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Abstract 

The use of websites for distributing information is one of the most common media in today´s 

information sharing society. When it comes to companies, they aim at satisfying both potential and 

existing customers. Despite the website´s potential of providing the right information to the visitor, 

however, the visitor might not always find the right information. Placing loads of data on the 

website does not guarantee that right information is being delivered and understood correctly. 

Therefore, websites has to be planned to support different user needs and user goals. Different 

users seek for information in different ways and behave differently on the webpages. Like any type 

of software, website design, therefore, has to incorporate the principles of user-centered design. 

In this thesis I have chosen to investigate the existing theories on users’ navigation behavior in 

hypertext information systems, aiming at determine a global IT company’s website visitors’ 

navigation styles, information needs, and seeking-behaviors based on web analytics data. I have 

also, based on web analytics data, identified the website’s core visitor group and how their 

navigation session is structured. 

The different factors of the user characteristics, described in various theories, were found with 

analyzing data collected from the web analytics tool Adobe SiteCatalyst during September in 

2012. The analyses were conducted on site journey data from 64 238 website visits which 

constituted 47.28 % of all site visits with the homepage as entry point. These factors were 

associated with the corresponding seeking-behaviors, information needs, and navigation styles. 

Furthermore, some information architecture specific requirements were extracted from the 

analysis. 

My findings supported that data mining can provide valuable statistical support to other user-
centered design methods, but cannot currently be used as a standalone method. The results of this 
study showed that all three navigation behavior related theories had two categories that were 
clearly more common than the rest. In navigation styles case, content focused navigation and 
laborious navigation represented 92.59 % of all site journeys. Together, perfect catch and lobster 
trapping represented 96.60 % of the information needs. And finally, in seeking-behaviors two-step 
and pearl-growing represented 90.93 % of all site journeys. The results of this study showed 
potential in user and usability studies based on automatically collected web analytics data. 

Keywords: Data mining, user profiling, information architecture, navigation behavior. 
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Sammandrag 

Websidor är i dagens informationsutbytes samhälle en av de populäraste mediet för distribuering 

av information. Företag siktar på att websaijtens informationsutbud skulle tillfredsställa både 

existerande och potentiella kunder. Trots mängden information hittar inte alla besökare 

informationen som de söker efter. Bara genom att fylla websaijten med data, kan man inte 

garantera att en användare finner specifik information. Därmed är det viktigt att man planerar 

websaijten så att den stöder användarnas informations behov och mål. Användare söker 

information på olika sätt och beter sig olika på hemsidor. Liksom med all mjukvarautveckling ,är 

websaijter inget undantag och man bör applicera användarcentrerad design även på Webben. 

I detta arbete valde jag att undersöka de existerande teorierna i användarnas navigerings beteende i 

hypertext informations system. Jag siktade på att utvinna data från ett globalt IT företags websaijts 

loggdata om besökarnas navigerings stiler, informations behov och sökbeteende. Från samma 

loggdata, har jag även identifierat strukturen på en genomsnittlig besökares navigerinssession. 

De olika användaregenskaper nämnda i teorierna, utvann jag från loggdatan som verktyget Adobe 

SiteCatalyst samlat in i september 2012. Analysen baserar sig på sessions data från totalt 64 238 

websaijtbesökare, vilket var 47,28% av alla besökare som gjorde entré på websaijtens framsida. 

De från loggdatan utvunna användaregenskaperna matchades ihop med motsvarande 

navigeringsstiler, informationsbehov och sökbeteenden. Dessutom utvann jag 

informationsarkitekturiska krav från analysresultatet. 

Mina resultat visade att datautvinning kan erbjuda värdefullt statistiskt stöd till användarcentrerade 

produktutvecklings metoder, men ger inte tillräckligt insikt för att kunna vara en fristående metod. 

Denna studies forskningsresultat visar att alla tre navigerings beteende relaterade teorier har två 

stycken kategorier som är avsevärt mera förekommande. Innehålls fokuserade och arbetsamma 

navigeringsstiler representerade 92,59 % av den analyserade datan. Gällande 

informationsbehoven, 96,60 % var antingen perfekt fångs eller hummer fångande, medan 

sökbeteendens procent var 90,93 % för två-steg och pärlväxande. Detta forskningsresultat visade 

att det finns potential i användarundersökningar baserat på automatiskt insamlad loggdata. 

Nyckelord:     Datautvinning, användarprofilering, informationsarkitektur, navigerings beteende 
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1. Introduction  

The use of websites for distributing information is one of the most common media in 

today´s information sharing society. When it comes to company websites, e.g. IT 

company websites, they provide information ranging from product information to 

service and support specific information, aimed at satisfying both potential and existing 

customers. In addition, the different audiences can be divided into website visitors 

having clear goals for the visit or visitors just exploring the webpage and its content. 

Despite the website´s potential of providing the right information to the visitor, however, 

the visitor might not always find the right information. Website visitors do not 

automatically find the information that they are looking for. Placing loads of data on the 

website does not guarantee that right information is being delivered and understood 

correctly. Therefore, websites has to be planned to support different user needs and user 

goals. Different users seek for information in different ways and behave differently on 

the webpages. Like any type of software, website design, therefore, has to incorporate 

the principles of user-centered design. 

The usage of websites has been analyzed ever since the infancy of the Internet (Berendt 

& Spiliopoulou, 2000). In addition to employing user-centered design principles, 

statistical data from user log data generated by software has been utilized for measuring 

website performance. The common principles of user-centered design incorporate user 

tests with real users involved. This is a rather time consuming way of gathering and 

analyzing data and claim loads of resources. Traditional user-centered design practices 

can thus be rather expensive. Traditional user log data has, on the other hand, enabled 

analysis of e.g. numbers of website visitors, page access frequency and relative 

frequencies for different websites (Berendt & Spiliopoulou, 2000; Cooley, Mobasher, & 

Srivastava, 1999) without any interference with real users. As web analytics tools has 

been developed rapidly and since they have become more advanced, a new way of 

analyzing website usage has emerged. User log data collected by software has enabled 

data mining, which can be defined as “data processing using sophisticated data search 

capabilities and statistical algorithms to discover patterns and correlations in large 
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preexisting databases; a way to discover new meaning in data” (WordNet, 2012). As it is 

possible to conduct diverse analyses on website usage behavior with data mining, the 

collected data has great potential to be used more in supporting website design in the 

future. In addition, since the data is automatically generated by software it can be rather 

inexpensive in comparison to traditional user-tests. It might not be a standalone method, 

but can provide valuable statistical support to other user-centered design methods. What 

the possibilities of automatically generated data are, and how far the user log data can be 

interpreted, however, remains to be seen. This study will make a contribution to this 

question, by exploring how automatically collected user data can be used for studying 

navigation behavior and user profiling. The aim is to map the users’ needs, search 

behavior and navigation styles on a global IT company’s websites with automatically 

collected site data. This kind of data mining opens up new potential to use automatically 

collected user log data in supporting the user-centered design process of websites. 

1.1 Background 

This study has been conducted at Aalto University School of Electrical Engineering in 

cooperation with a global IT company. The access to the global IT company´s web 

analytics tool has enabled the data collection of this study. The data that is being used is 

thus automatically generated user log data of the company´s website. As the global IT 

company has country specific websites, only the data generated from the Finnish site has 

been analyzed in this study. This narrowed down the scope to a manageable data set. In 

addition, the website data has been further narrowed down, since the amount of sites 

generating user data is too vast to suit the scope of this work. How the scope was 

narrowed down will be explained in more detail in the next chapter.    

This work received no funding, but was aimed at supporting the global IT company in 

its website design initiatives. It was conducted as an independent project. 

1.2 The scope of this study 

In this study, I will concentrate on aspects of usage behavior which can be assessed by 

retrospectively studying users’ actions on websites. The data is thus collected by 
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software that automatically extracts the data from the website. User experience and 

subjective aspects are thus not in the scope of this study and only automatically 

generated data from the website has been used for analysis. 

As described in chapter 1.1 above, the data used in this study is generated from the 

Finnish site of a global IT company. In addition, the website data has further been 

narrowed down along the analysis process to become a manageable data set. The data 

used for analysis was therefore generated during only one month, in this work during 

September in 2012, and incorporated only site journeys that start from the homepage. 

Site journeys starting from other entry points, such as hyperlinks to certain pages 

provided by Google are thus omitted. In addition, in the analysis of site journeys, path 

lengths of 1 to 10 have only been included. From that narrowed down dataset, the 20 top 

most used site journeys from each site journey length was analyzed. The vast amount of 

visitors on the webpage and the vast amount of possible site journeys were reasons for 

narrowing the data set down. In addition, the cut offs has been made at numbers where 

the majority of possible cases leaves in the data set. 

1.3 Research questions 

The aim of this study is to explore how automatically collected user data can be used for 

studying navigation behavior and user profiling. The aim is to map the users’ 

information needs, seeking-behaviors and navigation styles on a global IT company’s 

websites with automatically collected site data. By studying user log data, I seek to find 

answers to the following research questions: 

RQ1: To what part of the website do the majority of homepage visitors navigate? 

RQ2: Based on web analytics data, what type of navigation style(s) does the homepage 

visitors have? 

RQ3: Based on web analytics data, what type of information need(s) does the homepage 

visitors have? 
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RQ4: Based on web analytics data, what type of seeking-behavior(s) does the homepage 

visitors have? 

Despite using the term visitors above, some theories speak of users instead of visitors. In 

this thesis, I will use the terms interchangeably. 

1.4 Structure  

This chapter presents the framework of this thesis. It frames the work in the particular 

research field of data mining of user log data to support website design and presents the 

scope and aim of this study. The next chapter will present the theoretical background of this 

study to create an understanding of how information architecture links to website design, 

what the background of usability and user-centered design are, and finally present user 

navigation strategies that this study aim at identifying in the data. The third chapter will 

present the data and methods used in this study as well as the analysis conducted on the data. 

After that, the fourth chapter will present the results derived. The first parts of the results 

section provides statistical introduction that provide answers to the first research question. 

The last section of the results plot the user navigation patterns identified, which answers the 

second, third and fourth research questions. Finally, I will discuss the findings in detail in 

chapter five and link it to the theoretical background. Based on the results, I will evaluate 

the study and make suggestion for future study in this domain of research.  
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2. Theoretical background  

This chapter will present the theoretical background of this work, and will situate the 

work in the field of website development. First, I will go through the basics of 

information architecture, which is the discipline of how to organize information into a 

purposeful way that can be understood by the user (Cummings, 2009). After that, I will 

link information architecture to usability and go through the specifics of information 

architecture on websites. Last I will map what different user navigation strategies exist, 

which lay the ground for the second, third and fourth research questions. 

2.1 Information Architecture on Websites 

2.1.1 Background 

The term Information Architecture (IA) was first introduced by Richard S. Wurman in 

1975 to describe how data has to be transformed into meaningful information in order to 

be understandable by users (Wurman, 2001). IA is thus a term that describes the 

structure of any system presenting information, i.e. the way how information is grouped, 

how information is presented and how the system’s navigation is structured. The IA 

term became rapidly popular and was widely adopted by different groups of the 

information system community during the 1980s to represent a model for data creation 

and movement (McGee, Prusak, & Pyburn, 1993; Kalbach, 2003). By introducing IA, 

Wurman laid the dormant for the increased interest in information organization and 

structure that came with the emergence of the World Wide Web in the 1990s. After the 

internet became public in the hands of Tim Berner-Lee in the early 1990s, IA had to be 

taken to the next level. This task was accepted by Peter Morville and Louis Rosenfeld, 

who introduced modern IA in web environment, which resulted in a new definition of IA 

in designing web information structure to ease users’ access to information (Kalbach, 

2003). Because of the common nature of information, IA has been developed into a 

broad definition, and Kalbach (2003) found many close relations to other relevant fields 

such as knowledge management, computer science, interaction design, information 

design, graphic design and usability.  
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A recent definition of IA was introduced by Morville and Rosenfeld in 2006. According 

to them (2006) information architecture can be defined as: 

1. The structural design of shared information environments. 

2. The combination of organization, labeling, search, and navigation systems 

within web sites and intranets. 

3. The art and science of shaping information products and experiences to 

support usability and findability. 

4. An emerging discipline and community of practice focused on bringing 

principles of design and architecture to the digital landscape. 

IA has also been defined in a more simplified way as; the art and science of structuring 

and organizing information environments to maximize its accessibility and usefulness in 

helping people to fulfill their information need effectively (Beiers, 2000; Morville & 

Rosenfeld, 2006). IA is relevant for this work, as it tries to assess how well the website 

of a global IT company is corresponding to the user needs and user behavior on the 

website. Even though the IA field has been around for a long time, it was only at the 

beginning of 2000s during the age of Web 2.0 that IA started to draw serious attention 

(Zulkifli, Isa and Lokman, 2012). Web 2.0 took a more efficient and salient view on web 

design, where the focus was on providing the user with more interactive web content 

while reducing the users input efforts. As the mobile phones started to support web 

content, the IA field grew even bigger. IA is constantly maturing with relevant theories 

being used in practice (Wan Mohd Isa, Md Noor, & Mehad 2007). This study is trying to 

contribute to the development of IA, by mapping how web analytics data can be used for 

supporting the development of more intelligent IA that better correspond to the users´ 

needs. 

2.1.2 Key Concepts of Information Architecture Design 

When designing and evaluating the IA of any system, there are a number of important 

concepts to consider. Users interact directly with some concepts, while others are so 

behind the scenes that users are unaware of their existence. In the following sections, I 

will go through the key concepts of IA design. 
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2.1.2.1 Top-Down and Bottom-Up Approaches 

There are two main design approaches when constructing an information system; top-

down and bottom-up. According to the top-down perspective a system is designed by 

starting from the main (common) level and moves on to smaller chunks and finally into 

tiny details (Farnum, 2002). This approach is suitable for websites, as designing a 

website usually derive from the home page. This study will concentrate on the users that 

start their site journey from the home page, and look at how they navigate down the path 

towards the lower level pages.   

Bottom-up is like top-down, but the other way around. Design steps starts from system 

fragments. Fragments are then brought together, forming larger chunks of the system 

(Farnum, 2002). This process is repeated until the system’s IA design is complete. 

Bottom-up approach is best suitable for information systems with multiple reusable 

components and content. In practice, both IA design approaches go hand in hand and the 

best IA designs are built by successfully mixing both top-down and bottom-up strategies 

(Farnum, 2002). 

2.1.2.2 Organization Systems 

An information system’s content can be organized in various ways. The organizational 

schemes can be basically anything such as alphabetical order or geographical location 

(Farnum, 2002). An organizational scheme can be autonomous of the information 

system’s interface. If the appearance of the information system’s interface changes a 

well-designed scheme would only need minor, if any changes. In order to design an even 

more dynamic organizational scheme, the scheme model should also contain plans and 

rules for how new content will be added in the future. Well-planned organizational 

schemes are especially important for commercial information systems that will 

inevitably at some point need to update the interface’s appearance. 

2.1.2.3 Navigation Systems 

Navigation systems provide users with a tool to help them know where they are in the 

information system and what content they can browse in the information system 
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(Farnum, 2002). The navigation structure should support the users whether they are 

trying to accomplish a certain goal or just simply browsing the content. When the user is 

navigating through the website structure, the user assesses the relevance of next steps, 

based on their knowledge about the particular screen object in addition to the context of 

the navigation session (van Oostendorp & Juvina, 2007). Thus, aspects such as the 

user’s previous steps, the user’s current position in the navigation structure and 

perceived closeness to the target plays a role for the user when reaching the goal. Van 

Oostendorp and Juvina emphasize (2007) that the navigation structure should provide 

contextual information for the user by including path adequacy information. In their 

study of user navigation on websites they found out that users responded favorably to 

link suggestions that were relevant to the task at hand. One argument they give to this is 

that human attention is limited and only a small amount of knowledge resources can be 

processed simultaneously. Another study (Ignacio Madrid, van Oostendorp, & Puerta 

Melguizo, 2009) of how hypertext brings navigational support furthered this finding by 

showing that link suggestions that were based on semantic similarity helped the users 

with navigation. In sum, the navigation structure has to support both users with clear 

goals and users navigating with a more open goal, as well as users with different spatial 

abilities. 

2.1.2.4 Search Systems 

The possibility to search in an information system is a wanted functionality. The idea is 

simple but the implementation might not be unambiguous. A search interface can vary 

from a single free text search to more advanced search functionalities including a set of 

ways to select search criteria to make more precise searches. In addition to the search 

field used for entering a search query, the search results is also part of the search 

interface. The results page content should be presented in a meaningful way, and the 

interface should help the user with search strategy related matters so that the users do not 

reach a dead end (Farnum, 2002). Search functionality’s importance has grown 

significantly since Internet search engines (e.g. Google and Yahoo) have gain 

popularity, and the users expect the same search functionality from any information 

system. 
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2.1.2.5 Labeling Systems 

Labeling refers to titles, links, dropdown items, product names and together they form 

labeling systems. The most effective labeling systems are thoroughly planned and 

consistent across the information system (Farnum, 2002). A good example of consistent 

labeling is to have links match the section titles. Another perspective of labeling systems 

is to take the users knowledge into account, when phrasing the labels. The naming 

convention cannot be too advanced for a novice user, as it can be for a power user. 

2.1.2.6 Controlled Vocabularies, Taxonomies and Thesauri 

Controlled vocabulary refers to any group of labels that are grouped according to a 

specific set of rules, such as how they are organized, how they are applied to content and 

how new labels are added (Farnum, 2002). The controlled vocabulary can be a plain one 

level list containing a set of terms, or a multilevel list with complex relationships 

between terms. The set of rules used to organize the controlled vocabulary is called 

taxonomy. Taxonomy is a tree-like hierarchical relationship structure similar to Latin 

names for animals. Information system taxonomies are not as strict as the animal name 

example, but are structured in a similar way. 

Thesauri are an advanced set of guidelines for organizing information and content. A 

thesaurus is defined as “a compilation of words and phrases showing synonyms, 

hierarchical and other relationships and dependencies, the function of which is to 

provide a standardized vocabulary for information storage and retrieval systems” 

(Rowley, 1992, p.252). The ANSI/NISO standard Z39.19-1993 provides useful 

guidelines for monolingual thesauri, and adds hierarchical, associative and equivalence 

relationships to the controlled vocabulary. Taxonomies and thesauri are good tools for 

creating well-planned controlled vocabularies, which in turn come in handy when 

organizing and classifying content. 

2.1.3 Information Ecologies 

There is a broad variation in how people practice IA, but a common insight is that you 

cannot design useful IA in a vacuum (Morville & Rosenfeld, 2006). Instead, IA should 
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take on a more holistic approach, which emphasizes how people create, distribute, 

understand and use information (Davenport, 1997). This approach named information 

ecology (Davenport, 1997), has been further developed to constitute specific design 

elements such as context, content and users by Morville and Rosenfeld (2006). These 

components assess the dynamic nature of information systems without forgetting the 

broader environment in which it exists. Figure 1 presents the components of the three 

circles of information ecology and the relationships between them. 

 

Figure 1. All information ecologies interact with each other on some level. This figure 

visualizes those relationships (Morville & Rosenfeld, 2006). 

The following three chapters go through the three components context, content and users 

in more detail. 

2.1.3.1 Context 

In IA’s case, context refers to the information systems host organization’s mission, 

goals, strategy, staff, process and procedure, physical and technology infrastructure, 

budget and culture that together form a collective and unique mix of capabilities, 

aspirations and resources, that affect the technical implementation of an information 

system (Morville & Rosenfeld, 2006). Organizations might have technical limitations or 

limited amount of resources at disposal. All limitations need to be taken into account, 

and in order to successfully accomplish the IA task, the information architect needs to 

communicate with both project stakeholders and the development team. 
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2.1.3.2 Content 

Content can be seen as the parts that make up the information system. To narrow down 

content into more easily manageable modules, Morville and Rosenfeld (2006) split 

content, from IA point of view, into six dimensions; ownership, format, structure, 

metadata, volume and dynamism. Information architects need to analyze content from 

various angles. In addition to analyzing patterns and relationships between chunks of 

information, architects also need to pay attention to search logs, system statistics, 

metadata, controlled vocabularies etc. (Farnum, 2002). 

2.1.3.3 Users 

As users are the ones that will be using the system, they require special attention from 

the beginning of an information systems development. Information architects need to 

create user profiles/personas (L. Nielsen, 2004) to get a better understanding of the 

target group and can design an IA accordingly (Farnum, 2002). Differences in user 

preferences and behaviors within the physical world, translate into different information 

needs and information seeking behaviors in the context of an information system 

(Morville & Rosenfeld, 2006). As the system is being developed, IA needs to be 

usability tested as much as any other part of the information system, meaning as early as 

possible in the development process and often as possible (Farnum, 2002). 

2.1.4 Information Architecture Design on Websites 

IA plays an important role in website design, as the amount of information one can host 

on a website is almost limitless (Guo & Yan, 2011). Without IA, information is not 

properly organized or presented, and the website will not have a logic navigation 

structure. 

When specifying the practical definition of IA in the context of a website, it is widely 

seen as organizing a website’s structure and content by labeling, categorizing and 

indexing information as well as providing the website with a navigation system that 

support browsing and searching of the organized information (Morville & Rosenfeld, 

2006; Greunen & Wesson, 2004; Gulzar & Ganeshan, 2003; Jadav, 2003). Since the 
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World Wide Web became a common information medium, different IA design 

guidelines for websites has emerged. The websites superficial design follows design 

trends, which are constantly changing or evolving, while the fundamental IA structure 

remain as per earlier design guidelines. A website’s appearance is not always 

implementable on top of the websites old IA skeleton, and might force the website to be 

redesigned from a more fundamental level. 

2.1.4.1 Design Elements 

Rapidly emerging design principles, that take into account both current practices as well 

as empirical data describing how users interact with content on websites, can provide 

new guidelines to the design and information structuring of websites (Lynch & Horton, 

2009). As website design guidelines become more broadly adopted, users can more 

easily navigate websites successfully without having to constantly process the structural 

and usability rules which lies beneath the user interface (Pirolli & Fu, 2003; van Duyne, 

Landay, & Hong, 2003). Achieving a standardized design is a difficult goal since new 

website designs and browser capabilities inevitably emerge (see Garrett’s (2005) 

discussion of Ajax). Figure 2 illustrates the multiple disciplines that contribute to the 

overall design of any website. In addition to IA, navigation design and graphical design 

play an important role when designing websites (van Duyne et al., 2003). 

 

Figure 2. Design elements for hypertext systems on the Internet (Danaher, McKay, & 

Seeley, 2005). 
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Most website visitors usually enjoy considerable freedom when accessing content. For 

example the users can choose when they want to visit the site, what they browse, how 

much information they want to see, how much time they want to spend viewing the 

content, and choose whether they want to copy, save or print content for later use 

(Danaher et al., 2005). When users search for information they follow instincts and tries 

to scent where the desired information might be (Pirolli & Fu, 2003; Larson & 

Czerwinski, 1998). This makes it difficult to please every user’s individual routines. 

2.1.4.2 Common Website Information Architecture Designs 

Website content can be organized in various ways. It is not common to show all 

information on one page, so proper section categorizing is in place. There are two 

commonly recognized section types; content and functional (Djonov, 2007). Content 

sections contain information on a given topic or activities of a certain type. Functional 

sections, on the other hand, inform users about the websites’ purpose, privacy policy, 

content organization or company it represents. “Help” and “Contact us” –pages are good 

examples of functional sections. Larger websites can also contain a third section type; 

surfacing (Djonov, 2007). This type of section work as sub sections’ main pages, and 

promote the content of the sub section in question. However, sections can be arranged in 

many different patterns, and this section presents the most common IA designs used on 

websites. 

Matrix design 

Websites with a matrix design follow the original ideology of hypertext, HTML and the 

Web (Berners-Lee, 1989), and allow users to quickly review all website content from 

one page, as illustrated in figure 3. 
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Figure 3. Visualization of an example website IA utilizing a matrix structure. 

In the matrix IA design, the users can pursue their own individual interests as the site 

structure makes it possible to access any page from anywhere on the website. If properly 

designed, the matrix structure can assist the users in rapidly finding desired content, as 

the matrix design will offer the maximum amount of content within one page of the 

website (Danaher et al., 2005). However, a badly designed matrix IA will cause more 

confusion than clarity as the efficiency of the matrix design is highly dependent on a 

well-designed labeling system. In addition, matrix IA design makes it more difficult for 

the users to learn and remember their movements on the website (Tan & Wei, 2006). 

Hierarchical design 

The hierarchical IA design involves organizing information in a top-down manner, 

where the information gets more specific the lower in tree structure the users navigate. 

Tree structure refers to linking information instances using one-to-many relationships. In 

opposite to the matrix design, hierarchical design has significantly less links between 

pages (Lynch & Horton, 2009) as every instance can have maximum one parent and as 
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many children as necessary. Figure 4 shows an example of a hierarchically designed 

website structure. 

 

Figure 4. Visualization of an example hierarchical IA design. 

One of the advantages that the hierarchical IA design has is that the majority of users 

recognize the content design from how computers’ operating systems organize files 

(Danaher et al., 2005). 

Tunnel design 

Websites designed according to the tunnel IA design is the opposite of a website with a 

matrix design. Instead of letting the users choose where to go next, the users will follow 

a step-by-step (alternatively page-by-page) path determined by the website design. The 

tunnel design is illustrated in figure 5.  
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Figure 5. Visualization of an example tunnel IA design. 

The tunnel IA design is commonly used in online purchasing scenarios and surveys 

(Danaher et al., 2005). Van Duyne et al. (2003) generalized this scenario and called it a 

process funnel. Most modern websites take into consideration matrix or hierarchical 

designs, but there is relatively little consensus on how or when to use of tunnel IA 

design (Danaher et al., 2005). 

One significant challenge with the tunnel design is that the design is the opposite of the 

original hypertext system design (Berners-Lee, 1989). Hypertext systems technical 

architecture supports free navigation and thus sets challenges when it comes to building 

a website with a tunnel IA design. In order to reduce the possibility that the users will 

leave the tunnel, navigation items needs to be stripped to minimum (Lynch & Horton, 

2009) such as removing all links except for one next page and one previous page link. 

Tunnel IA design can affect the user experience both positively and negatively. It can be 

favorable for those who easily suffer from information anxiety as the tunnel design 

removes navigation complexity (Wurman, Sume, & Leifer, 2000), while user experience 

can be negatively affected for those that find the tunnel design constraining and tedious 

(J. Nielsen, 2000). 

There are a number of situations when the tunnel design is particularly well-suited. One 

good example case is online courses on e-learning websites as the tunnel IA design has 

pretty much the same structure as textbooks and academic classes (Watson, 1998). 

Hybrid design 

Hybrid IA design is a modular architecture composed of multiple different IA modules. 

Each module can be structured as either matrix, hierarchical or tunnel design. The 

example design in figure 6 has modules from all three IA designs. 
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Figure 6. Visualization of an example hybrid IA design. 

Different modules have different requirements which need to be taken into 

consideration. For example, navigation elements are quite similar for both matrix and 

hierarchical design, while tunnel design has very limited navigational functions. While 

the users move between different website modules the appearance needs to be as 

consequent as possible which creates a usability challenge. Changing page structures too 

much can confuse the users or make them feel lost and eventually leave the browsing 

session (Watson, 1998). 

Hybrid IA designs have distinct advantages over websites that strictly follow matrix, 

hierarchical or tunnel IA designs. Hybrid design provides more guidance than a matrix 

design provides, and hybrid design also provide more navigation freedom than a tunnel 

design (Danaher et al., 2005). By offering different ways to interact with the website’s 

content, the users will stay on their toes and stay active instead of falling into a mode of 

a passive page turner. 
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Information architecture is a critical step in mapping organizational strategies into a 

technical environment (Perks & Beveridge, 2002) and choosing the correct design is 

vital for the websites usability. A summary of all presented IA design types are 

presented in table 1. 

IA Design Strengths Constraints 

Matrix  Can move freely 

through content 

 Encourages discovery 

learning 

 Links may not 

anticipate user’s search 

pattern 

 User can become 

disoriented 

Hierarchical  Familiar top-down 

organization 

 Provides a simplified 

view 

 Easy to retrace steps 

 Deeply nested 

information may be 

difficult to find 

 Labels may not 

correspond to how user 

defines area 

Tunnel  Familiar step-by-step 

flow through content 

 Can control timing and 

amount of exposure to 

content 

 Does not follow 

familiar website 

navigation conventions 

 May cause frustration 

and reduce follow-

through 

Hybrid  Uses multiple IA 

designs that best fit 

content and purpose 

 Moving between 

webpages with different 

IA designs may present 

usability challenges 

Table 1. Pros and cons summary of IA designs (Danaher et al., 2005). 

2.1.5 Information Architecture Design Process 

The IA design process is iterative and share many characteristics with the human-

centered design process for interactive systems, also known as ISO 13407. It starts with 

basic research on the three IA ecologies; context, content and users. Based on that 

research deliverables are produced and tested on users using low-fidelity prototypes and 

mockups. After analyzing the user test results, the solution design is adjusted to meet 

users’ requirements, needs and expectations. When the new solution design is approved, 

the next iteration cycle begins. ISO 13407 design process is visualized in figure 7. 
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Figure 7. ISO 13407 human-centered design process for interactive systems. 

During the first iteration rounds no real implementation work is done, only prototypes 

and mockups are produced in order to get the big picture correct before starting the 

implementation phase. Implementation is left for the latter part of the development 

process to reduce costs due to eventual changes in the solution design noticed during 

usability tests (e.g. Keil & Carmel, 1995). When the prototypes and mockups seem to 

somewhat match the users requirements, needs and expectations, the project continues 

with the same process model but instead of prototypes, start to implements the real 

solution, which design has been tested using prototypes and mockups during the first 

iteration rounds (Morville & Rosenfeld, 2006; Farnum, 2002). 

The information architects’ input is crucial during the prototyping phase, but the work 

does not end there. When the system’s implementation begins, the information architect 

needs to continuously assess the quality of the content, and provide instructions and 

training to content editors for controlled vocabularies and metadata schemes for the 

content (Farnum, 2002). 
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2.2 Usability and Information Architecture on Websites 

As presented in figure 2, usability and IA have many dependencies and a good IA design 

is a corner stone for a website’s usability. Good usability is one main condition for good 

user experience (UX) (Hassenzahl & Tractinsky, 2006). A website with poor IA design 

can frustrate the users and cause them to leave, as the website cannot satisfy the users’ 

needs and expectations (Tan & Wei, 2006). For example, many companies, which main 

business is to sell products, begin conducting their sales via the Web as it is a global 

medium per se (Luna, Peracchio, & de Juan 2002).  For these companies, high dropout 

rate is a serious implication as it means a potential loss of online sales. The most 

commonly cited reasons for users’ negative experience include; information not current, 

difficult to use and mostly, not finding what they wanted (Tan & Wei, 2006). To 

encourage users to return, websites should be designed to facilitate users in finding what 

they need and increase satisfaction while accomplishing their tasks (Abdelmessih, 

Silverstein, & Stanger, 2001).  

An additional challenge is that websites change frequently, mostly expanding in size and 

complexity (Modjeska, 1997). This means that the IA design has to constantly evolve 

with time in order to reduce the users’ browsing efforts and satisfy the users’ needs. 

Therefore, it is crucial to put an effort into designing and redesigning the website’s IA 

properly to secure good usability and UX. 

2.2.1 Usability 

User interface (UI) design is full of compromise and tradeoff. The design should include 

powerful functionalities, but have a clear and simple interface. In addition, the design 

should be consistent over the application, but also allow customizable features. And 

from effectiveness’ point of view, the design should have a smart and intellectual 

interface, but also have good performance and be low in cost. (Mayhew, 1998) 

Usability plays an essential part in information system development and designing 

software applications should not be based on intuition and limited experience. In order 

to guarantee websites’ usability one have to systematically involve the elements of 
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usability in all product development. In order to do so, the requirements for usability 

need to be identified. 

International Organization for Standardization (ISO) has contributed to this field with 

standards like ISO 9241 and ISO 9126. ISO norm 9241 includes the following definition 

of usability: 

“The effectiveness, efficiency and satisfaction with which specified users achieve 

specified goals in particular environments.” (ISO 9241-11, 1998) 

The standard divides usability into three usability measurement categories; 

effectiveness, efficiency and satisfaction. Effectiveness measures the accuracy and 

completeness with which specified users can achieve specified goals in particular 

environments, efficiency measures the resources expended in relation to the accuracy 

and completeness of goals achieved, and satisfaction measures the comfort and 

acceptability of the work system to its users and other people affected by its use (ISO 

9241-11, 1998). ISO 9241 provides a clever visualization of the different attributes that 

play a part in the usability ecosystem. The visualization is presented in figure 8. 

 

Figure 8. Visualization of all attributes affecting the usability measurement attributes 

(ISO 9241-11, 1998). 
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From the beginning, pragmatic features like usability of technical systems and utility 

have dominated the research field (J. Nielsen, 1993). Usability has functioned as a key 

concept for measuring quality of use of interactive systems (Bevan, 1995), which has 

influenced researches to focus on effectiveness and efficiency (Thüring & Mahlke, 

2007). In addition to measuring quality of use with effectiveness and efficiency, users’ 

satisfaction was taken into account. Thus most methods used to measure users’ 

satisfaction were based subjective analysis of effectiveness and efficiency metrics 

related to the use case (Lindgaard & Dudek, 2003). 

Jakob Nielsen (1993) extended ISO 9241-11 usability measurements, and defines 

usability as a collection of five usability attributes; learnability, efficiency, 

memorability, errors and satisfaction. According to J. Nielsen (1993), the product should 

be: 

- easy to learn how to use 

- achieve goals efficiently 

- easy to recall how to use 

- low on errors 

- satisfy the user’s expectations. 

Furthermore, based on J. Nielsen’s five usability attributes (1993), Palmer (2002) 

defined five website specific usability measurements. These are: 

- information content 

- navigation/organization 

- interactivity (i.e. customization) 

- responsiveness (i.e. feedback and FAQ) 

- download delay (i.e. access speed). 

All of these measurements have some level of connection to IA. Responsiveness, and 

download delay are related to software and hardware optimizations. This study will 

focus more on information content, navigation, and interactivity, which are UI related 

matters. 
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Website design and usability has been widely studied academically, and several studies 

have shown results that point to the fact that users rely considerably on the homepage 

when orienting into a website (see e.g. Krug, 2009; J. Nielsen, 1999; J. Nielsen & Tahir, 

2002; Reiss, 2000). This can be explained with the homepage’s threefold purpose to: 

- establish the identity and mission of the website 

- show visitors its main parts and preview any popular or timely information  

- reveal how the site is structured and what options for navigation it offers 

(Djonov, 2007). 

Therefore, this study will mostly concentrate on the websites. 

2.2.2 User Experience 

The term user experience (UX) is often used as a synonym for usability. Some use it as a 

fancier term for user interface, interaction design, web site appeal or just simply “the 

wow effect”. Not to mention customer experience, interaction experience and general 

experience. For some, it is all about the web page’s appearance or a combination of the 

mentioned concepts. (Roto, Law, Vermeeren, & Hoonholt, 2011) 

UX is a hip new term that seems to promise a new and fresh look. It is also a feasible 

replacement for Human-Computer Interaction (HCI). The problem with UX is that 

people seem to use the term in a broad variety. First out on the field defining UX was 

Alben (1996), defining UX as all the aspects of the user-system interaction. This 

included the way it feels in the users hands, how well the user understand how it works, 

how the user feel about the product while interacting with it, how well the product 

serves the user’s purposes, and how well the product fits into the entire context in which 

the users are using it (Alben, 1996). This definition lack precision and does not pin point 

the actual attributes that contribute to UX. Definitions like this appeared on a yearly 

basis during the 90’s and brought more to the usability discussion than to UX. 

Mäkelä and Fulton Suri (2001) had a smart approach when defining UX. They had a 

definition stating that UX is individual and that UX is influenced by the user’s 

motivation, previous experience and expectations (Mäkelä & Fulton Suri, 2001). The 
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newly achieved experiences then lead to more experience and modified expectations. 

This definition indicates that a universal design for satisfying more than a smaller 

segment of users is not an easy task. 

Hassenzahl and Tractinsky (2006) gave UX a more complex, thus precise definition. 

They defined UX as the consequence of three attributes’ interaction. These three 

attributes are: 

- user’s internal state (predispositions, expectations, needs, motivation, mood, 

etc.) 

- characteristics of the designed system (complexity, purpose, usability, 

functionality, etc.) 

- context (or the environment) within which the interaction occurs 

(organizational/social setting, meaningfulness of the activity, voluntariness of 

use, etc.). 

Furthermore Kuniavsky (2010) added the ISO 9241-11 standard’s usability attributes 

(effectiveness, efficiency and satisfaction) to the equation. But Kuniavsky (2010) 

included one addition as well; the quality of the relationship with the entity that created 

the product or service. All four attributes can be seen as UX measurement attributes, but 

do not provide a complete set of measurement metrics for websites. 

2.3 Users’ Navigation Strategies 

There is a broad amount of literature researching different individual varieties involved 

in web navigation (Juvina & van Oostendorp, 2006). E.g. Eveland’s and Dunwoody’s 

(1998) study show that novice users tend to navigate linearly while expert users navigate 

non-linearly and MacGregor (1999) demonstrated that users with greater domain 

knowledge in hypertext systems navigate more purposefully and adjust better the 

allocate time used for exploring the viewed content. Several studies report that 

navigation performance is positively affected by the users’ high spatial ability (Chen, 

2000). In turn, users with low spatial ability have difficulties creating a mental model of 

the information system (Stanney & Salvendy, 1995) and prefer semantic content 
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(Westerman, 1995). Aging has proven to decrease the capacity of ones working memory 

(Sjölinder, 1998) and computer confidence (Neerincx, Pemberton, & Lindenberg, 1999). 

However, what these studies do not research is repeats in behavior patterns that could be 

used for generalizing users, thus ease the user-centered design process by making user 

profile creation possible. 

Previously mentioned information architecture components such as taxonomies, search 

engines, and navigation elements are not the only website design elements (Morville & 

Rosenfeld, 2006). One has to take the user into account as well. And this is the point 

when IA designs begin to get complicated. The first step in designing IA for websites is 

to understand the reason why the users decide to visit your website in the first place, i.e. 

what their information need is (Morville & Rosenfeld, 2006). Depending on the users’ 

information need, they may apply different navigation strategies for reaching their goal. 

Prior studies have suggested that a good website design which facilitates a user’s 

browsing behavior would generally lead to a better user performance (Tan & Wei, 

2006). 

For finding the right information, some website users enter the website via the 

homepage while others access the site through other entry points. As the Internet offers 

many navigation aiding functionalities, such as search engines, it has become less 

common to enter a website through its homepage. Internet power users try to hit the 

desired page straight from the search engine. Power users does, however, still represent 

only a fraction of the total amount of users, and a websites homepage is usually the 

website’s most visited page. (Tan & Wei, 2006) Thus it is important that the website 

homepage offers clear navigation support to the user trying to navigate towards its goal. 

Depending on the users’ information need, they might apply different navigation 

patterns for finding the wanted information. In addition, users seem to follow different 

information-seeking behavior when navigating on the website. These navigation related 

theories will be presented in the next three chapters. 
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2.3.1 Navigation Patterns 

Juvina and van Oostendorp (2006) started analyzing navigation behavior on websites by 

gathering a set of first-order metrics. The first-order metrics that are relevant to this 

study are presented in table 2. From user tests they noticed that some of the first-order 

metrics converge into, what they call, second-order metrics. From the second-order 

metrics, they looked for patterns and found four reoccurring navigation behavior 

patterns; flimsy, laborious, divergent, and content focused navigation. 

Metric Description 

Path length The number of pages visited during the 

navigation session 

Back button usage The percentage of back button clicks 

among the navigation actions 

Average view time The total time spent on viewing pages 

divided by path length 

Deviation in view time It indicated how much the view time varies 

between pages 

Path density It measures at what extent users make use 

of all possible links of the site structure. A 

high path density indicates that the user 

makes use of short navigation sequences 

and returns to visited pages 

Compactness It is a measure similar to path density 

except that it takes into account the actual 

site structure (not all possible links in the 

site) 

Stratum It is a metric designed to capture the linear 

ordering of user navigation. A lower 

stratum means a lower distance between 

any two nodes and indicates less linear 

navigation. 

Average connected distance It indicates the average length of a path 

between any two connected pages 

Table 2. Juvina’s and van Oostendorp’s (2006) first-level metrics that is relevant to this 

study. 
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2.3.1.1 Flimsy Navigation 

A flimsy navigation strategy is a parsimonious navigation style, where most of the 

navigation is taking part around the homepage (Juvina & van Oostendorp, 2006). Juvina 

and van Oostendorp (2006) found that flimsy navigation style is identified by: 

- a small numbers of pages visited 

- high path density 

- high view time per page 

- low average connected distance 

- low number of cycles 

- high rate of home page visiting 

- high frequency of back button usage. 

Juvina and van Oostendorp (2006) came to the conclusion that the users with a flimsy 

navigation style spend more time processing the webpage content instead of 

understanding the hyper-structure that would point to the sought information. Another 

finding was that this user segment also had a relatively low Internet expertise and felt 

disoriented during the website navigation sessions. In addition, flimsy navigation users 

have low working memory and a low active mood as well as believing that they cannot 

be in control when navigating on a website. (Juvina & van Oostendorp, 2006) 

2.3.1.2 Content Focus 

Users with content focused navigation strategy go straight to the point. Their goal is to 

find the sought information and read it, nothing more. Juvina and van Oostendorp (2006) 

also found that content focused users use navigation as a means for reading. In addition 

to seeking after specific information, content focused users are also characterized by: 

- relatively high page view time 

- consistent view time 

- a small set of pages viewed (Juvina & van Oostendorp, 2006). 
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Content focused users navigate across the site looking for content clues on where they 

could find information that would satisfy their needs. This means that the users rely on 

the vocabulary and other symbols used on the website in order to find the needed 

information. If the users found satisfying information, they exit the website. Otherwise 

they reform their mental search query and continue browsing a few more items, 

alternatively leave the website without finding any relevant information. 

2.3.1.3 Laborious Navigation 

Laborious navigation style is a trial and error strategy with short iteration loops (Juvina 

& van Oostendorp, 2006). This means that the users follow links just to see whether they 

are useful or not. The users’ trial and error process is done in short iterations as the users 

generally recognize if the chosen path will lead to the goal or not. When running into 

wrong path, they backtrack to previous page and pick another link to follow for the next 

iteration round. According to Juvina and van Oostendorp (2006), laborious navigation 

strategy is identified by: 

- high numbers of links followed per page 

- high re-visitation rate 

- high number of cycles 

- high returning rate 

- high use of back button 

- high density 

- high number of pages visited 

- low average connected distance (short returns). 

In this case, high re-visitation rate is not due to users’ sense of disorientation, but rather 

a mean for looking around and getting a good representation of the hypertext system, 

due to weak spatial ability (difficulty in constructing and using a visual mental model of 

the information space) (Juvina & van Oostendorp, 2006). Users with laborious 

navigation style have a low interest in entertainment and look for clear queues on where 

to continue their search, and do not bother to look thoroughly through webpage content 

before they believe they are close to the information they are looking for (Juvina & van 
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Oostendorp, 2006). Furthermore, this user group make and extensive use of the 

navigational mechanism provided by the website. Even though these users compensate 

their low spatial ability with high episodic memory, they rely on the navigation 

mechanisms to provide a hint on their current location in the site (Juvina & van 

Oostendorp, 2006). 

This group of users utilizes a trial and error strategy, and does not seem to have as good 

mental search query as the users from the content focus group. In addition, the website’s 

vocabulary and keywords might not match the users’ mental model and that is why they 

iterate their way to the information they seek. Based on the webpage content, the users 

decide whether to continue digging after information from that webpage’s hyperlinks or 

return to the previous webpage. 

2.3.1.4 Divergent Navigation 

Divergent navigation is an explorative navigation style, where users are not eager to 

revisit webpages, rather explore new direction (Juvina & van Oostendorp, 2006). Every 

time a user enters a page they follow a new link. Juvina and van Oostendorp (2006) 

found that the first-order metrics that characterizes divergent navigation style are: 

- low compactness 

- high stratum 

- low homepage use 

- high connected distance (long returns). 

High propensity to trust seemed to be one user characteristic that all users with divergent 

navigation style possessed (Juvina & van Oostendorp, 2006). 

2.3.2 Information Needs 

Information needs are the fundamental drivers in users’ behavior in an information 

system. By figuring out the users’ information needs, it is easier to design an 

information system that satisfies the users, and thus enhance their user experience (J. 

Nielsen, 1993; ISO 9241-11, 1998; Hassenzahl & Tractinsky, 2006). Morville and 
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Rosenfeld (2006) mapped users’ information needs into four common categories; the 

perfect catch, lobster trapping, indiscriminate driftnetting, and I’ve seen you before, 

Moby Dick. The category names gives a hint of what type of user need might be in 

question.  

2.3.2.1 The Perfect Catch 

Users categorized as “perfect catchers” search for a specific piece of information 

(Morville & Rosenfeld, 2006), like the population of Rome or the Latin name of an 

animal. These users have an exceptionally good idea of what they are looking for and do 

not stop to view irrelevant items. The faster they find the information, the more satisfied 

they are. 

2.3.2.2 Lobster Trapping 

The lobster trapping category is less goal oriented as the perfect catch category. Users in 

this category does not really know what they are looking for, and are not committed to 

browse more than just a few items (Morville & Rosenfeld, 2006). The users are not 

looking for a perfect catch, because they would probably not recognize the perfect catch 

even if they found it. However, the users have a clue of what type of information they 

want to find, and any useful information fitting into that description or pointers to where 

they might find information like that is good enough (Morville & Rosenfeld, 2006). 

Users with this type of need might use a bit more time to browse the system than a 

perfect catcher, but gives up the search fairly easy after scrolling through a couple of 

interesting items. 

The information system can help this user group with satisfying their information need 

by suggesting articles or items that the users might find interesting. This would shorten 

the navigation time and make browsing more effective, hence improving the UX. 

2.3.2.3 Indiscriminate Driftnetting 

Indiscriminate driftnetting users want to find out everything about a certain topic, and 

will not leave a stone unturned (Morville & Rosenfeld, 2006). This group of users is not 
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easily satisfied, as they are looking for a lot of data. The case might even be that the 

users do not realize that they have found out all there is to know about a certain topic, 

and keeps on searching for non-existing information. This will lead to malcontent. 

2.3.2.4 I’ve Seen You Before, Moby Dick… 

Users with information needs belonging to the “I’ve seen you before, Moby Dick” 

category want to save or bookmark the found information, so that it is easily accessible 

in the future (Morville & Rosenfeld, 2006). When it comes to hypertext information 

systems on the Internet, most Internet browsers have bookmark functionality that can be 

used for this type of purpose. In addition, there are several tools and services online that 

provide a similar solution, e.g. del.icio.us. 

This information need category seem to be more like an additional information need, 

and can be combined with either perfect catch, lobster trapping or indiscriminate 

driftnetting, than a primary information need. Figure 9 visualizes how Morville’s and 

Rosenfeld’s (2006) four information needs are related to each other. 

 

Figure 9. Visualization of users’ different information needs (Morville & Rosenfeld, 

2006). 
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2.3.3 Information-Seeking Behaviors 

The basic building blocks of information-seeking is searching, browsing, and asking 

(Morville & Rosenfeld, 2006). Users enter search queries into the information system’s 

search field, browse the information system going from link to link, and asking other 

humans for pointers using any suitable communication medium. 

According to Morville and Rosenfeld (2006) there are two different major aspects in 

information-seeking behaviors; integration and iteration. Integration means that the user 

utilizes all of the three information-seeking building blocks (Morville & Rosenfeld, 

2006). Might be that the user starts with browsing for an item that will be of help when 

formulating a search query to look for a more specific piece of information. Finally, the 

user verifies the found information from e.g. IT-service desk via email. 

In turn, iterative information-seeking navigate in the information system purely using 

the browsing building block (Morville & Rosenfeld, 2006). Might be that the user does 

not find the information straight away, but using try and error strategy the user finds the 

way to the in sought information. In between the try and error iterations, the users’ 

information needs might as the users get exposed to surrounding information (Morville 

& Rosenfeld, 2006). 

In addition to these two information-seeking aspects, Morville and Rosenfeld (2006) 

also introduced three information-seeking behavior models; berry-picking, pearl-

growing, and two-step. 

2.3.3.1 Berry-Picking Model 

The berry-picking model was introduced by Morville and Rosenfeld (2006), but was 

actually developed by Dr. Marcia Bates of the University of Southern California 

(Morville & Rosenfeld, 2006). Users following the berry-picking model start off with a 

search query, and from the found information they pick some “berries” and rephrase 

their search query to something more specific using the newly learnt information 

(Morville & Rosenfeld, 2006). This procedure is iterated until the sought information is 

found. 
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To support this type of users on a website, the search mechanism need to support 

seamless navigation between searching and browsing, making the berry-picking more 

smooth (Morville & Rosenfeld, 2006). In addition, a good labeling system and 

controlled vocabulary would make it faster and, eventually, easier to find information 

(Farnum, 2002). A good preview of the search results would also make it easier for the 

users to quickly glance through the results, and even pick their berries from the search 

results view without having to browse to the articles themselves. 

2.3.3.2 Two-Step 

Two-step model is, as the name says, a two-step process. During the first step, users are 

confronted with the information system’s navigation elements linking to different 

subsections. After viewing the navigation elements, users enter step two where they 

need to choose the most suitable candidate(s) from the subsections, from where they 

start browsing for more specific information. This information-seeking process is then 

iterated. (Morville & Rosenfeld, 2006) 

According to Morville and Rosenfeld (2006) the users seeking behavior might be 

radically different between iterations, especially if the information presentation structure 

varies between information system sections. As the users are facing a decision, where 

they need to choose where to go next and all based on the navigation elements 

appearance and clues, it is crucial to “speak” the same language as the users. Having a 

good navigation system promoting the proper keyword and/or icons would support the 

users in their decision, e.g. do you name a subsection, containing items for sale, products 

or items. Small words can make a big difference. 

2.3.3.3 Pearl-Growing 

Users following the pearl-growing model start off with a few good documents that 

match their information needs perfectly. What they want to find is more information like 

that (Morville & Rosenfeld, 2006). Many web services have a functionality to find 

documents related to the currently viewed document in a click of a button, e.g. Google 
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and Flickr. Pearl-growing seeking behavior is iterative by nature, and seems to at least 

partially overlap with two-step. 

As with berry-picking model, a good labeling system and controlled vocabulary it would 

be easier to find similarities in documents. Comparing a whole document with another 

document is a burden, but comparing documents’ keywords and tags is a lot simpler 

task. With all this in place, the system could suggest proper documents to the users 

which ease their browsing effort and makes the information-seeking more efficient, 

hence better UX (J. Nielsen, 1993; ISO 9241-11, 1998; Hassenzahl & Tractinsky, 2006).  
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3. Data and Methods 

3.1 Data Collection 

The analyzed data is collected using Adobe’s SiteCatalyst software. SiteCatalyst is a 

web analytics tool, customizable to perform almost any kind of automated data 

collection ranging from measuring server loads to website visitor behavioral data. The 

tools helps marketers to quickly identify the most profitable paths through a website, 

segment traffic to spot high-value web visitors, determine where visitors are navigating 

away from the site, and identify critical success metrics for online marketing campaigns. 

Data is collected in two different ways from the website. The more common method is 

to attach JavaScript tags and scripts to the webpage. Each attached JavaScript listens to 

certain events, and when those events get triggered, the JavaScript scripts forward the 

recorded data to SiteCatalyst. The other method is to attach data as parameters in the 

HTTP request headers. The data is then harvested from the server logs and gets 

forwarded to SiteCatalyst. JavaScript variables provide detailed information about the 

users’ behavior, while the HTTP request header parameters provides general information 

about which pages are visited and for how long the users have stayed on certain pages. 

The global IT company collects 95 % of all the data in SiteCatalyst via JavaScript. 

The global IT company uses JavaScript variables in various ways. One use case is to 

enhance so called campaign links, so that they provide additional tracking data for 

tracking marketing conversions. With these campaign links, the web analytics tool can 

identify users that enter the global IT company’s site via external links. 

In this study, SiteCatalyst collects only data from the global IT company’s own domains, 

which means that Sitecatalyst will start recording data once the user enters one of the 

global IT company’s domains, and stops as soon as the user enters an external domain. 

However, even though the user exits the company’s domains, the SiteCatalyst session 

will stay alive for 30 minutes, and wait for the user to eventually return to the site. 

SiteCatalyst cannot record data if the browser is not compatible with JavaScript or has 

JavaScript switched off. 
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3.2 Sample 

As the global IT company has local webpages in 144 different regions or countries, I 

narrowed down the data to one country; Finland. The Finnish website had during 1 year 

(1.10.2011 – 30.9.2012) a total of 6 475 461 visitors, which gives an average of 539 622 

visitors per month. As the global IT company continuously pursues to increase their 

market share, the websites’ content change in fast pace. To keep the Finnish website’s 

content as static as possible, I narrowed down the scope to 1 month and chose to analyze 

the latest data at hand, which was from September 2012. 

During the time 1 – 30.9.2012 the global IT company’s Finnish website had a total of 

526 083 visitors that accessed 3 147 different webpages. To further narrow down the 

scope, I chose to focus on visitors entering the website from the most popular entry 

point, which in this case was the homepage. A total of 135 856 visitors entered the 

global IT company’s Finnish website via the homepage, which is 25.82 % of all visitors. 

Furthermore, this study intends to mainly focus on navigation patterns. As SiteCatalyst 

does not provide an appropriate standard filtering tool for visualizing and categorizing 

patterns, I needed to manually extract the data and create the visualizations.  

The data scope is presented in table 3.1. 

 
Amount of 

visitors 
% - all visitors Timeframe 

Site journey 

lengths 

Homepage 135 856 25.82 1 – 30.9.2012 1 – 10 

Table 3.1. Scope of the analyzed data. 

To answer my first research question, I needed to figure out which parts of the global IT 

company’s website drew the most homepage visitors to them. SiteCatalyst provided a 

next page flow report presenting a visualization of site journeys, showing how many 

users have chosen what page to view next from a certain page. However, this report had 

some flaws. You could not filter the data so that it would have been only contained data 

for users with the homepage as entry point. Another limitation was that it only showed 

the ten most used paths and categorized the rest under “others”. And finally, the view 

could only show site journey lengths that were three page view long. However, the data 
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that the enhanced site journey view was based on was viewable in a full path report. The 

full path report presents site journey paths with three different base metrics; site journey 

path, amount of visits, and percentage of total visitors. The two first mentioned are used 

in this study, as the percentage was measured in proportion to an inappropriate metric 

for this study. Full path report included a set of filters, of which I utilized the option to 

set the time interval, the entry point, and the site journey length. Now I could 

successfully extract the top 20 most used site journeys from each site journey length 

from 1 to 10 during the time period 1 – 30.9.2012. The full path report included only 

raw data, meaning there were no second-order metrics available. Thus, the data used for 

analysis in this study is directly based on raw data. 

The other research questions could have utilized the same next page flow report, but 

because of the tools limitations, I could not get enough data coverage from it. Three 

page view long paths are not enough to draw any conclusions about user needs, search 

behaviors and navigation styles. Consequently, my analysis mostly revolves around data 

gathered from the full path report. 

3.3 Analysis 

When I began looking into studies related to extracting usability and/or user experience 

metrics from web analytics data, I noticed that there did not seem to be any good base 

information to start with. Consequently, I had a look at the available web analytics tool 

to view what SiteCatalyst had to offer. The web analytics tool had a massive collection 

of different metrics, from which I noticed that some could be applied to Juvina and van 

Oostendorp’s (2006) first-order metrics presented in chapter 2.3.3. However, much 

manual work was needed in order to extract the proper data. In this chapter I will go 

through the methods I used for extracting the homepage visitors’ user characteristics and 

map them into different categories and styles. 

3.3.1 Users’ Interests 

The first research question asked to what part of the website the majority of homepage 

visitors navigate to. To answer the question, I utilized SiteCatalyst’s full path report. 
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From the report, I selected the top 20 most used site journey paths from each site journey 

with lengths between 2 and 10. This resulted in a data set of 180 different site journey 

paths. For each site journey length, I extracted the webpages that the first taken link 

from the homepage pointed to. To get a general understanding of the users’ interests, I 

sorted the webpages into categories such as product pages, app pages and support pages. 

3.3.2 Extracting Site Journey Patterns 

In order to be able to draw any conclusions based on the navigation patterns, I first 

needed to draw a visualization of them. For that I used two metrics; site journey length 

and site depth. Site journey length indicates the amount of webpages that the visitors 

view before exiting the website. Site depth is a measurement for how deep into the site 

the webpage is found. The site depth metric is visualized in figure 10. 

 

Figure 10. Site depth metric measures how deep into the website architecture webpages 

are located.  

However, the site depth metric provided by SiteCatalyst did not represent the website’s 

actual site depth, just the “folder” structure of the global IT company’s content 

management system. To calculate the correct site depth I needed to draw a node chart 

(see figure 11) representing the website. This turned out to be much more extensive job 

than anticipated, so drawn node chart contained only the relevant webpages to this study.  
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Figure 11. A node chart representation of the global IT company’s website. 

Finally, when drawing the site journey patterns used a grid with y-axis representing site 

depth and x-axis representing site journey length or “time”. The y-axis is inverted where 

the topmost value is the shallowest site depth and bottommost value the deepest site 

depth. This resulted in a timeline representation of a site journey, from where some user 

characteristics’ features could be found and together with first-order metrics combined 

to corresponding user categories. An example of a site journey pattern is found in figure 

12. 
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Figure 12. Example of a site journey pattern. 

3.3.3 Mapping Site Journey Patterns to Corresponding User Characteristic 

The previously mentioned visualization of the site journey patterns was a spot-on data 

presentation when answering the research question what type of navigation style does 

the homepage visitors have. In turn, when mapping the site journey patterns to website 

visitors’ information needs and seeking-behaviors, the site journey patterns only 

provided a clue on what type of user characteristic might be in question. To verify the 

result, a closer look at the full path reports was needed. 

3.3.3.1 Navigation Styles 

Mapping site journey patterns to corresponding navigation style category was fairly easy 

for some styles, while others were more difficult. Laborious navigation style always had 

a distinct zigzag pattern, showing how the user has iterated the way through to the 

sought information. An example of a laborious navigation style pattern can be found in 

figure 13. In addition to simply determine the navigation style based on the patterns, I 

verified the findings with identifiers mentioned in chapter 2.3. 

 

Figure 13. Example of a laborious navigation style pattern. 

Content focused navigation style was in some cases easy to identify and in some cases 

not. In the easy case, patterns looking like the example in figure 14 are most likely a 

content focused navigation style. In the latter mentioned case, the pattern itself could 

have been either laborious navigation and/or content focused (see figure 15). Only after 
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looking at the patterns’ identifiers, the navigation style could be verified. In some rare 

cases, it was impossible to match the pattern with a specific navigation style. 

 

Figure 14. Example of a content focused navigation style pattern. 

 

Figure 15. Example of a pattern that could be content focus and/or laborious navigation 

style. 

Figure 16 shows an example on how a divergent navigation style site journey pattern 

might look like. Divergent navigation styles had a distinct V-pattern, making it easy to 

recognize. But as with rest of the navigation styles, the verification was done by 

checking that the navigation style’s identifiers match with the data. 

 

Figure 16. Example of a divergent navigation style pattern. 

Flimsy navigation style did also have a distinct characteristic, making it rather easy to 

spot. When information-seeking runs into a dead end, users with flimsy navigation style 

“reset” their searching by returning to the homepage instead of backtracking (see figure 

17). To confirm the findings, all navigation style identifiers were checked. 

 

Figure 17. Example of a flimsy navigation style pattern. 
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3.3.3.2 Information Needs 

To extract the information need categories (presented in chapter 2.3.1) from the full path 

report needed a more detailed approach was needed. Based on the site journey pattern 

visualizations, I could make a good guess on the information need category, but not as 

precise as in navigation styles’ case. From the detailed site journey data, it was possible 

to resolve most of the cases where the pattern visualization showed characteristics of 

two or more different information need categories. However, some site journey patterns 

could not be linked to any information needs, and some was linked to multiple 

information needs. 

Regarding site journey pattern visualization, the perfect catch information need had 

similar characteristics as content focused navigation style (see figure 14). However, only 

few identifiers could be verified from the pattern visualization. In order to check the rest 

of the identifiers, a more thorough analysis of the detailed data was needed. The site 

journey pattern visualization reveals only the site depth of the webpages viewed and it 

was necessary to check whether the visitors viewing multiple same depth level pages 

were viewing webpages from the same subsection or moving between subsections using 

quick links (see table 3). Visitors viewing multiple pages about a certain topic, such as a 

specific product, would fall under indiscriminate driftnetting or perfect catch, while 

visitors viewing different products’ specification pages would count as lobster trapping. 

Indiscriminate driftnetting / perfect 

catch 

Lobster trapping 

Entered Site Entered Site 

Home Home 

Products Products 

Products – Product 1 – Overview Products – Product 2 – Overview 

Products – Product 1 – Specifications Products – Product 2 – Specifications 

Products Products 

Products – Product 1 – Overview Products – Product 1 – Overview 

Products – Product 1 – Specifications Products – Product 1 – Specifications 

Exited Site Exited Site 

Table 3. Two different information needs resulting in the same site journey pattern 

visualization. 
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A visitor looking for the perfect catch might not find the information at once and might 

end up viewing several more pages than necessary. This results in a pattern similar to 

visitors with indiscriminate driftnetting information needs. These cases are not that 

many but, nevertheless, would need more qualitative research in order to be verified. In 

order to separate between perfect catch and indiscriminate driftnetting, I created 

additional criteria. To be counted as a visitor with the indiscriminate driftetting 

information need, the visitors needed to visit more than 50 % of the available webpages 

under the topic of interest. E.g. product 1 has a total of 5 different pages available and 

visitors would need to view at least 3 of those pages. Otherwise, site journey patterns 

were counted as the perfect catch information need. The lobster trapping information 

need was identified by visitors viewing similar webpages under the same topic.  

3.3.3.3 Seeking-Behavior Aspects and Types 

As described in chapter 2.3.2, there are two major aspects in seeking-behavior; 

integration and iteration. From SiteCatalyst’s full path report, I managed to extract the 

data needed to determine the visitor’s seeking-behavior aspect. Integration aspect of 

information seeking involves using the websites search system, and was fairly easy to 

extract from the report. In turn, iterative way of navigating a website involved only 

using the provided navigation mechanisms, and basically covers rest of the navigation 

patterns. 

From the three different seeking-behavior types presented in chapter 2.3.2, berry-picking 

stood out as it is the only purely integration based seeking-behavior type. To verify the 

berry-picking seeking-behavior style, I looked for two identifiers; visitor utilized the 

global IT company’s search system, and if visitor made multiple searches, check that 

new page was accessed after every search. This was done by analyzing SiteCatalyst’s 

full path report. 

Two-step and pearl-growing both look alike when comparing the site journey pattern 

visualizations. Both have an iterative nature, so a more comprehensive approach was 

needed. As theory did not provide any clear identifiers for distinguishing these two 

seeking-behavior types, I needed to figure out a rule that could be used for separating 
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two-step and pearl-growing based on the available web analytics data. Pearl-growing 

seeking-behavior type is looking for multiple similar items. Therefore, I counted all site 

journey patterns in SiteCatalyst’s full path report, indicating that the visitors viewed 

similar webpages within the same topic, as pearl-growing. An example of similar 

(iterative) site journey pattern visualization with different outcome is found in table 4. 

Two-step Pearl-growing 

Entered Site Entered Site 

Home Home 

Products Products 

Products – Product 1 – Overview Products – Product 2 – Overview 

Products – Product 1 – Specifications Products – Product 2 – Specifications 

Products – Product 1 – Overview Products 

Products Products – Product 1 – Overview 

Products – Compare Products – Product 1 – Specifications 

Exited Site Exited Site 

Table 4. Similar site journey pattern visualizations represented two different seeking-

behaviors after a closer look at the full path report. 
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4. Results 

In this section, the results from the analysis of collected data are presented. The results 

were reached with analyzing page visit reports and mapping the different seeking-

behavior, information needs and navigation style type characteristics to the site journey 

patterns. The main findings gave answers to all four research questions in this study, 

highlighting the most popular webpage categories and most common seeking-behaviors, 

information needs, and navigation styles. I will briefly present some examples from the 

research question answers. 

4.1 Short statistical introduction 

The data was collected during the period 1.9 – 30.9.2012. During this period, the site 

was visited by a total of 526 083 visitors, of which 382 147 (73 %) were unique visitors.  

Entry page Amount of 

visitors 

% - all 

visitors 

Home  135 856 25.8 

Products – Product 1 – Overview 37 951 7.2 

Product Family 1 27 849 5.3 

Products – All Products 26 466 5.0 

Product Family 1 – Mobile 25 697 4.9 

Support – Troubleshooting 12 026 2.3 

Support  11 400 2.2 

Products – Product 3 – Overview 10 914 2.1 

Products – Product 5 Promo 9 603 1.8 

Products – Product 2 – Overview  9 524 1.8 

Support – Software Update  8 026 1.5 

Apps 7 545 1.4 

Products – Product 2 Promo  6 461 1.2 

Products – Product Family 1 5 690 1.1 

Products – Product 4 – Overview 5 589 1.1 

Products – Product 5 – Overview  5 306 1.0 

Support – Product – Desktop Software 1 – Support 5 285 1.0 

Support – Product – Product 3 – Support 4 614 0.9 

Support – Product – Product 6 – Support 4 210 0.8 

Support – Product – Music – Support 3 799 0.7 

Table 5. List of the 20 most common entry pages to the website. 
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Furthermore, SiteCatalyst registered that these 526 083 site entries were spread across 

3147 different pages. Table 5 presents the 20 most common entry points to the website. 

As can be seen in table 5, 135 856 (26 %) of all visitors used the homepage as entry 

point, whereas merely 37 951 (7.2 %) of all visitors entered through the second most 

common entry point ”Product 1”.The report thus makes it clear that the homepage is the 

most common entry point, and it is motivated to focus on site journeys that start from the 

homepage. The rest of chapter 4 will only focus on the visitors that entered through the 

homepage and will be referred to as homepage visitors. 

The average homepage visitor views 4.67 pages per visit. The median is 3 page views 

per visit, as 53 % of the homepage visitors view only 1, 2 or 3 pages before exiting the 

site. Table 6 is a summary of homepage data collected from SiteCatalyst, and cannot be 

found from the system as such. 

 
Amount of 

visitors 
% - all visitors 

Average page 

views / visit 

Median page 

views / visit 

Homepage 135 856 25.82 4.67 3 

Table 6. Summary of homepage data. 

Table 7 lists the data for site visits that last between 1 and 20 page visits. The Bounce 

rate (visitors exiting the site) is relatively high as 6.14 % of all visitors visit only the 

homepage. Of all visitors, 3.91 % visits 2 pages, 3.68 % three pages and 2.90 % four 

pages. Next I will go through these  

Moreover, table 7 shows the amount of path combinations taken in each site journey 

length. The total amount of combinations for users with 2 pages long site journey is 215, 

which mean that the users have managed to get to 215 different locations from the 

homepage. By roughly counting the visible links on the homepage, I get to 

approximately 60 – 70 links (both internal and out-going) which is significantly less than 

215. This would indicate that some users utilize the browsers URL field and navigate to 

pages by manually typing the URLs.  
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Steps Amount of 

Visitors 

% - Visitors Combinations 

1 32 308 6.14 1 

2 20 549 3.91 215 

3 19 337 3.68 1 356 

4 15 271 2.90 4 012 

5 10 804 2.05 6 348 

6 8 002 1.52 6 655 

7 6 253 1.19 5 909 

8 4 669 0.89 4 588 

9 3 630 0.69 3 616 

10 2 792 0.53 2 782 

11 2 220 0.42 2 218 

12 1 736 0.33 1 735 

13 1 358 0.26 1 358 

14 1 112 0.21 1 110 

15 924 0.18 924 

16 777 0.15 777 

17 639 0.12 639 

18 492 0.09 492 

19 452 0.09 452 

20 367 0.07 367 

Total (first 20 

items) 

133 692 25.41 45 554 

Total 135 856 25.82 47 844 

Table 7. Collection of statistics for visitors viewing between 1 and 20 pages per visit. 

4.2 Data Collection for Site Journey Lengths 1, 2 or 3 

The majority of home page visitors (53.17 %) go via 3 pages or less. This imply that 

more that 50 % of the home page visitors leave the site after viewing less than four 

pages. Below, table 8 summarizes the most common amount of pages per view for 

homepage visitors. 

Steps Amount of visitors % - homepage visitors 

1 32 308 23.79 

2 20 549 15.13 

3 19 337 14.24 

Total 72 194 53.17 

Table 8. Table presents a summary of visitor data for visits where site journeys are 

between one and three pages long. 
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In the next section, I will highlight the most common site journeys in the range between 

two and three page views. In total, 15.13 % of all homepage visitors visit one more page 

on the site after the homepage (see table 8), and 14.24 % of all homepage visitors visit 

two more pages after leaving the homepage (see table 8).  

As can be seen in table 9, the majority of visitors leaving the site after two page views, 

visits either “products” (4.64 %) or the specific “product 1” (3.10 %) as their second 

page. The popularity of “product 1” can be explained by the fact that the product in 

question was released on the market during the period of data collection (September 

2012). In table 9 one site journey path of length 2 can be seen as one page link clicked.  

Page 1 Page 2 

Amount 

of 

visitors 

% - 

homepage 

visitors 

Home Products – All products 6 313 4.64 

Home Products – Product 1 – Overview 4 211 3.10 

Home Products – Product family 1 Promo 921 0.68 

Home About – Careers 836 0.61 

Home About – Press 761 0.56 

Home Search 707 0.52 

Home Products – Product family 1 622 0.46 

Home Support – Software update for products family 1 600 0.44 

Home Products – Product 2 – Overview 528 0.39 

Home About – Investors 467 0.34 

Home Apps 441 0.32 

Home Products – Accessories – Accessory 1 - Overview 387 0.28 

Home Apps – Music 346 0.25 

Home Support – Software update for products family 2 336 0.25 

Home Support 271 0.20 

Home Products – Product category 1 237 0.17 

Home About 233 0.17 

Home Contact 201 0.15 

Home Products – Top accessories 182 0.13 

Home Products – Product 3 – Overview 137 0.10 

 Total (first 20 paths) 18 737 13.78 

 Total 20 549 15.13 

Table 9. 20 most common two page long site journeys and the total amount of two page 

long site visits. 

Taken together, 8 of the 20 links presented in table 9 were links that lead to products or 

subpages of products, 4 links lead to pages related to information about the company, 3 
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links lead to support or subpages of support, 2 links lead to app related pages, 1 link to 

search, 1 link to contact, and 1 of the 20 links led to a product family page. Interestingly, 

6 out of the 20 links led to product pages concerning the new product family that 

recently had been released. This distribution is visualized in figure 18. 

 

Figure 18. This figure presents how many webpages in which categories was visited. 1
st
 

link indicates the link between the first and the second webpage in the site journey etc. 

In table 10, the site journeys with a path length of 3 page views are presented. The 

majority of homepage visitors leaving the site after 3 page views go via “product 1 - 

overview” to “product 1 - specifications” (1.65 %). The second, third and fourth most 

popular paths of three page views all go via the product page, and end up in either 

“product compare” (0.86 %), “product 1 - overview” (0.85 %) or return to the homepage 

(0.43 %). Again, the announcement of product 1 during the period of data collection had 

a clear effect on the site visitors end destination. 23 links out of 40 took the user to a 

product related page, and 11 out of those 23 product pages concerned the new products’ 

specifications that recently had been released.  
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Page 1 Page 2 Page 3 AoV % - HV 

Home Products – Product 1 – 

Overview 

Products – Product 1 – 

Specifications 

2 238 1.65 

Home Products – All products Products – Compare 1 171 0.86 

Home Products – All products Products – Product 1 – 

Overview 

1 156 0.85 

Home Products – All products Home 581 0.43 

Home Products – Products 

family 1 promo 

Products – Product 1 – 

Overview 

509 0.37 

Home Products – Product 1 – 

Overview 

Home 439 0.32 

Home Products – Accessories – 

Accessory 1 – Overview 

Products – Product 1 – 

Overview 

392 0.29 

Home Apps Apps – Latest apps 307 0.23 

Home Products – All products Search 234 0.17 

Home Support Support – Contact 231 0.17 

Home Products – Product 1 – 

Overview 

Products – All products 224 0.16 

Home Products – Product 1 – 

Overview 

Products – Features – 

Feature 1 

208 0.15 

Home Products – Product 

family 1 

Products – All products 191 0.14 

Home Apps Apps – Global IT 

company’s apps 

180 0.13 

Home Products – All products Products – Product 1 – 

Overview 

166 0.12 

Home Products – All products Products – Top Accessories 162 0.12 

Home Support Support – Product – Product 

3 – Support 

161 0.12 

Home Apps Apps – Latest apps – 

Products family 1 apps 

154 0.11 

Home Products – Product 1 – 

Overview 

Products – Product 1 – 

Accessories 

151 0.11 

Home Products – All products Products- Product family 1 

promo 

150 0.11 

  Total (first 20 paths) 9 005 6.62 

  Total 19 337 14.24 

Table 10. Detailed view of site journeys with site journey length equals three. Amount of 

visitors = AoV, Homepage visitors = HV. 

Taken together, 13 of the 20 first step links presented in table 10 were links that lead to 

products or subpages of products, 3 links lead to pages related apps, 2 links lead to 

support or subpages of support, and 2 links lead to a product family page. Moreover, the 

second step links mostly took the user to product pages (10 out of 20 links). Out of the 
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remaining 10 second step links, 3 lead to app related pages, 2 to support related pages, 1 

to product family page, 1 to search page, 1 to technology page, and 2 returned to the 

homepage. This distribution is visualized in figure 18. 

4.3 All Site Journey Lengths 

The first link taken from the homepage decides what kind of content the visitors will be 

viewing for at least the first part of their site journey. Homepage visitors choose 

remarkably more often a product page as their first page to view after the homepage. 

The distribution of webpage categories for the first links taken from the homepage are 

visualized in figure 19. 

 

Figure 19. This figure presents how many webpages in which categories was visited as 

the first webpage viewed after the homepage. 
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Other pages with a relatively constant popularity are apps, support, about and product 

family 1 related pages. Search and contact related pages are chosen sporadically as the 

first link. This distribution for site journey lengths between two and ten is visualized in 

figure 19. From the SiteCatalyst’s full path report data it was clear that the majority of 

visitors stayed on the first explored webpage category the whole site journey. Thus most 

visitors visiting products as their second page browsed around the same webpage 

category until leaving the website. 

4.3.1 View Times 

Below, table 11 presents the average time spent on the pages that have been presented in 

table 9 and table 10. These pages are thus the most common page views for home page 

visitors. As can be seen, “compare products” is the page where users on average stayed 

the longest time (3.8 min). Other pages where users on average have stayed long are 

“software update for product family 1” (3.2 min), “software update for product family 2” 

(2.9 min) and “product 1 specifications” (2.8 min). On the opposite, the pages that have 

been visited the shortest time are “apps” (0.6 min), “product 1 accessories” (0.6 min) 

and “support” (0.7 min). 

When looking at the webpage categories, users seem to, in average, stay the longest on 

support related pages (2.06 min), company information pages (1.53 min), and product 

related pages (1.48 min). While on the opposite, the shortest average time spent on a 

page category is home page (0.9 min), search (1.0 min) and apps (1.22 min).  
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Page Average page view time  

About 0,9 min 

About – Careers 1,6 min 

About – Investors 1,5 min 

Apps 0,6 min 

Apps – Latest apps 1,4 min 

Apps – Latest apps – Product family 1 apps 1,7 min 

Apps – Global IT company’s apps 0,7 min 

Apps – Global IT company’s apps - Music 1,7 min 

Contact 1,3 min 

Home 0,9 min 

Products – Products family 1 promo 1,2 min 

Products – Accessories – Accessory 1 - Overview 1,0 min 

Products – Compare 3,8 min 

Products – Products family 1 1,2 min 

Products – Product 3 – Overview 1,2 min 

Products – Product 2 – Overview 1,2 min 

Products – Product 1 – Accessories 0,6 min 

Products – Product 1 – Overview 1,6 min 

Products – Product 1 – Specifications 2,8 min 

Products – All products 1,1 min 

Products – Product category 1 0,8 min 

Products – Top accessories 1,0 min 

Search 1,0 min 

Support 0,7 min 

Support – Contact 1,7 min 

Support – Software update for products family 2 2,9 min 

Support – Product – Product 3 – Support 1,8 min 

Support – Software update for products family 1 3,2 min 

About – Press 2,1 min 

Products – Features – Feature 1 1,1 min 

Table 11. Table of average times spent on webpages. 

4.3.2 User profiles 

According to Morville and Rosenfeld (2006), there are four different categories of user 

needs. Based on SiteCatalyst data, three of these categories could be identified and are 

presented in table 12. The majority of users go under the category of perfect catchers 

(64.22 %), followed by lobster trappers (32.38 %). The category indiscriminate 

driftnetting (1.70 %) was merely present, while the Moby Dick category could not be 

identified at all due to limitations in the available web analytics data. 1.7 % of collected 

data could not be fit into this model. 
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Pages 

viewed 

PC % LT % ID % MD 

1 N/A N/A N/A N/A N/A N/A N/A 

2 10 823 57.75 N/A N/A 0 0.00 N/A 

3 6 794 75.45 3 320 36.87 0 0.00 N/A 

4 2 808 81.41 698 20.24 171 4.96 N/A 

5 360 39.74 222 24.50 223 24.61 N/A 

6 149 48.38 82 26.62 124 40.26 N/A 

7 20 17.09 83 70.94 9 7.69 N/A 

8 6 10.17 46 77.97 6 10.17 N/A 

9 3 8.82 28 82.35 12 35.29 N/A 

10 3 10.00 25 83.33 9 30.00 N/A 

Weighted 

average 

 64.22  32.38  1.70  

Table 12. The weighted average calculated for Morville and Rosenfeld’s (2006) user 

needs categories. PC = Perfect catch, LT = Lobster trapping, ID = Indiscriminate 

driftnetting, MD = Moby Dick. 

Seeking behaviors can be categorized in both types and styles (Morville & Rosenfeld, 

2006). Seeking behavior types are listed in table 13. The percentages are significantly in 

favor of iterative seeking behavior (91.82 %) against integration (2.60 %). The 

remaining 4.2 % could not be determined due to insufficient data. 

Pages viewed Integration % Iteration % 

1 N/A N/A N/A N/A 

2 707 3.77 N/A N/A 

3 234 2.60 8 268 91.82 

4 97 2.81 3 335 96.69 

5 0 0.00 808 89.18 

6 0 0.00 263 85.39 

7 0 0.00 96 82.05 

8 0 0.00 52 88.14 

9 6 17.65 28 82.35 

10 5 16.67 27 90.00 

Weighted average  3.21  92.59 

Table 13. The weighted average calculated for Morville and Rosenfeld’s (2006) seeking-

behavior types. 
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Furthermore, Morville’s and Rosenfeld’s (2006) seeking behavior styles are listed in 

table 14. The most common seeking behavior style is two-step (58.09 %), followed by 

pearl growing (32.84 %). On the opposite, berry-picking (3.21 %) is the least used 

seeking behavior style. 5.86 % of collected data could not be under any of the seeking 

behavior styles. 

Pages 

viewed 

 

 

Berry  

picking 

% Pearl 

growing 

% Two-

step 

% 

1  N/A N/A N/A N/A N/A N/A 

2  707 3.77 N/A N/A 10268 54.79 

3  234 2.60 2 781 30.88 5199 57.73 

4  97 2.81 695 20.15 2640 76.54 

5  0 0.00 561 61.92 454 50.11 

6  0 0.00 297 96.43 206 66.88 

7  0 0.00 117 100.00 97 82.91 

8  0 0.00 57 96.61 57 96.61 

9  6 17.65 33 97.06 21 61.76 

10  5 16.67 27 90.00 24 80.00 

Weighted 

average 

  3.21  32.84  58.09 

Table 14. The weighted average calculated for Morville and Rosenfeld’s (2006) seeking 

behavior styles. 

Finally, results for the analysis on Juvina and van Oostendorp’s (2006) navigation styles 

are presented in table 15. Most homepage visitors use a content focused (77.03 %) 

navigation style. Some visitors are using laborious (15.56 %) and divergent (7.14 %) 

navigation styles, while almost no visitors are using a flimsy (0.78 %) navigation style. 

0.51 % of the analyzed patterns represented two different navigation styles.  
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Pages 

viewed 

Laborious % Divergent % Flimsy % Content 

focus 

% 

1 N/A N/A N/A N/A N/A N/A N/A N/A 

2 N/A N/A N/A N/A N/A N/A N/A N/A 

3 1 244 13.81 737 8.18 1 244 13.81 7 024 78.00 

4 565 16.38 114 3.31 0 0.00 2 770 80.31 

5 183 20.20 98 10.82 0 0.00 625 68.98 

6 81 26.30 20 6.49 25 8.12 182 59.09 

7 43 36.75 17 14.53 4 3.42 53 45.30 

8 18 30.51 2 3.39 5 8.47 34 57.63 

9 17 50.00 3 8.82 3 8.82 11 32.35 

10 13 43.33 2 6.67 1 3.33 14 46.67 

Weighted 

average 

 15.56  7.14  0.78  77.03 

Table 15. The weighted average calculated for Juvina and van Oostendorp’s (2006) 

seeking-behavior categories. 
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5. Discussion 

This thesis explored the possibilities of utilizing web analytics data for profiling users on 

a global IT company’s website and for studying the homepage visitors’ navigation 

behavior. The aim is to map the users’ information needs, seeking-behaviors and 

navigation styles on the company’s websites with automatically collected site data. The 

different factors of these three user characteristics were found with analyzing data 

collected from the web analytics tool during September in 2012. The analyses were 

conducted on site journey data from 64 238 website visits which constituted 47.28 % of 

all site visits with the homepage as entry point. These factors were associated with the 

corresponding seeking-behaviors, information needs, and navigation styles. 

Furthermore, some IA specific requirements were extracted from the analysis. 

In this chapter, the results from this study are discussed and linked to earlier findings on 

user behavior and characteristics presented in chapter 2, as well as connecting the 

findings to IA models. In addition, I will evaluate the study and provide some 

suggestions for future research topics. 

5.1 Responses to Research Questions and Major Findings of 

the Study 

This study revealed that it is possible to extract valuable data for user profiling purpose 

out of automatically collected user data. The first research question in this study sought 

answers to what corners of the global IT company’s website most users explore. The 

most visited webpage section after the first page was products. Other pages with a 

relatively constant popularity are apps, support, about and product family 1 related pages 

(see also figure 6). Based on the SiteCatalyst’s full path report data, it was clear that the 

majority of visitors stayed on the first explored webpage category the whole site 

journey. Thus this can be a sign that the homepage links supports the visitor’s needs 

rather well. How the rest of the structure at the lower levels of the website support user 

navigation cannot be traced from the results of this study. As a clear majority of visitors 

stay on the first explored webpage category the whole site journey, gathering category 
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data from the first webpage visited after the homepage gives a proper overall picture of 

what sections of the website the visitors explore. Figure 20 presents the most popular 

webpage categories. Interestingly, the variation is low as there are only seven categories 

represented, and the product category is clearly the one that draws most interest. This 

result is a great starting point for the user profiling. 

 

Figure 20. Chart showing the most popular webpage categories. Nearly ¾ of all 

analyzed site journeys revolve around the product category. 

The next chapters will assess the results to the second, third and fourth research 

questions. 

5.1.1 Navigation Styles 

The second research question sought answers to what type of navigation style the 

homepage visitors have. According to the results of this study, most homepage visitors 

(77.03 %, see table 15) are content focused, which is a navigation behavior identified by 

Juvina and van Oostendorp (2006). This implies that users most likely navigate by 

means of words and images in order to reach their target destinations. It is thus 

important that the website´s controlled vocabulary and used symbols appeal to more 

than three quarters of all homepage visitors. For these users it is critical that they find 

what they ought to read and according to Juvina and van Oostendorp (2006) they only 
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view a small set of pages and most likely exit the site after having read what they 

wanted. The results of this study support this by showing how the majority of the 

visitors stayed on the first explored webpage category the whole site journey. The 

labeling systems should thus be thoroughly planned and consistent across the 

information system (Farnum, 2002) such as having links that match the section titles. In 

addition, the knowledge of the users should be taken into account. From the results of 

this study it cannot be tracked how much percentage of all users are novice users and 

how many can be categorized as power users. The assumption is, however, that since 

most site journeys end after three webpage views the visitors seem to have more 

experience than a novice user, as the visitors expect to get to the information within 

those three webpages and leave the website independent of the success rate. On the other 

hand, these visitors might have just explored the website sporadically and left due to loss 

of interest. 

The second most popular navigation style in this study proved to be laborious navigation 

(15.56 %, see table 15) which is another navigation behavior identified by Juvina and 

van Oostendorp (2006). This navigation style resembles a lot the same style used when 

navigating in computer’s operating system’s folder structures. Juvina and van 

Oostendorp argue (2006) that the homepage visitors with this navigation style either are 

novice Web users or prefer hierarchical IA design. From the results backing up this 

category of users it could be seen that most users in this navigation behavior category 

mostly visited several pages. The percentages of laborious navigation style’s share per 

amount of site journey lengths were as follows: 13.81 % 3 page views, 16.38 % 4 page 

views,  20.20% 5 page views, 26.30% 6 page views, 36.75% 7 page views, 30.51% 8 

page views, 50.00% 9 page views, 43.33% 10 page views. It is thus evident that the 

percentages increased with increased amount of page views. This support the theory of 

Juvina and van Oostendorp (2006) that users categorizing under the laborious navigation 

behavior category tend to visits a high amount of pages. An interesting discovery in this 

study was that laborious navigation users frequently compared product specifications 

manually by moving back and forth between the product pages, even thou the global IT 

company’s website provides a compare tool for doing the comparisons. Thus it seem 
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like the visitors either did not find their way to this tool or did not simply see the value 

in it. 

Only 7.14 % of homepage visitors utilize a divergent navigation style which is the third 

identified navigation behavior by Juvina and van Oostendorp (2006). Most patterns 

involved the users navigating a few webpage levels into the site and then returning to the 

surface the same path they used before. Some made a second try but, most exited the site 

straight after resurfacing. Surprisingly many homepage visitors took the same path again 

after resurfacing, instead of trying something different. This indicates that either the 

visitors have low work memory, or then they want to make sure that they viewed the 

correct information the first time around. Further investigation would be needed to 

verify this. 

Finally, flimsy navigation style represented only 0.78 % of all site journeys. This value 

might be faulty due to lack of some first-order metrics, in this case data on back button 

usage and webpage view times. Without these metrics, the patterns look similar to 

laborious or divergent navigation style. 

5.1.2 Information Needs 

The third research question studied the homepage visitors’ different types of information 

needs such as the perfect catch, lobster trapping, indiscriminate driftnetting, and I’ve 

seen you before, Moby Dick (Morville & Rosenfeld, 2006). From table 12 we see that 

the perfect catch was the most common information need with 64.22 % of all site 

journey patterns analyzed. This verifies the findings in navigation styles, as this 

information need is very content focused and also corroborates the argument that most 

web page visitors seem to be more experienced than a novice user. Supporting these 

users in navigating is however a difficult task as they navigate determinedly, knowing 

what they are looking for. One way to help this user group to find information faster 

would be to analyze the top 20 most visited webpages in SiteCatalyst, and on the 

homepage have some dynamic content that link to some of those webpages. This would 

make the IA more dynamic and up-to-date. 
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A by-product of this result was that short site journey paths tend to lead to a product 

related webpage, while longer site paths, in the perfect catch category, lead to support 

related webpages. This result can be due to the fact that product webpages had a lower 

stratum than support pages which lead to more difficulties in finding what the visitors 

were looking for at the support pages. Another reasonably cause is that the product 

pages most likely are more popular than the support pages. This statement should, 

however be backed up by real user studies. 

Nearly one third (32.38 %, see table 12) of all homepage visitors in this study showed 

the characteristics of the lobster trapping information need. However, the occurrences of 

lobster trapping information needs will probably decrease as we move towards longer 

site journey lengths as the users are less committed to browse through more than just a 

few interesting items. This user group might be interested in pages related to the ones 

they find interesting. To make their visit more pleasant, suggesting links to related 

articles would ease their navigation through the website. SiteCatalyst data could be used 

to determine what kind of articles other users have viewed after visiting a certain page. 

This would shorten the navigation time and make browsing more effective, hence 

improving the user experience. 

Surprisingly few homepage visitors needed to know everything about a certain topic. In 

this study, only 1.70 % of all analyzed site journeys showed characteristics of the 

indiscriminate driftnetting information need. One explanation could be that the 

competition in the market segment, that the global IT company’s products and services 

are targets for, is tough and the customers probably have previous knowledge about 

those kind of products. 

In this study, there was no possibility to measure Morville’s and Rosenfelds’s last 

information need; I’ve seen you before, Moby Dick. Tracking bookmarks, or following 

Facebook likes, tweets, “pintrests”, and similar ways for the users to share or save 

information found on the Internet could have given a clever insight to the study. I reckon 

this information need would always come as an addition to one of the three other 



69 

 

information needs, as one has to find the information before being able to bookmark or 

download it. 

5.1.3 Seeking-Behaviors 

The last question studied what type of seeking-behavior(s) does the homepage visitors 

have? The basic building blocks of information-seeking that were identified could be 

categorized into searching, browsing, and asking (Morville & Rosenfeld, 2006). A clear 

majority of all homepage visitors (iteration 92.59 % vs. integration 3.21 %, see table 13) 

iterate through the site in search for information. Few users use the website’s search 

function, but when they do, they often navigate a few items before entering a search 

query. It seems like users use website search field as a “last resort”. This finding has a 

partial explanation. The majority of users have previous knowledge from how 

computers’ operating systems organize files (Danaher et al., 2005).  Most common 

computers’ operating systems organize files according to the hierarchical IA design 

(Lynch & Horton, 2009), consequently iteratively finding their way to the goal by 

routine. The product section on the website has a hierarchical IA design, with few links 

between webpages. This supports well the core audience. 

The most common seeking behavior in this study revealed to be two-step with 58.09 % 

of all site journeys. However, based on only web analytics data in SiteCatalyst, some site 

journey patterns aligned with pearl-growing as well. This resulted in a slight overlapping 

with pearl-growing. The site journey patterns resembled a stair case behavior, where the 

users step by step moved deeper into the website information structure. These users 

relied on a clear navigation structure and a well presented visualization of their current 

location on the website. According to van Oostendorp and Juvina (2007) the navigation 

structure should provide contextual information for the user by including path adequacy 

information. Ignacio Madrid, van Oostendorp and Puerta Melguizo (2009) furthermore 

showed that link suggestions based on semantic similarity helped the users with 

navigation. In sum, the navigation structure has to support both users with clear goals 

and users navigating with a more open goal, as well as users with different spatial 

abilities. The global IT company’s website’s navigation bar provides an overview of the 
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two topmost navigation levels, and the breadcrumb on the bottom of the page provides 

the users with a complete navigation chart. However, the breadcrumb does not always 

seem to show the current location, and when it shows the current location, the path 

leading to the current page reflects webpage’s location in the website’s IA, not the path 

taken to the webpage. Thus, the webpage navigation structure does not provide adequate 

contextual information for the visitors, which is something that could be developed in 

the future. 

The other, in this study, significant seeking-behavior category was pearl-growing with 

32.84 %. This group of users is mostly gathering information from the product pages. 

Interestingly, these users seem to manually compare products instead of using the 

compare functionality provided by the company’s website. Users with a laborious 

navigation style showed the same phenomena. To ease this user category’s navigation 

paths would be to include related items kind of banner or subsection, suggesting other 

topics that might be of interest. This implementation could also utilize SiteCatalyst data, 

and suggest proper documents to the users such as webpages that other visitors have 

visited next, ignoring “category” pages such as “all products” or “applications”. Through 

this, the system would ease the user’s browsing effort and make the information-seeking 

more efficient, and hence lead to a better user experience (J. Nielsen, 1993; ISO 9241-

11, 1998; Hassenzahl & Tractinsky, 2006). Pearl-growing seeking-behavior seemed to 

correlate with the lobster trapping information need. However, this interesting fact 

would need more thorough investigation in order to be verified through statistical 

analysis of the correlations. 

Berry-picking seeking-behavior had a small representation (3.21 %) as it was not present 

in site journeys with lengths 1-8 except for some rare occurrences. The signature for this 

behavior type is the use of the search field to find the sought information. However, 

there was a clear increase in search field use as the site journey paths got longer some 

sporadic presence in 9-10, pointing to plausible existence in longer site journeys. The 

most important practical implication is to keep the navigation between search and 

browse as seamless as possible (Morville & Rosenfeld, 2006). In addition, a good 
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labeling system and controlled vocabulary would make it faster and, eventually, easier to 

find information (Farnum, 2002). 

5.2 Evaluation of the Study 

This thesis explored the possibilities of utilizing web analytics data for profiling users on 

a global IT company’s website and for studying navigation behavior. The aim was to 

map the users’ information needs, seeking-behaviors and navigation styles on the 

company’s website with automatically collected site data. The data was collected 

through Adobe SiteCatalyst and constituted of site journey reports, describing the 

visitors’ movement on the website. This data was analyzed by visualizing site journey 

patterns and extracting first-order metrics from SiteCatalyst’s full path report. From that 

enhanced data, navigation styles, information needs, and seeking-behaviors were derived 

by comparing the date to the corresponding characteristics of each theory (see Morville 

& Rosenfeld, 2006; Juvina & van Oostendorp, 2006). With the results in hand, I think 

that in overall this was a successful way of capturing the basics of the users’ information 

needs, seeking-behaviors and navigation styles. Apart from, traditional user tests 

conducted in the traditional user-centered design process, no real users were involved, 

meaning that their resources or time were not required. In addition, utilizing web 

analytics data claims less human resources as there is less need of planning and 

executing user tests. 

Traditional user log data has enabled analysis of e.g. numbers of website visitors, page 

access frequency and relative frequencies for different websites (Berendt & 

Spiliopoulou, 2000; Cooley, Mobasher, & Srivastava, 1999) without any interference 

with real users. This study showed, by tracking plotting the different users’ information 

needs, seeking-behaviors and navigation styles on the company’s websites that there is a 

potential with data mining far beyond what has been explored to this date. As web 

analytics tools has been developed rapidly and since they have become more advanced, 

a new way of analyzing website usage will bring great help for user-centered designers 

in the future. As it is possible to conduct diverse analyses on website usage behavior 

with data mining, it has great potential to be used more in supporting website design in 
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the future. In addition, since the data is automatically generated by software it can be 

rather inexpensive in comparison to traditional user-tests. Data mining might not be a 

standalone method, but can provide valuable statistical support to other user-centered 

design methods. The next section will go through the shortcomings of this method and 

this study overall. 

5.2.1 Limitations 

The data that was used in this study was generated from the Finnish site of a global IT 

company. For this study, the website data was further narrowed down along the analysis 

process into a manageable data set. The data used for analysis was therefore generated 

during one month only, in this work during September in 2012, and incorporated only 

site journeys that start from the homepage. Site journeys starting from other entry points, 

such as hyperlinks to certain pages provided by Google are thus omitted which can be 

seen as a shortcoming of this study. The different factors of user behavior and 

characteristics were found with analyzing 64 238 site visits which constitute 47.28 % of 

all site visits with the homepage as entry point. The results can be biased to some 

degree, as the period of data collection constituted only one month and events such as 

product releases could have affected the results. Thus it is not possible to draw 

generalizations that would cover the website visitors over longer periods. Regarding site 

journey patterns, I had a closer look at 157 different site journey patterns, which in turn 

constituted 0.33 % of all different site journey patterns. These statistics indicate that 

47.28 % of all homepage visitors utilize only 0.33 % of all different site journey patterns 

recorded during September 2012. This can be seen as a relatively small coverage of the 

whole website, but as the other parts turned out to be rather unexplored by visitors, this 

did not bias the results much. 

In addition, in the analysis of site journeys, path lengths of 1 to 10 was only included. 

From that narrowed down dataset, the 20 top most used site journeys from each site 

journey length was analyzed. The vast amount of visitors on the webpage and the vast 

amount of possible site journeys were reasons for narrowing the data set down. 

However, these cut offs constitute limitations of this study. On the other hand, the cut 
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offs has been made at numbers where the majority of possible cases leaves in the data 

set, which makes the data set rather covering. 

Although SiteCatalyst provide several fruitful insights about how users navigate through 

the website, it is difficult to draw any robust conclusions about usage behavior through 

it. There are several shortcomings, and I will go through the major ones in this chapter. 

5.2.1.1 Precision in Web Analytics Data 

As SiteCatalyst was unable to produce site journey pattern reports, I had to manually 

draw different patterns based on SiteCatalyst full path flow reports. This made the 

analysis rather time consuming and since this would not require too much development 

of the software, this would be a good new SiteCatalyst feature to develop in the future. 

Another shortcoming of the use of SiteCatalyst reports was the lack of precision with the 

data it collected. Almost all reports showed averages instead of fine grained data. 

Another shortcoming was the lack of interconnected data, i.e. reports showing 

connection between site journeys and webpage view times. This would have been 

needed when analyzing navigation styles, as Morville and Rosenfeld (2006) had 

recognized navigation style characteristics related to viewing times. 

SiteCatalyst has a Mozilla Firefox add-on that makes it possible to view a click map 

when browsing the global IT company’s website. The add-on has, however, similar 

shortcomings as SiteCatalyst. First of all, it was not possible to view specific site 

journeys clicks and webpage view times, just the overall information. Second, this view 

was limited to just a few webpages. Adding the aspect of view times on different pages, 

and how the view time is divided over different pages with complete site journeys would 

increase the possibilities for using SiteCatalyst for studying user behavior on the 

website. 

The webpage code in SiteCatalyst reflected the IA structure of the global IT company’s  

content management system (CMS) for the website. This code could be used in 

automation when figuring out a certain webpage’s site depth. However, in some cases 

the site depth extracted from the webpage code did not match with the actual site depth, 
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in practice meaning that the CMS IA is different from the website IA. This fact made the 

webpage code unreliable when it came to extracting the site depth from it, hence I 

needed to manually check every webpage’s site depth. 

When visitors leave the website there is no way of telling whether they found the sought 

information or not. Having a simple questionnaire before leaving the website asking 

“Did you found what you were looking for?” with “yes” and “no” answers would be 

good enough. The question could also be integrated into the webpages with more 

specific information, such as product specifications. 

In addition, I had to do much manual labor in order to calculate the proper metrics and 

draw site journey patterns. All of that could be automated with simple algorithms. The 

global IT company’s website’s node map showing the overview of the information 

architecture was another thing I had to manually draw. This could also be automated 

with a small effort. 

Analyzing web analytics data gave some good insights into what kind of users navigate 

around the global IT company’s website. However, much research still needs to be done 

before one could solely rely on this type of analysis results in conducting user studies. 

This study’s output would need some user tests to verify the validity of the outcomes. 

Moreover, the technique used in this study does not get answers to the underlying 

reasons to user behavior, which still would need real user studies through e.g. qualitative 

interviews. 

5.2.2  Implications 

The results of this study can be utilized in various ways. One of the first ways that came 

to mind was using the data as support material when creating a persona, which is a 

fictional character representing a certain customer segment (Jenkinson, 1994) or a whole 

persona portfolio. 

As users in the search behavior category pearl growing and user need category lobster 

trapping, represent just over a third of all users, it should be of interest and high priority 

to ease their navigation. To shorten paths leading to popular pages more than two clicks 



75 

 

away, the homepage could have auto-generated banners based on SiteCatalyst visitor 

data. Surfacing hyperlinks would allow users to skip levels in a website’s structure 

(Djonov 2007). This would make the navigation more efficient, and thus enhance the 

user experience. SiteCatalyst data could also be used to anywhere on the website and 

suggest links to webpages that the user might find interesting. 

In addition, users navigating using a laborious navigation style have low spatial ability, 

and have difficulty with a mental map of the website. Having a breadcrumb present, or 

in any way visualizing the user’s current location on the website would make the 

navigation experience more pleasant and lower the risk of the user being lost in the 

navigation hierarchy. Even though users with other navigations styles do not have the 

same need of a visualization of the current location on the website as the users with a 

laborious navigation style, putting an effort into designing good location visualization 

would enhance the user experience for all user groups. 

Moreover, one need to understand the user groups in order to be able to design a proper 

IA (L. Nielsen, 2004; Farnum 2002). If the user profiling would be done on the fly, one 

could customize the presented information thus making the IA more dynamic. UX is 

individual as it is dependent of user’s internal state (predispositions, expectations, needs, 

motivation, mood, etc.), characteristics of the designed system (e.g. complexity, 

purpose, usability, and functionality), and context (or the environment) within which the 

interaction occurs (e.g. organizational/social setting, meaningfulness of the activity, and 

voluntariness of use) (Hassenzahl & Tractinsky, 2006). By presenting different 

information for different user groups could make the information system more efficient 

and enhance the UX for everyone. However, the IA design cannot be totally dynamic as 

that would cause confusion when there is no stable IA structure. The structure has to 

support learning so that novice users could evolve into power users. 

5.2.3 Future Research 

This study was an initial attempt to make more use of available web analytics data. It 

showed that the data could actually be used to more than just values for business’ results 

spreadsheets. The next steps would be to see how far this method can go, and what the 



76 

 

role of the results of data mining can be when it comes to user-centered design. This 

study was based on a local site of a global IT company, and data collected during only 

one month. Future studies would thus need to corroborate the findings by analyzing 

broader samples. A possibility would be to take the same website, but look at other 

countries’ local websites as well, and compare the results. This would enable cultural 

differences to be tracked as well. Cultural differences on website usage are a largely 

understudied subject. The vast amount of data collected through SiteCatalyst would 

make it possible to undergo such a study. 

A less broad subject would be to expand the first research question to include how many 

pages a general user view of a certain section of the website before switching to another 

section or investigate in what extent surface links, such as banners, are utilized. 

To continue on this study, another interesting topic would be to look for connections 

between navigation styles, information needs and seeking-behaviors. This study showed 

some evidence of a plausible existence of interconnections between these three theories, 

but a broader study would need to be performed to explore this area. 

During the analysis phase of this study, I ran into another rather different topic. While 

analyzing the site journey patterns I came to ask myself why some site journeys lead to 

the same destination even thou the site journey patterns are different in length. These 

factors might be affected by the users’ navigation behavior and practices. A research 

concentrating on which type of navigation style, information need, and seeking-behavior 

is most effective in which type of IA could be something for the future. 

5.3 Conclusions 

For studying user behavior on websites, data mining cannot currently be used as a 

standalone method, but can provide valuable statistical support to other user-centered 

design methods. What the possibilities of automatically generated data are, and how far 

the user log data can be interpreted, however, remains to be seen. Despite some 

shortcomings in this study, the results proved it possible to extract enhanced data from 

plain web analytics data. The software used for collecting data (Adobe SiteCatalyst) is, 
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however, in need of improvements. I was, nevertheless, able to extract the necessary 

data. Analyzing site journey patterns appeared to be more difficult than anticipated. In 

an early phase, I realized that the webpage codes did not always match with the actual 

site depth of the webpage which meant a lot more manual labor. An interesting result 

was that more than three quarters of all site journeys revolved around the products 

section of the website. Due to shortcomings in available data, some patterns were more 

professional guestimates than actual facts. The result of this study showed that all three 

navigation behavior related theories had two categories that were clearly more common 

than the rest. In navigation styles case, content focused navigation and laborious 

navigation represented 92.59 % of all site journeys. Together, perfect catch and lobster 

trapping represented 96.60 % of the information needs. And finally, in seeking-

behaviors two-step and pearl-growing represented 90.93 % of all site journeys. In this 

study’s case, the guestimates were always between the theories’ two prevailing 

categories. The results of this study is thus in need of further research in order to be 

verified. In conclusion, I see great potential in user and usability studies based on 

automatically collected web analytics data. The methodology is, nevertheless, in need of 

development, but the currently existing theories form a good base for future studies.  
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