00 

0 1  0.01 0.03     1.00 

1 0   0.02  0.01 0.22 1.00 0.15 

1 1   0.01   0.10 1.00 0.02 

2 0   0.06   1.00  0.26 

2 1   0.02   1.00  0.05 

3 0  0.10 1.00      

3 1  0.05 1.00      

4 0   0.09  1.00   0.29 

4 1   0.02  1.00   0.05 

5 0    1.00     

5 1    1.00     

6 0  1.00       

6 1  1.00       

7 0 1        

7 1 1        

Table 34 clusters content, Hierarchical clustering, k=8 (split groups by duration), country 1 (zero’s omitted for readability) 

 

Cluster RE value RE value SD speed speed SD sessions Buy share across these groups ≥5pages 

0 -0.02 0.08 0 0 136457 0.40 0.48 

0 -0.04 0.04 1 0 40249 0.02 0.02 

1 -0.31 0.11 0 0 191173 0.37 0.77 

1 -0.28 0.08 1 0 26157 0.01 0.10 

2 -0.25 0.05 0 0 51259 0.06 0.41 

2 -0.25 0.03 1 0 14763 0 0.03 

3 0.22 0.06 0 0 29595 0.06 0.40 

3 0.21 0.04 1 0 18160 0 0.03 

4 -0.25 0.06 0 0 23814 0.06 0.56 

4 -0.25 0.03 1 0 2239 0 0.08 

5 0.20 0 0 0 5679 0 0.49 

5 0.20 0 1 0 1253 0 0.06 

6 0.20 0 0 0 3354 0.01 0.36 

6 0.20 0 1 0 2207 0 0.03 

7 0.20 0 0 0 589 0 0.54 

7 0.20 0 1 0 113 0 0.09 

Table 35 additional description about clusters, Hierarchical clustering, k=8 (split groups by duration), country 1 
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Cluster #  percentage  Functionality (frequency)  

0 92.6  reviews 

search 

download 

imageview  

different combinations with at least 

used a reviews or search.  

1 4.8  Compare 

Compare, other 

2 1.4  Video  

3 1.0  View360  

4 0.1  socialcontact  

Table 36 Hierarchical clustering, k=5,complete linkage, Jaccard distance, content of the groups for country 1 

 

Cluster RE value RE value SD speed speed SD sessions Buy share across these groups ≥5pages 

0 -0.15 0.19 0.20 0.40 507813 0.92 0.49 

1 -0.25 0.06 0.09 0.28 26053 0.06 0.52 

2 0.2 0 0.18 0.388 6932 0 0.41 

3 0.2 0 0.40 0.49 5561 0.01 0.23 

4 0.2 0 0.16 0.376 702 0 0.47 

Table 37 additional description about clusters, Hierarchical clustering, k=5, country 1 
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Cluster speed social 360 image video compare download search review sessions buy 

0 0  0.02 0.13  0.01 0.23 0.47 0.44 408484 0.90 

0 1  0.01 0.20   0.18 0.26 0.42 99329 0.03 

1 0   0.09  1.00   0.29 23814 0.06 

1 1   0.02  1.00   0.05 2239 0 

2 0    1.00     5679 0 

2 1    1.00     1253 0 

3 0  1.00       3354 0.01 

3 1  1.00       2207 0 

4 0 1.00        589 0 

4 1 1.00        113 0 

Table 38 clusters content, Hierarchical clustering, k=5 (split groups by duration), country 1 (zero’s omitted for readability) 

Cluster RE value RE value SD speed speed SD sessions Buy share across these groups ≥5pages 

0 -0.17 0.19 0 0 408484 0.90 0.60 

0 -0.09 0.18 1 0 99329 0.03 0.05 

1 -0.25 0.06 0 0 23814 0.06 0.56 

1 -0.25 0.03 1 0 2239 0 0.08 

2 0.2 0 0 0 5679 0 0.49 

2 0.2 0 1 0 1253 0 0.06 

3 0.2 0 0 0 3354 0.01 0.36 

3 0.2 0 1 0 2207 0 0.03 

4 0.2 0 0 0 589 0 0.54 

4 0.2 0 1 0 113 0 0.09 

Table 39 additional description about clusters, Hierarchical clustering, k=5 (split groups by duration), country 1 
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Table 40 Quality indices for Hierarchical clustering, country 2 
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Figure 48  MBTI Hierarchical clustering, k=8,complete 

linkage, Sorensen distance, country 2 

 
Figure 49 MBTI Hierarchical clustering, k=7,complete linkage, 

Sorensen distance, country 2 

 

 

 
Figure 50 MBTI Hierarchical clustering, k=8, complete 

linkage, Sorensen distance, (split groups by duration), 

country 2 

 
Figure 51 MBTI Hierarchical clustering, k=7, complete 

linkage, Sorensen distance, (split groups by duration), 

country 2 
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Cluster # Percentage Behavioural 

Tendency 

Persona Functionality (percentage) 

0 0.42 rational Competitive(NT) Search (55%) 

Search, download (28%) 

Search, review (10%) 

search, other (7%) 

1 0.30 rational  / 

emotional 

Methodologist(SJ) 

Humanist(NF) 

Reviews (76%) 

reviews, imageview  (13%) 

reviews, other (11%) 

2 0.09 rational Methodologist(SJ) Download (96%) 

download , imageview (4%) 

3 0.08 emotional Competitive(NT) 

Spontaneous(SP) 

Humanist(NF) 

Imageview (95%) 

Imageview, compare (5%) 

 

4 0.06 emotional Competitive(NT) 

Spontaneous(SP) 

Humanist(NF) 

Compare (71%) 

compare, review (13%) 

compare, other (16%) 

5 0.02 emotional Spontaneous(SP) 

Methodologist(SJ) 

Video (86%) 

Video, review (14%) 

6 0.02 emotional Spontaneous(SP) 

Humanist(NF) 

View360 (35%) 

View360, imageview (31%) 

View360, review, imageview (20%) 

View360, review (14%) 

 

 

Table 41 Hierarchical clustering, k=7, complete linkage, Sorensen distance, content of the groups for country 2 

Cluster RE value RE value SD speed speed SD sessions Buy share across these groups ≥5pages 

0 -0.34 0.12 0.12 0.32 213479 0.35 0.72 

1 -0.05 0.10 0.13 0.34 150803 0.46 0.54 

2 -0.24 0.04 0.23 0.42 46808 0.02 0.35 

3 0.19 0.06 0.23 0.42 36825 0.04 0.42 

4 -0.25 0.04 0.04 0.19 30463 0.08 0.66 

5 0.19 0.02 0.13 0.34 8506 0.02 0.44 

6 0.28 0.10 0.17 0.38 11026 0.03 0.47 

Table 42 Hierarchical clustering, k=7, clusters additional description about clusters, country 2 
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Cluster speed social 360 image video compare download search review 

0 0   0.02  0.02 0.33 1.00 0.18 

0 1      0.24 1.00 0.02 

1 0   0.16   0.12  1.00 

1 1   0.03   0.04  1.00 

2 0   0.05   1.00   

2 1   0.01   1.00   

3 0   1.00  0.07    

3 1   1.00      

4 0   0.06  1.00   0.31 

4 1     1.00   0.03 

5 0    1.00     

5 1    1.00     

6 0  1 0.55     0.40 

6 1  1 0.28     0.08 

Table 43 Hierarchical clustering, k=7,clusters content, Hierarchical clustering, k=7 (split groups by duration), country 2  (zero’s 

omitted for readability) 

 

Cluster RE value RE value SD speed speed SD sessions Buy share across these groups ≥5pages 

0 -0.34 0.13 0 0 188687 0.34 0.80 

0 -0.31 0.11 1 0 24792 0 0.06 

1 -0.05 0.11 0 0 130935 0.45 0.62 

1 -0.05 0.06 1 0 19868 0.04 0.03 

2 -0.24 0.04 0 0 36226 0.02 0.45 

2 -0.25 0.02 1 0 10582 0 0.02 

3 0.18 0.06 0 0 28244 0.03 0.55 

3 0.20 0.01 1 0 8581 0 0.01 

4 -0.25 0.04 0 0 29276 0.08 0.69 

4 -0.25 0.01 1 0 1187 0 0.02 

5 0.20 0 0 0 6169 0.01 0.44 

5 0.20 0 1 0 1139 0 0.03 

6 0.29 0.10 0 0 9124 0.02 0.56 

6 0.25 0.09 1 0 1902 0 0.01 

Table 44 Hierarchical clustering, k=7,clusters additional description about clusters (split groups by duration), country 2 

  



78 

 

Discussion 

Results are discussed here. General statistics and all the approaches will be discussed.  

General 

Figure 24 shows a drop down in the number of sessions on the 22
nd

 of March for country 1. It is not yet 

known why this occurred. It might be the case that an event distracted people to go on at Philips.com 

site. Both countries had dropdowns after 11
th

 April in the number of users as shown in Figure 24 and 

Figure 25 which might indicate that the system was partially down. Review, search and download 

functionalities were used more compared to other functionalities in both countries. 360 degree view, 

social likes, tell a friend and videos where not much used (in both countries) (see Figure 30 and Figure 

31). 73.5% of sessions in country 1 did not use any functionality. This number was 53.3% for country 2. 

20.3% of country 1 sessions used only one function on the website and for country 2  it was 31.9%. This 

indicates that using functionalities to classify a session to a persona during a visit will not be enough. 

Persona is not only based on functionality usage. It depends also on the content of the text and where 

this text is located on a webpage. For example; page can start with a high level description and a visitor 

has to scroll down to see the detailed product description. There are more characteristics of personas to 

be aware of. Competitive personas are early product adopters for example. Some personas are sensitive 

for discounts (Clerck, 2014). 

Nine different functionalities were measured. Social likes and tell a friend was combined to one 

measurement. So, eight measurements were used to do the analysis. As mention earlier, 256 patters or 

combinations of functionalities are possible. Only 25 patterns were used to be analyzed, because this 

covers close to 98% of the entire dataset with identifiable personas. 46.4% of sessions are sessions with 

identifiable personas and it has 61% of the buy share for country 2. Similar for country 1, sessions with 

identifiable personas are for 27% with a buy share of 39%. 

Whichever method was chosen, it often happened that most of the sessions were on the rational side of 

the MBTI plots. Functionalities related to the emotional ones are not very often used except the image 

view functionality. 81% of the session in country 1 and 86% in country 2, where persona is identifiable, 

are sessions which took more than a minute. 

Basic approach (K-means) 

Two approaches for K-means were used as shown in Figure 34 and Figure 35 for country 1. These two 

approaches have different interpretations. Figure 34 shows the average duration within a group based 

on the � �����. Whereas Figure 35 shows the average duration of a group based on the similarity of � ����� and the session duration. This is the reason why all groups are near to 0.2 of the speed (in 

Figure 34) because of the presence of 20% sessions with duration of less than one minute. Figure 35 

shows the more accurate representation of the groups, because it merges the sessions based on similar � ����� and session duration. Most of the identifiable personas have a tendency to be rational, 

because emotional functionalities were not used very much. The same story holds for country 2. 

  



79 

 

Decision tree 

The two approaches as used for K-means are shown in Figure 40 and Figure 41.These groups were not 

created based on the � ����� directly. The groups where combined based on the decision tree rules as 

mentioned earlier. Figure 40 shows the average � ����� and session duration within such a group. 

Whereas Figure 41 groups where split by session duration. These figures are not the right interpretation 

for MBTI visualization. Because of the discrete data, K-means and decision tree plots might look similar. 

These groups are based on the rational and emotional tendency in the merging phase and session 

duration was not taken into account. So these plots might mislead. But the decision tree provides a rule 

to distinguish rational or emotional tendency based on functionality. This should be used as an 

additional knowledge to the K-means plots. 

Hierarchical clustering 

The quality indices presented in Table 31 and Table 40 differs mainly in linkage type. Using the same 

linkage type, the results using Jaccard, Kulezynski or Sorensen distances are similar. Sokal Sneath 

decreases for larger number of clusters. Some groups will be merged when the number of clusters is set 

to a lower value. This is caused by a session that uses multiple functionalities, where the individual 

functionality of such a session is spread across different groups. Take for example Table 32. Although 

Cluster 1 uses  mainly reviews and Cluster3 mainly images, they would be merged, because Cluster 1 

also contains images in combination with reviews, which is not the case in Cluster 7 where only social 

contacts where used. Some groups have the same session duration and � �����. They are plotted at 

the same position, but they are not merged, because these clusters differ in functionality usage. 

This approach is still less accurate compared to k-means. The problem is not in the rational or emotional 

dimension, but in the session duration. Grouping in Hierarchical clustering algorithm does not have a 

notion of the session duration. This cannot be added to the algorithm, because the Hierarchical 

clustering algorithm will not know the difference in functionality or session duration when it computes 

the dissimilarities.  

Other notes 

All MBTI plots are based on the definition of the � ����� equation. All functionalities are assumed as 

equally important or valuable in usage. Change in the importance might have an impact on the strength 

of tendency to rational or emotional behaviour. The functionality usage will remain the same, but the 

plots of personas could differ. The � ����� equation in general has another problem.  If the amount of 

rational and emotional functionality is not nearly the same, then the impact of rational and emotional 

behaviour will not be equally strong. This would have the effect that using one function that is rational 

(or emotional) would have higher impact on calculating � ����� than a function that is emotional (or 

rational). This is in general not the problem in this project, because most sessions did use only one 

functionality. The used dataset did not have a referrer address of a session. This is an attribute that 

indicates from which website a visitor entered Philips.com. It is expected that this is valuable 

information, because it would indicate two things. First one, a visitor already knows where he or she is 

searching for, because some information was already gathered from other websites. Secondly, a session 

could take shorter time, because it was redirected to the right page at Philips.com, which saves 
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navigation time. This could explain why some times in a short session a review was used or a session 

was measured short, because the last page was the page where a review was done where the duration 

was not measured. 

Answers to the Questions from product owner. 

The answers to questions for every approach can be found in all figures and tables in the sections of the 

three clustering approaches in chapter Results. Approach K-means with k=4 using � ����� and speed 

will be used to answer all the questions step by step. See Figure 35 for country 1 and Figure 37 for 

country 2. 

First question was “How many visits to Philips website do we get per persona?”. For country 1 there are 

105141 (0.05%) of the sessions Competitive(NT) and there are two types of Methodologist(SJ). One of 

them has 213237 (10%) sessions and the other Methodologist which is more extreme has 43444 

sessions (2%). The last persona is a Humanist(NF) with 185239 sessions (9%). Moreover, this is a persona 

where 76% of the sessions read a review and 31% of the time an image was viewed.  For country 2  

there are 68060 (6%) of the sessions Competitive(NT), 60924 (6%) sessions are Humanist(NF) and two 

types of Methodologist(SJ). One of them has 303162 sessions (28%) and the other Methodologist who is 

more extreme has 65764 sessions (6%). Unclassified personas are personas that do not belong to the 

top 25 patterns. Personas for country 1 and country 2 are summarized in Table 45. 

Persona distribution 

Country Competitive(NT) Methodologist(SJ) 

more extreme 

Methodologist(SJ) 

less extreme 

Humanist(NF) Unclassified 

persona 

Unknown 

persona 

country 1 5% 2% 10% 9% 1% 73% 

country 2 6% 6% 28% 6% 1% 54% 

Table 45 distribution of personas 

Second question was “What is the share in buy button clicks for each persona?”. Table 46 shows the 

distribution of buy share across personas for country 1 and country 2. 

Buy share 

Country Competitive(NT) Methodologist(SJ) 

more extreme 

Methodologist(SJ) 

less extreme 

Humanist(NF) Unclassified 

personas 

Unknown 

personas 

country 1 1.2% 15.5% 2.5% 20.1% 1.1% 59.5% 

country 2 2.6% 5.8% 44.2% 7.5% 2.6%  37.4% 

Table 46 distribution of buy share 

Third question was “What is the division detractors / promoters per persona?”. It was not possible to 

answer this question, because the data did not contain a link to the Matrixlab survey. 

Fourth question was “In which buying phase is a persona (pre-purchase, purchase, post-purchase)? It is 

also not possible to answer this question for the same reason as the previous question. 
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Fifth question was “How quickly does each persona click on the buy button?”. Table 47 shows the 

answer to this question for country 1 and country 2. This table shows how long a session took and not 

the duration or page views until the actual buy was done. 

Country Dimension Competitive(NT) Methodologist(SJ) 

more extreme 

Methodologist(SJ) 

less extreme 

Humanist(NF) 

country 1 ≥1 minute 

session 

duration 

0% 100% 100% 100% 

≥5pages 21.2% 96.3% 83.6% 66.6% 

country 2 ≥1 minute 

session 

duration 

0% 100% 100% 100% 

≥5pages 3.1% 79.2% 68.6% 96.1% 

Table 47 How long are the sessions in which persona click on the buy button 

Conclusion 
Our analysis was based on binary data for country 1 and country 2. This data was not able to provide if a 

buy was done within one minute when this session continued to browse through the website. Over 50% 

of the sessions did not use any functionality that was measured, which causes that it was not possible to 

identify personas based on their functionality. When functionality was used, then it was often only one 

type of functionality. This limits functionality combinations during a session from 256 possible 

combinations to 25 useful possibilities. Buy share is higher in the dataset where personas are 

identifiable from relative point of view. The three cluster methods provide insights about the visits. Not 

all of them are appropriate to visualize them as MBTI model. Referer address of a session might be an 

important attribute to classify if a visit is slow or fast and it tells something about the visitor. Plotting 

MBTI is based on the � ����� Equation. This might have some drawbacks. Using functionalities to 

classify a session to which persona it corresponds   during a session will not help to predict the preferred 

website layout, because this discovery will be too late. Additional characteristics of personas will be 

needed to classify. 

Future related work should be to do the analysis on scale data and especially make use of the actual 

session duration. It is also interesting if counting functionality types such as the amount of 360 degree 

view used during a visit would result into a better model.  

Recommendations and drawbacks 
This section describes problems found during this project. The recommendations are based on the 

problems from data perspective. 

About the data collection 

The problem is related to Adobe Sitecatalyst data export which already aggregates the data. Not all 

researches can be done appropriate using serialized data. Just count how often functionality was used. 



82 

 

More detailed data is needed, such as the single dump from Adobe, which contains every click that was 

recorded with a timestamp. This already eliminates the serialization problem and it also shows which 

functionality was used, on which page and when (time). Time can be used to know the order of every 

event done during a session and how long the session took. 

Next problem was related to the product hierarchy. First of all, the definition of the product hierarchy 

differs from marketing division and the implemented tagging definition. The implemented definition 

uses the page names as a part of the product hierarchy which is not the same as from the marketing 

division. Some product categories are defined as product catalogues. To do a better analysis with 

respect the product hierarchy, the pages need to be labeled correctly. 

Binary (serialized) vs scaled data 

It was intend to analyze personas using scaled data, because such data contains more information. 

Scaled data can provide additional information to show that a certain session still belongs to a more 

rational or emotional behaviour. See the following example in Figure 52. Both visit 1 and 2 used the 

same functionalities, but visit 1 used more often rational functionalities compared to visit 2 shown on 

left hand left side of the image. No distinction could be made in the binary dataset. This is shown on the 

right hand side of the image. Another problem is shown in Figure 53, where sessions do not show an 

important difference in rational or emotional tendency. Scaled data might result in plots that are more 

spread across the MBTI plots. 

Does scaled data provide more insight? Well, around 50% of the sessions have durations less than a 

minute. This means that time consuming functionalities cannot be used many times during a session, 

such as a video. It would be still interesting to compare the binary and scaled data. 

 
Figure 52 one session is more emotional than the other 

 
Figure 53 indistinguishable sessions 
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Appendix  

Appendix 1 

A citation of the description of David Keirsey's four temperaments is provided here. 

“As Concrete Cooperators, Guardians speak mostly of their duties and responsibilities, of what they can 

keep an eye on and take good care of, and they're careful to obey the laws, follow the rules, and respect 

the rights of others. “  

“As Abstract Cooperators, Idealists speak mostly of what they hope for and imagine might be possible 

for people, and they want to act in good conscience, always trying to reach their goals without 

compromising their personal code of ethics. “  

“As Concrete Utilitarians, Artisans speak mostly about what they see right in front of them, about what 

they can get their hands on, and they will do whatever works, whatever gives them a quick, effective 

payoff, even if they have to bend the rules. “  

“As Abstract Utilitarians, Rationals speak mostly of what new problems intrigue them and what new 

solutions they envision, and always pragmatic, they act as efficiently as possible to achieve their 

objectives, ignoring arbitrary rules and conventions if need be. “ (Keirsey.com, 2014) 
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