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ABSTRACT 
Marketing research and website design are two different worlds, but these worlds are coming together more and more as commerce and business is increasingly happening online. This research complements self-selected branching (as in www.Dell.com), recommendations (as in www.Amazon.com), factorial experiments (as in www.abtests.com ) and customized content (Ansari and Mela 2003, Montgomery et ak., 2004) with a technique called website morphing. This thesis focuses on the relationship between effectiveness of marketing communications and consumers’ individual psychological profiles. This research specifically researches the psychological cognitive dimension of holistic versus analytic thinkers. 
The findings of this research are inconclusive as there is no solid evidence to support the main hypothesis. Although the research did not provide spectacular results or groundbreaking conclusions, it’s a stepping-stone in the progression of website morphing research and both the design of the study and the programming code that is provided are helpful to anyone interested enough to do their own study.
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1. Introduction
The dramatic uprising of the internet has changed the world and we are still only pioneering this system that has changed everything. The first decade of the 21st century has seen a global increase of internet users by over 400%, resulting in the online population numbering over 2 billion
.
The internet offers us an unprecedented vision on consumer behavior, and the technology to quickly launch, evaluate and optimize ideas using controlled experiments under laboratory conditions—yet with real people doing real things. With billions of users doing 10 billion searches per month
, e-commerce spreading out globally to replace our physical stores and internet going mobile, it is up to marketing  experts to turn data into information, and subsequently into actionable knowledge.
Existing methods of evaluating ideas and optimizing the ability of a website to reach its goal are self-selected branching (as in www.Dell.com), recommendations (as in www.Amazon.com), factorial experiments (as in www.abtests.com ) or customized content (Ansari and Mela 2003, Montgomery et ak., 2004). The word morphing describes the smooth digital transformation of an image or 3-dimensional geometry into another. This shape-shifting transformation applied to the marketing-relevant elements of a website design is what we call Website Morphing.
The idea is that consumers can be segmented into different categories using taxonomies that group people who behave in a different way from other consumers. This segmentation can be based on anything from geographical location to social intelligence; but in this thesis we focus on segmenting customers on cognitive style. Accepting that different consumers behave differently, we posit that the design of a website can be more optimal for one group than for other groups. Consequently, we hypothesize that it is possible to create alternative designs for these groups in order to improve the effectiveness of the website across all groups.
2. Theoretical Framework

For the purpose of researching the effectiveness of website morphing we discuss two conceptual models that together make up the system that passively and automatically infers cognitive styles and serves customized webpage designs that are optimized for individual cognitive preferences.
2.1 Cognitive Style

The term cognitive style, also known as cognitive dimension or learning style
 refers to the processes and behaviors that are involved with thinking, learning and processing information. Cognition is defined as “the psychological result of perception and learning and reasoning”
, thus implying that a cognition style can be ascribed to any classification of ways in which people use their mind to learn and think.

The observation that marketing literature is packed with terms as attraction, interest, desire, action makes clear the importance of cognition; as these marketing terms imply that there must be a process by which people are attracted, interested, desiring, and taking action.

Cognitive style is also an attractive topic to study from a pragmatic perspective: The field of psychology has done all the groundwork. Psychologists have been studying cognition for decades and discovered that people differ significantly in the processes that we call cognition. There is no absolute agreement as to which categorization of cognitive styles is best but the following subset of cognitive dimensions is used in published research papers:

·  Imagery versus Verbal

· Analytic versus Holistic

· Deliberative versus Impulsive

· Quantitative versus Qualitative

· Technical versus Non-Technical

· Innovators versus Late Adopters

· Leader versus Follower

· Field Dependence versus Field Independence

· Cognitively Flexible versus Inflexible

· High Need for Cognition versus Low Need

· High need for Closure versus Low Need

Source: John R. Hauser, Glen L. Urban, Guilherme Liberali, Michael Braun, 2007

Studying all of these dimensions would make the website design process exceedingly complex, and would multiply the amount of data that is required to achieve a statistically significant result. Based on the timeframe of this research, and to keep the level of complexity of my first research manageable we will look at only one dimension.
 2.1.1 Analytic/Holistic dimension
The cognitive dimension of choice is Analytic versus Holistic. This dimension is widely recognized as an important differentiator in how people think
. Cognitive styles are generally treated as ipsative scales: if someone is more analytical this means he is less holistic and vice versa
. This cognitive dimension was chosen because besides having been studied extensively it is relevant to website design, or any other marketing communications design. The easiest way to explain this is by this picture: 

Figure 1
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The more holistic individual will process information as an integrated whole whereas the more analytic individual prefers to see information in distinct parts. An application of this theory in marketing design could be to design a product page that focuses on distinct features and product attributes, and an alternative design that serves a wholesome story of how the product fits into the individuals’ life and how the product will improve this persons’ life.

Entwhistle
 posits a connection between the holistic/analytic dimension and locations of neurological activity in the 2 halves of the human brain. Hayes and Allinson (1996)
 elaborate:

“The right hemisphere emphasizes synthesis and the simultaneous integration of many inputs at once, and is mainly responsible for spatial orientation and the comprehension of iconic visual images. The left hemisphere emphasizes a primarily linear mode of operation with information being processed sequentially, and is mainly responsible for logical thought, especially in verbal and mathematical functions.”
Hayes and Allinson further explain that the term intuition can be used to summarize the role of the right brain while the term analysis described the role of the left brain. These terms are also favored by previous investigators. By intuition we mean the process of immediate judgment based on feeling and the adoption of a global perspective. Analysis in the context of left-brain functioning means judgment based on mental reasoning and a focus on detail.
These right-left patterns have shown to be stable through time: people can be said to have some sort of preference to the primary use of one hemisphere. We call right-brain dominant thinkers intuitivists, who typically prefer open-ended approaches to problem solving, rely on random methods of exploration, remember spatial images most easily and work best with ideas requiring overall assessment .We call left-brain dominant thinkers analysts, who tend to be more compliant, favor a structured approach to problem solving, depend on systematic methods of investigation, recall verbal material most readily and are especially comfortable with ideas requiring step by step analysis (Allinson and Hayes 1996)
. These 2 types of thinkers map to our previously discussed holistic and analytic thinking styles.
The domain in which this cognitive style can be interpreted in website design is very broad. The obvious application is in product page design and sales copy but the domain of application is not limited to e-commerce websites: it can be applied to any communication design where the user needs to process information. There is opportunity for designers of complex application such as G-mail, Google’s e-mail client, online banking systems or online product configurators e.g. the NIKEiD shoe design application or the Dell product configuration interface.

Yet other opportunities lay in public services websites such as whitehouse.gov or eatwell.gov.uk where different designs can be used to optimally attract interest and convince individual website visitors of different cognitive inclinations. In an online world with perfect information that can be shared across the entire internet all marketing and non-marketing communications could be optimized for individuals before they even visit a website. Theoretically this would speed up information dissipation and catalyze the process of making people more informed and knowledgeable.

2.1.2 Making marketing communications more effective with analytic/holistic optimizations and considerations

To understand how marketing managers can make their marketing communications more effective, we can draw a parallel with psychological studies that discuss that when teachers match their teaching style with their learners’ cognitive style, the learner will learn more, e.g. Hunt (2008)
. Essentially the marketer is a teacher and the consumer a student. The marketing material needs to be seen, read and processed by the consumer before it has any effect. Clearly, if a consumer does not understand or notice the use-values, points of parity and points of difference that are put into marketing material, communication is not optimal and possibly not effective.
By optimizing communications for peoples’ individual styles of cognition, we optimize their capability to read and process our marketing communications. Thus, we can for example, optimize the effectiveness of website product pages by making them easier to process for either analytic or holistic persons. 

In summary, the discussion of the theory so far has established the following set of logical consequential points:

1. Cognitive style preferences are individual preferences for taking in and processing information
2. The holistic/analytic dimension can be used to separate people who prefer to process information through global intuitive sensing/induction versus a preference for structured analysis of distinct parts.

3. By optimizing communications for a persons’ individual style of cognition you optimize the marketing communication and therein its effectiveness

2.2 Research Objectives and Expectations
This research is a confirmative research: we try to confirm the conclusions of previous researches, and if possible elaborate on those researches. Our primary research question is as follows:
“Is the effectiveness of a marketing communication dependent on its respective compatibility with the recipients’ individual style of cognition?”
In this research the marketing communications consist of the webpage designs that are created to sell the products that are offered on the website. We try to make these designs more compatible with individual styles of cognition by designing different alternative designs: each targeted to different classifications of cognitive style preference.

This means we are testing if the morphing system allows us to improve the effectiveness of our host website: www.sooperthemes.com. We test this by measuring goals that are related to the ability of the website to sell its products; this is discussed in more detail in section 4.3. 

We expect to create an online environment that is one of the first systems that passively segments people by psychographic variables in order to optimize the marketing communications based on the inferred cognitive style preferences.

2.3 Hypothesis

The theory discussed in previous sections suggests that cognitive style preferences describe the different ways by which people take in and process information. The holistic/analytic dimension was highlighted as an important differentiator in the process of communication and learning. Following theory about considering cognitive style preferences in communication between teachers and learners it was speculated that communications can be optimized similarly for communication between marketing materials and consumers.
This research tests the theory of differences in cognitive styles and how they affect communications. We relate this to marketing by attempting to improve marketing communications on a real website and improve its visitors-to-sales conversion rate. We summarize the discussed theory and focus on a single dimension of cognitive style and present the following hypothesis:
H1: Marketing communications are more effective if they are designed to address differences in individual holistic/analytic cognitive style preference
This is the simplest form of testing the discussed theory, and as the newness of this technology comes together with a lot of uncertainty, simplicity is of paramount importance to this research. 
3. Conceptual Model of Communication Customization

3.1 Conceptual model of user inference

Before we can choose an optimal design for a user we must know something about his preferences. To learn about individual users’ behaviors we design websites in such a way that identical or similar tasks can be completed in different ways. We aim for users to self-select their cognitive style preferences by navigating the website through the path that we deem to be more preferable for certain types of individuals.

For example, In a listing of products with links to more detailed product pages we can have several ways to proceed from viewing the listings to viewing the detailed products pages. A listing could look like this:

Table 1

	Product X
Lorem ipsum dolor sit amet, consectetur adipiscing elit. Vestibulum at augue magna. Nam hendrerit tincidunt vehicula. Sed facilisis venenatis elit quis tincidunt. Suspendisse potenti. Mauris condimentum egestas feugiat
. Read more
view features | technical details | product attributes 

	Product Y
Lorem ipsum dolor sit amet, consectetur adipiscing elit. Vestibulum at augue magna. Nam hendrerit tincidunt vehicula. Sed facilisis venenatis elit quis tincidunt. Suspendisse potenti. Mauris condimentum egestas feugiat. Read more
view features | technical details | product attributes


	Product Z
Lorem ipsum dolor sit amet, consectetur adipiscing elit. Vestibulum at augue magna. Nam hendrerit tincidunt vehicula. Sed facilisis venenatis elit quis tincidunt. Suspendisse potenti. Mauris condimentum egestas feugiat. Read more
view features | technical details | product attributes


The above listing of products X,Y and Z features a number of links for each product. Although the link texts differ, we can link all these links to the same product pages of the corresponding products. We posit that holistic individuals have a preference for reading wholesome texts; therefore we place a story-like text in the product listing and add a read-more link. We expect that users who like the teaser text are inclined to click the read-more link so that they may have more information that is designed in the same fashion. For individuals with analytical inclinations we expect that they will be looking for disintegrated information, consequently we offer links that hint to the user that they lead to listings of bite-size information packets that they can analyze individually; these are the features, technical details and product attributes links. Essentially we have designed a product listing that will separate holistic users from analytic users. Of course we cannot expect that it will flawlessly identify cognitive preferences for all our website visitors, but in order to be useful it will only have to be correct on average. We can use the same design pattern in different parts of our website and improve the reliability of our inferred cognitive style preference estimate with every recorded interaction.

From here on the previously discussed links that have different link text yet the same destination will be referred to as click alternatives. Click alternatives are specifically designed to make inferences about individual users. They don’t necessarily have to be text links: image links can be used to measure preference for types of product images, e.g. images depicting the whole product or an exploded view that highlights all the distinct parts of the product, or preference for emotions, e.g. smiling person or serious looking person.

3.2 Conceptual model of customization and communication optimization

The second conceptual model in our system is responsible for taking appropriate action based on inferred information about our individual website users. The model we will use is essentially the same as the model in the article Website Morphing by Urban, Liberali and Braun
:

Figure 2
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Technical deviations from this model will be discussed in the next chapter but conceptually the model stays the same in that there are 2 mechanisms: one that keeps updating beliefs about our individual users and another that selects the right design alternative for the inferred cognitive style preference. A morph is a design alternative that is specifically designed for individuals with a certain preference. For example: we can design a product page with mostly wholesome information and call it a holistic morph, another product page design with mostly disintegrated information is an analytic morph, and another design that is a mix of both will be called a neutral morph. This theory will be clarified with examples in the forthcoming Designing the website chapter.

Communication optimization is a broad term; in our research it’s confined to marketing communications, i.e. all communications that aim to persuade users to take achieve predefined goals on our website. In this research the predefined goal is to make a purchase on the website, or more accurately: to proceed from viewing product information into the shopping cart system. 

The method by which we design morphs that are optimal for specific cognitive style preferences is based on both academic literature from the field of psychology and judgment by the designer. Designing user interfaces is both an art and a science, but mostly a science. It takes a scientific approach to create rules and patterns for the way in which information is presented and some artistic creativity to emotionally stimulate users to focus their attention and follow a visual hierarchy.

Since this research focuses on the analytic/holistic dimension the following 3 morphs were designed:

1. A wholistic product page design

2. A neutral product page design

3. An analytic product page design

The morphing system will begin by assuming a neutral position in between the holistic end and the analytic end of the cognitive style spectrum. If you have population averages you can also use these as the prior beliefs of your system but for lack of reliable data we simply start by aiming in the middle. Our beliefs are updated by analyzing website interactions and each time one of our click alternatives is clicked, a Bayesian inference loop updates our belief about the cognitive style preference of the user the clicked. If the belief that our user is of analytic inclination crosses a certain likelihood threshold the system will serve analytic morphs. If the belief that our user is of holistic inclination crosses a certain threshold we will serve holistic morphs. Otherwise, the design of the website remains neutral. In code this looks as follows:

	// MORPH ASSIGN

if ($curr_group == 2) {

  if ($dimA_posterior < 0.33333333) {

    $curr_morph = 2;

  } elseif ($dimA_posterior < 0.66666667) {

    $curr_morph = 1;

  } else {

    $curr_morph = 0;

  }

} elseif ($curr_group == 1) {

  //distribute the 3 morphs equally between all clients in group 2

  //Use the modulus of the client id to peristently connect a client with a morph

  $curr_morph = ($curr_client%3); // morph == modulus-3 of unique client-id

}


This code also reveals how website visitors who are in the control group (no morphing) are assigned to a random morph that is derived from their unique identification number. After a visitor hits a threshold on either side of the cognitive style spectrum (0.33 or 0.67), the Bayesian inference loop will still update when click alternatives are clicked. This means that the system can correct its mistakes if it keeps getting more data. 

In summary: our customization & communication optimization model is responsible for collecting the information that is exposed by people clicking on our click alternatives, making an evaluation of how sure we are of this person being analytical or holistic, and finally to serve the optimal product page design for this user when he arrives at a product page.

4. Designing the website

The design process was the most difficult part of the research project. Since the website used for this research was a live website as well as a real business there could be no slip-ups. As an introduction to the design process we will briefly review the business and the products that are sold. 
The host website, SooperThemes.com sells Drupal themes. Drupal is an open-source website management system. It’s a flexible framework for handling and creating websites with a focus on making it easy for programmers to achieve much with little code. The products offered by SooperThemes.com are themes, or templates for Drupal. A theme is like a skin that you pull over the website: it’s a design that fits the elements that Drupal produces (e.g. webpages, contact forms, comments and menus). 

The themes sold on SooperThemes.com offer much more than just graphical design, they also enhance the website with interactive elements such as slideshows, animated drop-down menus and customization options for layout, color scheme and anything else that a website developer could possible want to customize.

The target audience consists mostly of website developers and website development businesses, but also of hobbyist programmers and website designers. As Drupal is a comparatively complex system; the target audience can be expected to be defiantly technical compared to the general population. Nevertheless the product pages of the themes communicate a lot of technical information, and even the themes themselves have a learning curve before they can be used appropriately.

The complex natures of the products make it ever more important to optimize marketing communications that have to convey the quality and value of the products. The holistic and analytic cognitive styles can be translated to strictly opposing design patterns: Clustered information versus wholesome, harmonious information.

4.1 Designing to infer cognitive styles

The links that were used to infer cognitive style in the holistic/analytics dimension were very simple. In the product listings, the links that point to the product pages were all pairs of 2 links that either communicated to point to holistic or analytic information. These opposing links were placed in close proximity to each other to emphasize that you can choose between them. The following image depicts a single product listing that was part of a list of around 10 items:
[image: image8.emf]


The click alternatives are the read more and view features text links as well as the Features and More Info buttons. The read more link is the strongest communicator of holistic preference because it’s connected to the holistic product description. Being in close proximity to the read more link, the view features link is the strongest communicator of analytic preference because the link text communicates it will lead to clustered information and because clicking it means that the user has viewed and skipped the holistic read more link.

The Features and More Info buttons are slightly weaker communicators of respectively analytic and holistic preference because they are not so closely connected to the holistic product description. Clicking any of the aforementioned links will start the Bayesian loop and a single click is enough to morph. If a user has clicked one of the analytic links and later on clicks the holistic link on another (or the same) product he will be classified as neutral and served with the neutral morphs. The Bayesian loop keeps updating as long as the user is navigating through the product listings. As users repeatedly click either analytic links the posterior belief about their cognitive style preference will become very strong and a small number fluke clicks on holistic links will not have significant impact and the user keeps seeing the analytic morphs. 

4.1.1 Testing the click alternatives design
To test the quality of the click alternative design an agreement analysis with 5 independent judges was done. This survey tested if the design of the click alternatives were effective at communicating their purpose, i.e. to communicate that they point to either analytic or holistic information. The judges were informed about what their task was and what the website was about but not about the purpose of the test and the hypothesis of this research. The average rating was 0.81 using a method that is common in marketing research (proportional reduction in loss; Rust and Cooil 1994). The ratings did not perfectly reflect the Bayesian weights assigned to the links but all judges correctly distinguished the analytic and holistic click alternatives, thus validating the designs.

4.1.2 Connecting the links to the morphing system
In code the Bayesian inference problem is solved as follows. n.b. The variable $ca refers to the identification number of the click alternative; this number is appended to the URL as a query string.

The Bayesian inference part of the software is responsible for determining the likelihood that an individual user belongs to a certain stratum in a cognitive dimension. This is done by evaluating the clicks and checking if they have any weight in the Bayesian function. This means that click alternatives that count for the same cognitive style, for example, holistic can have different weights. Different weights in this context mean different amounts of predicting-power for a cognitive style. Please refer to appendix 4.1 for the programming code that is responsible for Bayesian inference in this research. 
4.2 Designing optimal morphs

The design process introduced 3 completely new product page designs to the website. Each morph was targeted at either holistic preference, analytic preference, or neutral preference. 

The holistic morph consists of 3 paragraphs with images that explain one or more features in an uninterrupted short-story. These 3 sections flow into each other graphically so that they don’t appear grid-like but more flowing. Out of necessity there is a minimum of 7 features listed at the bottom of the page. This is a screenshot from the holistic product page morph:

[image: image3.emf]

 
The analytic morph design is basically a grid of 21 headings with short descriptions each explaining a single feature. The grid layout emphasizes that each feature is a piece of information on its own. The grid makes these information chunks appear boxed and separate from each other. They need to be read, analyzed and connected to each other by the website visitor. This is a screenshot from an analytic product page morph:
[image: image4.emf]


The neutral morph is a mix of the holistic and analytic designs:

[image: image5.emf]


5. Gathering empirical data

Our website gets around 20.000 pageviews per month from around 15.000 people. The experiment ran for 14 weeks. The final database—with only data that meets strict quality assurance requirements—amounts to 60.000 pageviews over 45.000 sessions from 30.000 unique clients. These terms will be clarified in the remainder of this chapter.
For the data-logging part of this research several software packages were evaluated. None of the packages met all 3 requirements:

1. Capable of logging all the data we need

2. Feed real-time statistics to our morphing system

3. Easy to integrate with morphing system

To meet these requirements a software package was created from scratch. Luckily, the host website was built on Drupal: A powerful, flexible and extendable open-source website development framework. Thanks to the existing programming APIs much can be achieved with little code. The result was a fully integrated data-logger, machine learning program and morph-assigner that integrated with the Drupals’ theme engine to effectuate the morphs. The data was stored in a MySQL database.

5.1 Logging important data
The primary goal of our data logger was to record pageviews, morphs, click alternative hits and conversions. To make our final analysis more complete the following variables were also recorded:
Table 2

	Variable name
	Variable details

	Title
	Title of viewed page

	url
	url of viewed page

	reference
	Where the person came from before finding our website. If the visitor came from a search engine this variable also hold the search terms that were used.

	Click Alternative
	Click alternative that was hit in order to get to this page. 

	Impression
	True if the pageview was on a product page

	Segment
	Inferred segment on dimension X. In our study this refers to the inferred cognitive style segment.

	Group id
	0 for control group and 1 for test group.

	Hostname
	Ip number of visitor

	User id
	SooperThemes.com user id for registered clients who are logged on.

	Session id
	Unique id for sessions (see section 2.1.4)

	Client id
	Unique id for clients (see section 2.1.4)

	Capable client
	True if this is a web browser that is capable of properly displaying the website (and the morphs)

	Staff
	True is user is a SooperThemes.com staff member, or a researcher who is associated with this study

	Timer
	Time spent in previous pageview

	Timestamp
	Unix timestamp of moment at which pageview was requested

	Date
	Human-readable time and date at which pageview was requested


5.2 Separating humans from robots
A major challenge in this research was separating human activity from automated website requests, or robot activity. It is not uncommon for a website to have thousands of hits per day from automatic computer systems. The host website for this research project is a well known and well-connected hub in its corner of the internet; this assured that online web crawlers of all kinds are constantly operating on the website.

A large part of automated website activity comes from search engine crawlers. These automated systems belong to companies like Google, Live Search and Yahoo. The search engine crawlers are fairly easy to identify: they send headers to the server with a user-agent string containing their name. Google for example calls its web crawlers Googlebot. Aiming to exclude all non-human visitors from the research a decision was made to white-list some known user-agent identifiers rather than trying to blacklist all the automated systems. A function was used that checks that identification of each request against a list of known web browsers, e.g. Internet Explorer or Mozilla Firefox. See appendix 4.2 for the programming code. 
5.2.1 Evil Robots
Unfortunately, upon expecting the recordings of the data-logger it appeared that inhuman behavior had been adding substantial noise to the dataset. These robots bypassed the filtering system simply by being impolite. Rather than identifying themselves as automated systems they lie about their identity and mimic the behavior of human web browsers, most commonly Internet explorer. The recordings of these robots is easy to spot, you will see dozens of page requests per second from the same ip number, and often the robots do not accept cookies, this misguides the group-assignment part of the software and results in new group assignment for each page request from the same ip number.

When this corrupt data was discovered it was too late to strengthen the filtering function, so the database needed to be cleaned up afterwards. Prof. dr. ir. Dellaert suggested aggregating the unique-clients data objects on ip number. As the robots refused to accept cookies, many requests from the same ip were assigned to many client identification numbers. Normal web browsers accept cookies; these cookies store an identification number that persists to identify their requests to our server so that we know which pageviews come from the same person. This will be explained in more detail in section 4.4. The aggregation process resulted in flagging all suspicious data. It also flagged all users who had cleared out their cookies by themselves, thus leaving only the most reliable data for analysis.
5.3 Website purpose and defining a measurable goal
The objective of this research is to use the website morphing idea to improve communication. As the only page that has different morphs is the product page we defined the communication goal of the product page as convincing users to proceed to purchase a product.  When a user decides to purchase a product he will click a button that says add to cart or buy. These buttons all lead to the shopping cart system, also known as the checkout process. Therefore our goal is reached when a client get to the cart system. In the dataset there is a binary variable that tells whether a user has reached this point during the research project. This variable is used as the dependent in our binary logistic regression analysis.
5.4 Choosing a data object: Sessions versus Clients

On the internet, the user is the most popular data object in experimentation. For this research the goal of the website was to convert users into clients by moving them from the product page into the online shopping cart system. At first the idea was that this process was most likely done in a single session. Surprisingly, a pre-study revealed 43% of all visitors visited the website more than once before reaching a purchase decision, so it made more sense to see the purchase process as a multi-session development. Consequently the data-object of choice for our analysis was the user, or the unique client.
While users are now our most important data-object, sessions are still marked in our dataset as possible supplementary explanatory variable. There is no one definition for what marks a single session and how to mark a unique client. In our definitions of clients and sessions we followed the industry-leading Google Analytics software and used the same techniques of capturing and tracking with cookies. An excerpt from the Google Analytics documentation:
Table 3

	Determining Visitor Session
	A visitor session ends after 30 minutes of inactivity on your website, or when the browser exits. Google Analytics is able to determine the start of a new session by the absence of either session cookie. You can customize the length of the default session time using the _setSessionCookieTimeout() method.
	__utmb
__utmc

	Identifying Unique Visitors
	Each unique browser that visits a page on your site is provided with a unique ID via the __utma cookie. In this way, subsequent visits to your website via the same browser are recorded as belonging to the same (unique) visitor. Thus, if a person interacted with your website using both Firefox and Internet Explorer, the Analytics reports would track this activity under two unique visitors. Similarly if the same browser were used by two different visitors, but with a separate computer account for each, the activity would be recorded under two unique visitor IDs. On the other hand, if the browser happens to be used by two different people sharing the same computer account, one unique visitor ID is recorded, even though two unique individuals accessed the site.
	__utma


Source: http://code.google.com/apis/analytics/docs/concepts/gaConceptsCookies.html
In our morphing system the exact same cookies and rules were applied, thus we have the same definition of sessions and unique clients; with the same reliability and limitations.
5.5 Adding relevant explanatory variables
Our analysis benefits if we can attribute systematic variation in the success of our website performance to specific explanatory variables; it allows us to more accurately and reliably explain how much effect our morphing group has compared to our control group. Without knowing exactly which variables had the most explaining power we selected variables that were both measurable and suspected to be relevant to the process of converting visitors into buyers.
The first group of selected variables all measure the amount of activity on the website. We suspect that possible buyers will be more active on the website, and be active for a longer time. We recorded a wide range of variables that are valid gauges of activity: number of pages viewed per client, number of product page impressions per client and time spent on website per client.

A second group of variables provide us with general information about the people who connect to our website. The ip number can tell us the geographical location of our client, and it showed that some regions provided better converting traffic than other regions. The user id variable flags if a visitor is a returning client, this tells us whether existing clients are more likely to purchase than new visitors.

Lastly the referrer variable tells us if the client found us via another website. If a visitor clicks a link on an external website that leads to our host website, the referrer variable tells us the URL of the website that linked to us. If the visitor found us on a search engine such as Google or Bing the referrer variable also holds the search terms that were used to find our website. This showed us that many of the conversions came from people who were searching specifically for the types of product that are sold on the website.
5.6 Sample size and long vs short-term effects
Requirements for a valid online experiment depend on how big of a change you are making to a website. In this experiment modification were made to product listings, navigations, and radically different product pages were designed. An experiment that implements such large changes cannot run for just a couple of days.

An important pattern in website analytics is the day-of-week effect. A recurring pattern of low traffic and conversion rates in the weekend followed by a spike in the beginning of the workweek and a descent after midweek is common for many websites, including the host website of this experiment. Holidays also show up as drops in traffic and conversion for the host website. It is imaginable that some websites see an increase in sales and conversion around Christmas and other holidays but the website used for this research mostly sells business-to-business professional software in the field of website development—nothing like what you expect people to put on their Christmas wish list. In order to separate the day-of-week effect from test-group performance we want to run the experiment for at least several weeks.
Newness effect is another factor to take into consideration when doing an experiment that alters the navigation and structure of web pages. Returning visitors may be confused by the redesign and usability suffers. This often leads to people needing more clicks to get to where they want, or people just clicking everything in hope of finding the page they remembered having seen before. This newness effect adds noise at the beginning of the experiment but is expected to fade away during the first weeks, or maybe even days depending on typical re-visit time.

Lastly the factor of cookie churn was taken into consideration. Our client identification cookie will not be deleted automatically as it is configured to expire only after 2 years. However, the cookie can still be deleted if the user intervenes. Possible reason for this are users clearing out their data for privacy reasons, or perhaps equally likely in the case of our website: professional website developers clearing out their cookies while testing or developing website projects that involve storing information in cookies. The longer the experiment runs, the more risk of cookie churn. Cookie churn is bad because after clearing cookies a person will be re-assigned to a new group and registered as a new unique client, thus decreasing the reliability of our unique-client variable and possibly confusing the client when it get a website that looks and behaves different from before the cookie was deleted. We excluded all users who suffered from cookie churn. It’s also possible, but uncommon that anti-spyware software on the clients’ computer removes the cookie.
Having taken these factors into consideration, the study was still dependent on the users to behave in accordance with the expectations of our research. After the initially planned 2 month duration of the research some simple split-test measures hinted that there was not enough variation between the test group and the control group: there appeared to be no significant difference between the groups. Therefore the research kept running for an additional 2 months until finally it needed to end as the website was in need of some major design and content updates.
5.6 Putting theory into practice

Putting all of these considerations and requirements of our dataset into practice required a sophisticated data-logger. Several 3rd party website analytics software packages were considered but none of them provided all the data we need for this research. Another important point was that the data-logger needs to feed live information to our morphing system. Finally it was decided to create a new data-logging software from scratch. See appendix 4.3 for the programming code that does the data-logging.
This stores a data object (table row) for each page access. Pageviews are however, not a popular object of research, so we need a way of summarizing this data to session information and user information. Getting all the information that was discussed so far into an aggregate level database presented a more complex challenge. I owe much gratitude to Rudy Limeback for writing an awesome book on SQL
 (Structured Query Language) and pointing out the correct aggregate functions to perform this task.

The resulting SQL queries for obtaining the session-based aggregate log and the client-based aggregate log can be found in appendix 4.4
6. Analysis

In this chapter, the data gathered by the research software is described and analyzed. For starters we summarize the process of obtaining the data that was described in detail in chapter 4 and we provide some descriptive statistics and sample data. We wrap it up by evaluating the performance of the morphing group and control group with a binary logistic regression using SPSS.
6.1 Sample

During a period of 4 months the data-logging software recorded over 200.000 pageviews. Around 40% of these pageviews were marked as robot activity. After the sanitizing process described in chapter 4 the dataset could be aggregated to around 30.000 unique clients (30.000 participants). Appendix 1 shows a small sample of the data that was recorded by the research software.
The websites’ audience consists primarily of website development professionals and enthusiasts. People in this field are mostly males. Some supplementary statistics that were recorded by Google Analytics during the research give a general description of the websites’ audience:

5.1.1 Geographical sample data

Table 4

	Visits
34,426
Absolute unique visitors
28,247

	Pages/Visit
1.70
	Avg. Time on Site
00:01:35
	% New Visits
80.21%
	Bounce Rate
69.09%


	
	Region
	Visits
	Pages/
Visit
	Avg. Time on Site
	% New Visits
	Bounce Rate

	1.
	Northern America
	7,776
	1.80
	00:01:47
	80.16%
	66.98%

	2.
	Eastern Europe
	5,112
	1.45
	00:01:03
	83.76%
	73.08%

	3.
	Western Europe
	4,953
	1.99
	00:01:51
	74.68%
	64.30%

	4.
	Southern Europe
	3,266
	1.71
	00:01:32
	73.94%
	69.84%

	5.
	Northern Europe
	3,042
	1.88
	00:01:44
	80.54%
	67.29%

	6.
	Southern Asia
	2,789
	1.66
	00:01:46
	83.40%
	68.70%

	7.
	South-Eastern Asia
	2,062
	1.44
	00:01:24
	85.89%
	74.83%

	8.
	South America
	1,440
	1.50
	00:01:30
	84.58%
	71.81%

	9.
	Western Asia
	1,040
	1.61
	00:01:28
	83.17%
	69.33%

	10.
	Australia and New Zealand
	813
	1.60
	00:01:55
	78.11%
	67.65%

	11.
	Eastern Asia
	753
	1.60
	00:01:25
	81.27%
	70.78%

	12.
	Central America
	419
	1.73
	00:01:36
	77.57%
	70.41%

	13.
	Northern Africa
	278
	1.35
	00:01:12
	82.73%
	75.54%

	14.
	Southern Africa
	176
	1.40
	00:01:03
	85.23%
	73.30%

	15.
	Caribbean
	161
	1.29
	00:00:55
	59.63%
	80.12%

	16.
	Western Africa
	99
	1.52
	00:02:07
	85.86%
	79.80%

	17.
	Central Asia
	98
	1.30
	00:00:36
	88.78%
	76.53%

	18.
	Eastern Africa
	76
	2.16
	00:03:09
	90.79%
	72.37%

	19.
	(not set)
	53
	1.26
	00:00:36
	88.68%
	81.13%

	20.
	Polynesia
	8
	1.00
	00:00:00
	87.50%
	100.00%

	21.
	Middle Africa
	5
	1.20
	00:00:56
	100.00%
	80.00%

	22.
	Micronesian Region
	4
	1.00
	00:00:00
	75.00%
	100.00%

	23.
	Melanesia
	3
	1.33
	00:00:37
	100.00%
	33.33%


6.1.2 Operating Systems used on website

Table 5

	

	
	Operating System
	Visits
	Visits
	

	1.
	Windows
	25,340
	73.61%
	[image: image6]

	2.
	Macintosh
	5,875
	17.07%
	
	

	3.
	Linux
	2,922
	8.49%
	
	

	4.
	iPad
	86
	0.25%
	
	

	5.
	iPhone
	77
	0.22%
	
	

	6.
	(not set)
	69
	0.20%
	
	

	7.
	Android
	18
	0.05%
	
	

	8.
	FreeBSD
	12
	0.03%
	
	

	9.
	SymbianOS
	6
	0.02%
	
	

	10.
	iPod
	6
	0.02%
	
	

	11.
	Playstation 3
	5
	0.01%
	
	

	12.
	BlackBerry
	4
	0.01%
	
	

	13.
	SunOS
	3
	0.01%
	
	

	14.
	NTT DoCoMo
	1
	> 0.00%
	
	

	15.
	OpenBSD
	1
	> 0.00%
	
	

	16.
	Sony
	1
	> 0.00%
	
	


6.2 Binary Logistic Regression Analysis

To find out if there are significant correlations between website conversion rate and our morphing system we will use logistic regression analysis. As our dependent variable marks either a success (product in shopping cart) or failure (no purchase made) we have a binary outcome variable, and thus we have to use binary logistic regression analysis.

The first try at explaining differences between the morphing group and the control group is a simple binary logistic regression with cart/checkout/review as outcome variable and only group as explanatory variable, where group is 0 for the control group and 1 for the morphing group.
Binary logistic Regression 1:

Table 6
	
	B
	SE
	WALD
	SIG
	EXP(B)

	(Constant)
	-6,681
	.494
	183,031
	.000
	0,001

	GroupID
	.139
	.306
	.207
	.649
	1,150

	-2log-likelihood= 642.205 P < .05 Dependent Variable: CartReview
	


While cart/checkout/review is best estimate of the number of actual purchases in the dataset, this page is a number of clicks down the line in the checkout process. To measure the effectiveness of the product page morphs it is only relevant to know how many users decided after looking at the product page to buy the product. Many of these people do not finish that checkout process because of doubts or technical problems with the cart or payment system. Therefore, it is better to count all the users who made it to the first step of the checkout process. 

Binary logistic Regression 2:

Table 7
	
	B
	SE
	WALD
	SIG
	EXP(B)

	(Constant)
	-1,146
	.113
	1,679
	.000
	0,015

	GroupID
	-.146
	.113
	1.679
	.195
	.864

	-2log-likelihood= 3500.201 P < .05 Dependent Variable: CartReview
	


Still, this does not provide a significant correlation between our dependent variable and he morphing group. In order to improve the significance of the group variable, we will proceed to add more explanatory variables to the model. We suspect that systematic variation in some key variables will help explain the conversion of prospects into clients. We analyze the number of product page impressions as well as the presence of the product we are selling in search queries used by people who found our site via search engines. We added a single variable for the count of product page impressions and a single binary variable that tells us if the search query contained one of the following 2 strings:
1. Drupal+theme

2. Drupal+template

+ signs are url-encoded space characters. Plurals of theme and template are also counted by this search. A reference url from a search engine that is recognized by our software will look something like this:

	http://www.google.se/search?q=premium+drupal+themes&ie=utf-8&oe=utf-8&aq=t&rls=org.mozilla:sv-SE:official&client=firefox-a                                                                                                                                                                                 


The newly added variables add information to many cases in the database; they can be expected to be statistically significant if there is indeed a correlation between their variation and our outcome variable.
The binary logistic regression with these variable added gave the following result. 

Binary logistic Regression 3:
Table 8

	
	B
	SE
	WALD
	SIG
	EXP(B)

	(Constant)
	-4,637
	.195
	566,668
	.000
	0,010

	GroupID
	-.196
	.124
	2,483
	.115
	.822

	ImpressionCount
	.553
	.026
	446,239
	.000
	1,739

	Search_contained_product
	.297
	.159
	3,469
	.063
	1,345

	-2log-likelihood= 2853.878 P < .05 Dependent Variable: CartReview
	


Next the search query explanatory variable is insignificant but if ImpressionCount is removed from the equation it will be significant by a 5% or even a 1% significance level.

Binary logistic Regression 4:
Table 9

	
	B
	SE
	WALD
	SIG
	EXP(B)

	(Constant)
	-4,304
	.176
	596,112
	.000
	.014

	GroupID
	-.146
	.113
	1,674
	.196
	.864

	Search_contained_product
	.454
	.144
	9,884
	.002
	1,574

	-2log-likelihood= 3491.206 P < .05 Dependent Variable: CartReview
	


In all analyses we found no significant effect of the morphing system on conversion. The number of product page impressions and our variable that screens search queries from external search engines both have a significant positive relationship with our outcome variable. These results will be discussed in more depth in the next chapter.
7. Conclusion

This chapter concludes the analysis, the research and the implications of all findings that have been exhibited. Finally, a number of important limitation are addressed which leads to a compilation of ideas and suggestions for future research.
7.1 Discussion

Concluding the analysis, our data does not support hypothesis H1:
H1: Marketing communications are more effective if they are designed to address differences in individual holistic/analytic cognitive style preference
This means we cannot provide evidence of a relationship between website morphing and success of marketing communications. We conclude that one or more of the following statements about website morphing and marketing communications must be true:

1. Marketing communications are not more effective for our host website if they are designed to address differences in individual holistic/analytic style preference

2. Our research did not accurately infer holistic/analytic style preference from the website visitors.

3. Our research did not offer morph designs that efficiently optimized marketing communications.

These statements are explored further in the section 6.3.
7.2 Managerial and Theoretical Implications

As this type of marketing research is still in its infancy, marketing managers have to think about when to jump on the bandwagon. The technologies’ usefulness at the moment is limited as there isn’t a solid framework to put theory into practice and more research needs to be done about optimizing user experiences for cognitive style preferences. Managers and researchers should keep an eye on development of the technology and join in the research and/or practice when it seems economically viable, or even economically vital, to their organization.
7.3 Limitations and Future Research

Website Morphing is a new and exciting technology. This research was only a pioneering attempt at finding what works and what does not work, or work well enough. Some of the limitations in my research are due to limited research and others due to the scarcity of knowledge about website morphing.
Professional knowledge of cognitive psychology is one factor that could add to the quality of the morphing system design. While the website designer on this project has plenty of experience in designing for usability, branding and conversion—designing for cognitive styles was something entirely new and therefore could have been insufficiently effective at separating holistic persons from analytical person and/or insufficiently effective at optimizing product page designs for these persons.

Another point of improvement would be quantity and quality of website traffic. The audience of the host website was mainly highly technical people and it’s possible that their web surfing aptitude made them capable of finding the information they seek even if the website design was not optimal for their cognitive style preference. This would moderate any effects of communication optimization. Larger quantities of traffic would also allow more research to run at the same time, by splitting traffic into more groups.
Thirdly, the research must be better protected against robots, especially spamming robots and other robots that ignore politeness policies and identify themselves as normal website browsers. The best solution in my opinion would be to implement a Bayesian inference loop that evaluates the likelihood of a requests being robotic by analyzing several signs of abnormal behavior:
· Not able to execute javascript

· Requesting many pages per second

· Requesting only pages with forms

· Submitting many forms

· Not sending a white-listed user-agent string

· Ip number on 3rd party blacklists

This part of the software could also integrate with existing spam-detecting software that is used to protect web forms against spammers, e.g. Mollom and Akismet.

A final limitation of this research is the mathematical formulas. Whereas a simple Bayesian inference loop was used to make morphing decisions, other research, e.g. Website Morphing
 by Hauser et. al. has shown that uncertainty in cognitive style preferences imply partially obervative Markov decision process (POMPDP) that can be addressed with fast heuristics, while automatic morph selection can be improved by employing Gittins Indices.
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Appendix 2: Rating Scale Questionnaire
Do you expect the page pointed by the depicted links [1-4] to have lots of data that needs to be viewed and analyzed or do you expect this page to have more harmonious, fluent textual information that requires little or no analyzing?

	Link
	Score

	The link surely points to a page with analytic information
The link surely doesn’t point to a page with harmonious information
	3

	The link probably points to a page with analytic information
The link probably doesn’t point to a page with harmonious information
	2

	The link probably doesn’t point to a page with analytic information
The link probably points to a page with harmonious information
	1

	The link surely doesn’t point to a page with analytic information

The link surely points to a page with harmonious information
	0

	I cannot judge if the page pointed by this link has analytic or harmonious information.
	?


 Individual Ratings

	Link
	Score

	1
	

	2
	

	3
	

	4
	


Name:

Signature:

Appendix 3: SPSS Outputs 

Frequency Table for number of control group (1) and test group (2)
	GroupID

	
	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	1
	13883
	50,0
	50,0
	50,0

	
	2
	13892
	50,0
	50,0
	100,0

	
	Total
	27775
	100,0
	100,0
	


Frequency Table for number of impressions per client
	ImpressionCount

	
	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	0
	24793
	89,3
	89,3
	89,3

	
	1
	2017
	7,3
	7,3
	96,5

	
	2
	474
	1,7
	1,7
	98,2

	
	3
	183
	,7
	,7
	98,9

	
	4
	100
	,4
	,4
	99,3

	
	5
	56
	,2
	,2
	99,5

	
	6
	55
	,2
	,2
	99,7

	
	7
	11
	,0
	,0
	99,7

	
	8
	19
	,1
	,1
	99,8

	
	9
	10
	,0
	,0
	99,8

	
	10
	10
	,0
	,0
	99,8

	
	11
	4
	,0
	,0
	99,8

	
	12
	4
	,0
	,0
	99,9

	
	13
	4
	,0
	,0
	99,9

	
	14
	6
	,0
	,0
	99,9

	
	15
	4
	,0
	,0
	99,9

	
	16
	2
	,0
	,0
	99,9

	
	17
	1
	,0
	,0
	99,9

	
	18
	2
	,0
	,0
	99,9

	
	19
	1
	,0
	,0
	99,9

	
	20
	4
	,0
	,0
	99,9

	
	21
	1
	,0
	,0
	99,9

	
	27
	2
	,0
	,0
	100,0

	
	28
	4
	,0
	,0
	100,0

	
	32
	3
	,0
	,0
	100,0

	
	34
	1
	,0
	,0
	100,0

	
	39
	1
	,0
	,0
	100,0

	
	40
	2
	,0
	,0
	100,0

	
	45
	1
	,0
	,0
	100,0

	
	Total
	27775
	100,0
	100,0
	


Frequency Table for number of number of clients that arrived on website via a search engine, using search terms that describe the products sold on the website.
	search_contained_product

	
	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	0
	24217
	87,2
	87,2
	87,2

	
	1
	3558
	12,8
	12,8
	100,0

	
	Total
	27775
	100,0
	100,0
	


Frequency Table for number of clients having proceeded to the review page of the checkout system
	CartReview

	
	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	0
	27732
	99,8
	99,8
	99,8

	
	1
	43
	,2
	,2
	100,0

	
	Total
	27775
	100,0
	100,0
	


Binary logistic Regression 1:
Binary Logistic Regression

	Model Summary

	Step
	-2 Log likelihood
	Cox & Snell R Square
	Nagelkerke R Square

	1
	642,205a
	,000
	,000

	a. Estimation terminated at iteration number 9 because parameter estimates changed by less than ,001.


	Variables in the Equation

	
	
	B
	S.E.
	Wald
	df
	Sig.
	Exp(B)

	Step 1a
	GroupID
	,139
	,306
	,207
	1
	,649
	1,150

	
	Constant
	-6,681
	,494
	183,031
	1
	,000
	,001

	a. Variable(s) entered on step 1: GroupID.


Binary logistic Regression 2:
Frequency Table
	Cart

	
	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	0
	27454
	98,8
	98,8
	98,8

	
	1
	321
	1,2
	1,2
	100,0

	
	Total
	27775
	100,0
	100,0
	


Binary Logistic Regression

	Model Summary

	Step
	-2 Log likelihood
	Cox & Snell R Square
	Nagelkerke R Square

	1
	3500,201a
	,000
	,001

	a. Estimation terminated at iteration number 7 because parameter estimates changed by less than ,001.


	Variables in the Equation

	
	
	B
	S.E.
	Wald
	df
	Sig.
	Exp(B)

	Step 1a
	GroupID
	-,146
	,113
	1,679
	1
	,195
	,864

	
	Constant
	-4,233
	,174
	590,627
	1
	,000
	,015

	a. Variable(s) entered on step 1: GroupID.


Binary logistic Regression 3:

Logistic Regression
	Model Summary

	Step
	-2 Log likelihood
	Cox & Snell R Square
	Nagelkerke R Square

	1
	2853,878a
	,023
	,195

	a. Estimation terminated at iteration number 7 because parameter estimates changed by less than ,001.


	Variables in the Equation

	
	
	B
	S.E.
	Wald
	df
	Sig.
	Exp(B)

	Step 1a
	GroupID
	-,196
	,124
	2,483
	1
	,115
	,822

	
	ImpressionCount
	,553
	,026
	446,239
	1
	,000
	1,739

	
	search_contained_product
	,297
	,159
	3,469
	1
	,063
	1,345

	
	Constant
	-4,637
	,195
	566,668
	1
	,000
	,010

	a. Variable(s) entered on step 1: GroupID, ImpressionCount, search_contained_product.


Binary logistic Regression 4:

Logistic Regression

	Model Summary

	Step
	-2 Log likelihood
	Cox & Snell R Square
	Nagelkerke R Square

	1
	3491,206a
	,000
	,003

	a. Estimation terminated at iteration number 7 because parameter estimates changed by less than ,001.


	Variables in the Equation

	
	
	B
	S.E.
	Wald
	df
	Sig.
	Exp(B)

	Step 1a
	GroupID
	-,146
	,113
	1,674
	1
	,196
	,864

	
	search_contained_product
	,454
	,144
	9,884
	1
	,002
	1,574

	
	Constant
	-4,304
	,176
	596,112
	1
	,000
	,014

	a. Variable(s) entered on step 1: GroupID, search_contained_product.


Appendix 4: Programming code

4.1 Bayesian inference

	// BAYESIAN UPDATE Now we check if a predefined click alternative was clicked, if there is, we have to use this data in the bayesian loop

$ca = check_plain($_GET['c']);

$referpos = strpos(referer_uri(),'sooperthemes'); //proof that this hit really comes from the link, evidence is in the referer.

if ((is_numeric($ca)) && ($referpos) && ($referpos < 13)) { //This test is also compatible with referers from demo.sooperthemes.com  // Utility of each click alternative to either holistic or analytic cognitive style preference (see spreadsheet)

  $ukjn = array(

  'holistic' => array(0.4, 0.1, 0.1, 0.3, 0.4, 0.2, 0.1),

  'analytic' => array(0.1, 0.4, 0.3, 0.1, 0.1, 0.1, 0.4),

  );

  // Likelyhood (see spreadsheet)

  $likelyhood = array(

  'holistic' => array(

  $ukjn["holistic"][0]/array_sum($ukjn["holistic"]),

  $ukjn["holistic"][1]/array_sum($ukjn["holistic"]),

  $ukjn["holistic"][2]/array_sum($ukjn["holistic"]),

  $ukjn["holistic"][3]/array_sum($ukjn["holistic"]),

  $ukjn["holistic"][4]/array_sum($ukjn["holistic"]),

  $ukjn["holistic"][5]/array_sum($ukjn["holistic"]),

  $ukjn["holistic"][6]/array_sum($ukjn["holistic"]),

  ),

  'analytic' => array(

  $ukjn["analytic"][0]/array_sum($ukjn["analytic"]),

  $ukjn["analytic"][1]/array_sum($ukjn["analytic"]),

  $ukjn["analytic"][2]/array_sum($ukjn["analytic"]),

  $ukjn["analytic"][3]/array_sum($ukjn["analytic"]),

  $ukjn["analytic"][4]/array_sum($ukjn["analytic"]),

  $ukjn["analytic"][5]/array_sum($ukjn["analytic"]),

  $ukjn["analytic"][6]/array_sum($ukjn["analytic"]),

  ),

  );

  // Posterior (see spreadsheet)

  $posterior = array(

  'holistic' => array(

  $likelyhood["holistic"][0]*$dimA_prior/($likelyhood["holistic"][0]*$dimA_prior+$likelyhood["analytic"][0]*(1-$dimA_prior)),

  $likelyhood["holistic"][1]*$dimA_prior/($likelyhood["holistic"][1]*$dimA_prior+$likelyhood["analytic"][1]*(1-$dimA_prior)),

  $likelyhood["holistic"][2]*$dimA_prior/($likelyhood["holistic"][2]*$dimA_prior+$likelyhood["analytic"][2]*(1-$dimA_prior)),

  $likelyhood["holistic"][3]*$dimA_prior/($likelyhood["holistic"][3]*$dimA_prior+$likelyhood["analytic"][3]*(1-$dimA_prior)),

  $likelyhood["holistic"][4]*$dimA_prior/($likelyhood["holistic"][4]*$dimA_prior+$likelyhood["analytic"][4]*(1-$dimA_prior)),

  $likelyhood["holistic"][5]*$dimA_prior/($likelyhood["holistic"][5]*$dimA_prior+$likelyhood["analytic"][5]*(1-$dimA_prior)),

  $likelyhood["holistic"][6]*$dimA_prior/($likelyhood["holistic"][6]*$dimA_prior+$likelyhood["analytic"][6]*(1-$dimA_prior)),

  ),

  'analytic' => array(

  $likelyhood["analytic"][0]*(1-$dimA_prior)/($likelyhood["holistic"][0]*$dimA_prior+$likelyhood["analytic"][0]*(1-$dimA_prior)),

  $likelyhood["analytic"][1]*(1-$dimA_prior)/($likelyhood["holistic"][1]*$dimA_prior+$likelyhood["analytic"][1]*(1-$dimA_prior)),

  $likelyhood["analytic"][2]*(1-$dimA_prior)/($likelyhood["holistic"][2]*$dimA_prior+$likelyhood["analytic"][2]*(1-$dimA_prior)),

  $likelyhood["analytic"][3]*(1-$dimA_prior)/($likelyhood["holistic"][3]*$dimA_prior+$likelyhood["analytic"][3]*(1-$dimA_prior)),

  $likelyhood["analytic"][4]*(1-$dimA_prior)/($likelyhood["holistic"][4]*$dimA_prior+$likelyhood["analytic"][4]*(1-$dimA_prior)),

  $likelyhood["analytic"][5]*(1-$dimA_prior)/($likelyhood["holistic"][5]*$dimA_prior+$likelyhood["analytic"][5]*(1-$dimA_prior)),

  $likelyhood["analytic"][6]*(1-$dimA_prior)/($likelyhood["holistic"][6]*$dimA_prior+$likelyhood["analytic"][6]*(1-$dimA_prior)),

  ),

  );

  $dimA_posterior = $posterior["holistic"][$ca];

  $data = array(

    'cid' => $curr_client,

    'posterior' => $dimA_posterior,

  );

  drupal_write_record('uclients', $data, array('cid')); //store the session id and group designation in database

} else {

  $dimA_posterior = $dimA_prior;

}




4.2 Filter out robots

	/**

 * Helper function to check user agent

 */
function browser_info($agent=null) {
  // Declare known browsers to look for

  $known = array("firefox", "msie", "opera", "chrome", "safari","mozilla", "seamonkey","konqueror", "netscape","gecko", "navigator", "mosaic", "amaya","omniweb", "avant", "camino", "flock", "aol");

  // Clean up agent and build regex that matches phrases for known browsers

  // (e.g. "Firefox/2.0" or "MSIE 6.0" (This only matches the major and minor

  // version numbers.  E.g. "2.0.0.6" is parsed as simply "2.0"

  $agent = strtolower($agent ? $agent : $_SERVER['HTTP_USER_AGENT']);

  $pattern = '#(?<browser>' . join('|', $known) .

    ')[/ ]+(?<version>[0-9]+(?:\.[0-9]+)?)#';

  // Find all phrases (or return empty array if none found)

  if (!preg_match_all($pattern, $agent, $matches)) return array();

  // Since some UAs have more than one phrase (e.g Firefox has a Gecko phrase,

  // Opera 7,8 have a MSIE phrase), use the last one found (the right-most one

  // in the UA).  That's usually the most correct.

  $i = count($matches['browser'])-1;

  return array($matches['browser'][$i] => $matches['version'][$i]);

}

/**

 * Helper function to check if user agent is not a crawler and listed as capable of participating in the research

 */

 function browser_capable($agent=null) {

  $client = browser_info($agent);

  if (empty($client)) {

  return 0;

  } else {

  return 1;

  }

}


4.3 Data logger

	/**

 * Implementation of hook_exit().

 *

 * This is where statistics are gathered after page accesses.

 */

function statisticsplus_exit() {

  global $user, $recent_activity, $base_root, $curr_session, $curr_morph;

  drupal_bootstrap(DRUPAL_BOOTSTRAP_PATH);

  if ((variable_get('statisticsplus_enable_access_log', 1))) {

    $date = format_date(time(), 'custom', 'd-m-Y H:i:s', 7200);

    //$currurl = $base_root . request_uri();

    $currurl = check_plain($_GET['q']);

    // Log this page access.

    $user->roles[5] == TRUE ? $staff = 1 : $staff = 0;

    db_query("INSERT INTO {statspluslog} (title, url, ref, ca, impression, segment, gid, hostname, uid, sid, cid, cap, staff, timer, timestamp, date) values('%s', '%s', '%s', '%s', %d, %d, %d, '%s', %d, '%s', %d, %d, %d, %d, %d, '%s')", strip_tags(drupal_get_title()), $currurl, referer_uri(), check_plain($_GET['c']), is_rel_impression(), $GLOBALS['curr_morph'], $GLOBALS['curr_group'], ip_address(), $user->uid, $GLOBALS['curr_session'], $GLOBALS['curr_client'], browser_capable(), $staff, timer_read('page'), time(), $date);

  }

}


Details about the query syntax:
http://api.drupal.org/api/drupal/includes--database.pgsql.inc/function/db_query/6
4.4 SQL code for getting aggregate date information

Grouped by sessions:
	SELECT sid,cid,gid,url,ref,COUNT(*),MAX(impression),SUM(impression),segment,hostname,uid,SUM(timer),timestamp,date
,MAX(POSITION('cart' IN url))>0

,MAX(POSITION('cart/checkout/review' IN url))>0

,MAX(POSITION('q=drupal+themes&' IN ref))>0

,MAX(POSITION('q=drupal+theme&' IN ref))>0

,MAX(POSITION('q=drupal+templates&' IN ref))>0

,MAX(POSITION('q=drupal+template&' IN ref))>0

,MAX(POSITION('drupal+themes' IN ref))>0

,MAX(POSITION('drupal+theme' IN ref))>0

,MAX(POSITION('drupal+templates' IN ref))>0

,MAX(POSITION('drupal+template' IN ref))>0 

FROM statspluslog 

WHERE staff =0 

AND cap =1 

AND hostname != '92.69.131.39' 

GROUP BY sid


Grouped by clients:

	SELECT cid,gid,url,ref,COUNT(*),MAX(impression),SUM(impression),segment,hostname,uid,SUM(timer),timestamp,date
,MAX(POSITION('cart' IN url))>0

,MAX(POSITION('cart/checkout/review' IN url))>0

,MAX(POSITION('q=drupal+themes&' IN ref))>0

,MAX(POSITION('q=drupal+theme&' IN ref))>0

,MAX(POSITION('q=drupal+templates&' IN ref))>0

,MAX(POSITION('q=drupal+template&' IN ref))>0

,MAX(POSITION('drupal+themes' IN ref))>0

,MAX(POSITION('drupal+theme' IN ref))>0

,MAX(POSITION('drupal+templates' IN ref))>0

,MAX(POSITION('drupal+template' IN ref))>0 

FROM statspluslog 

WHERE staff =0 

AND cap =1 

AND hostname != '92.69.131.39' 

GROUP BY cid
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