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ABSTRACT 

 

     Major research studies have provided support for information scent based usability 

evaluation and have increased its parent theory’s (Information Foraging theory) 

credibility in the HCI community. These studies have, directly and indirectly, found 

significant correlations between good information scent and good usability. We would 

like to investigate its application to less-studied platforms, such as web pages on PDAs 

and cell phones. The theory itself is not device specific and it implicitly assumes that 

information scent’s importance is universal. However, all studies on the practical 

application of Information Foraging theory have been conducted with desktop computers. 

We would like to examine what role information scent plays in interfaces on mobile 

devices that are limited in usable screen space. For this project, we performed a 

controlled study with 28 participants on the BBC News web site and its PDA-optimized 

version. Various usability and information scent related indicators were measured and 

compared across devices. Contrary to our expectations, we did not find any statistically 

significant differences between the information scent indicators of the Desktop and PDA 

sessions and the paths across the devices were highly correlated.  
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1. Introduction 

1.1 Purpose Statement 
     In the past few years, researchers at PARC have introduced and refined Information 

Foraging Theory [4, 7, 11, 15], a cognitive model on information seeking behavior. 

While the theory is quite extensive, one of its central concepts, that of “information 

scent”, has been studied greatly in how it relates to user information gathering behaviors 

on the Web and, more specifically, how it affects web page usability. Information scent is 

the user’s perceived value and cost of information sources acquired from proximal cues, 

such as hyperlinks or graphics that represent the content sources. Information Foraging 

Theory’s main assumption is that user behavior, while browsing the web, is guided by the 

information scent of its pages.  

     Major research studies have provided support for information scent based usability 

evaluation and have increased its parent theory’s credibility in the HCI community. 

These studies have (directly and indirectly) found significant correlations between good 

information scent and good usability. We would like to investigate its importance in the 

usability of less-studied platforms, such as web pages on PDAs and cell phones. The 

theory itself is not device specific and it implicitly assumes that information scent’s 

importance is universal. However, all studies on the practical application of Information 

Foraging theory have been conducted with desktop computers. Furthermore, it ignores 

learning effects, such as when a user revisits a page. We would like to examine what role 

information scent plays in interfaces on mobile devices that are limited in usable screen 

space.  

     The purpose of this research project was to investigate the importance of information 

scent in PDA optimized web pages, as compared to that of regular desktop web pages. To 

do this, we performed a controlled study with 28 participants on the BBC News web site 

and its PDA-optimized version. Various usability and information scent related indicators 

were measured and compared across devices. Also, some key user paths were compared 

to the predictions of the established information scent metrics and algorithms.  

      The metric that we applied to the pages is based on the Web User Flow by 

Information Scent (WUFIS) algorithm [7], which the Xerox PARC researchers have 
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developed and extensively use. WUFIS works by calculating the similarity between a 

user’s information need, expressed in keywords, and the keywords contained in and 

surrounding each hyperlink on a webpage. This algorithm is discussed in more detail in 

the “Related Work – Information Scent” section. 

     If we measure information scent with this existing metric, two versions of the same 

page should have similar scent, and should lead users to similar paths across both 

devices. This assumption is consistent with Information Foraging Theory, as long as the 

two versions have similar links and proximal cues and if the structure and hierarchy of 

the site’s pages are not different across devices.  However, we believed that other factors 

are important, possibly more important than information scent, and we expected to 

observe significant differences between the usability of the two versions.  

     We based this expectation on an earlier user study that we conducted [5]. In our study, 

we had users perform the same tasks on three different versions (desktop, PDA, cell 

phone) of the same web page. The purpose of the study was to determine how user 

mental models of the site are used across devices, if they change, and what role does 

information scent play in building, using or changing a mental model. Among other 

interesting observations, we found that information scent depended on other factors that 

are not included in the established metrics. On the PDA, we observed “scent overload”, 

i.e. the tendency of users to ignore useful links when they were crowded together, and 

also noticed users ignoring useful widgets when they were rendered slightly differently 

than what they were on the desktop version (metaphors influence scent). Furthermore, we 

noticed that users did not always make navigation decisions based on information scent. 

In particular, we saw that users would often choose a path with weak scent, if the 

perceived cost of doing (and undoing) so was small. This study was small, with only 

eight participants, but we used these observations to better plan our major study. 

 

1.2 Overview of Document 
 
This rest of the document is organized as follows: 

• In Chapter 2 - Related Work, we discuss the published work related to PDA 

Browsing usability and Information Foraging theory.  
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• Our methods for applying and evaluating Information Foraging theory to PDAs is 

discussed in Chapter 3 - Methods. 

• Chapter 4 presents the results from our experiments and analysis. 

• Finally, Chapter 5 – Conclusion, includes a discussion of the results, the 

implications and possible future work. 

 

• The detailed results from the study and its analysis are included in the 

Appendices. 
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2. Related Work 

2.1 PDA Browsing 

     The development of the World Wide Web (WWW) and proliferation of web enabled 

devices have made mobile web browsing quite commonplace. Most PDAs today are 

capable of connecting to the Internet and have their own built-in web browsers. However, 

browsing the web on a PDA is quite cumbersome, since web pages are designed for 

desktop computers. The smaller display and limited text input capabilities of PDAs make 

even the simplest web pages hard to view and/or interact with. Many content providers 

have designed PDA optimized pages for the convenience of their viewers but the fact is 

that the vast majority of web pages are unsuitable for mobile browsing. This problem has 

prompted extensive research and development of mobile web usability guidelines, as well 

as new PDA web browsers, page transcoding methods and other potential solutions, 

which we shall discuss in this section.  

     With the introduction of the WAP protocol for mobile web browsing, numerous 

usability problems surfaced, which ultimately doomed the technology. In their paper, 

George Buchanan et al. [1] discuss the major problems that characterize WAP: small 

screen size, unconventional navigation and site structure and limited input methods. They 

tested some alternative approaches to designing pages with WAP and came up with some 

design guidelines for WAP usability. While these guidelines are specific to cell phone 

WAP browsing, they can form a good basis for general, small-form-factor device 

interface design. 

     As cell phones and PDAs became more popular, many design guidelines appeared for 

mobile web site development. Lari Karkkainen and Jari Laarni [12] argue that some of 

these guidelines can be contradicting and, furthermore, that the more exact a guideline is 

the more probable it will be that contradicting evidence exists. They went ahead and 

classified existing guidelines for web design and provided examples of these guidelines 

modified to be applicable to PDAs. In a related paper, Goldstein et.al. [10] discuss the 

importance of keeping existing computer metaphors and providing adequate affordances 

when designing for 3G mobile devices.  
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     Other researchers have tried to make the WWW more accessible on mobile devices by 

developing transcoding tools, which take existing web sites and reformat them for such 

devices. Orkut Buyukkokten et al. [3] developed the Power Browser system. A proxy 

server fetches the requested page and processes it using its implicit structure to transform 

it. Small summary views are then sent to the Power Browser PDA client. The browser 

displays the page in a tree structure with which the user can select which parts of the page 

s/he can view with more (or less) detail. The usability of Power Browser was later 

enhanced [2] with the addition of keyword-driven summarization. 

     Lee and Grice’s [13] system has a similar architecture but focuses more on user 

customization. In their method, the user’s PC acts as a server, fetches the page and 

converts it to an XML representation. The PDA gets the XML page from the server and 

displays the contents according to the user’s preferences.  

     Chen et al. [6] constructed an algorithm to transform a web page into a two-level 

hierarchical page more suitable for small form factor devices. The algorithm analyses the 

structure of the page and splits it into small independent regions which can be easily 

viewed on a small screen. At the top level, a thumbnail representation is displayed, i.e. a 

screenshot of the entire page that is used as an image map to the generated sub-pages. 

This method can effectively transform static pages and, once generated, the new pages 

can be viewed on any HTML browser. 

     While these systems have a lot of potential and can be effectively used for many 

mobile web browsing needs, many content providers have redesigned their pages for 

mobile device use. Specifically, they have designed versions of their pages that standard 

PDA or cell phone browsers can render without intermediate processing. Services, such 

as AvantGo, streamline the delivery process to make it easier for users to locate and view 

such pages on their devices. This growing “sub-web” brings new interaction methods to 

investigate and, with the relatively small amount of research having been conducted on 

PDA web browsing usability, new usability issues to address. One such issue is the 

importance of information foraging theory and more specifically, good information scent 

in web pages, which, as a cognitive model, has shown some promise in the desktop 

browsing area. We wish to investigate the corresponding importance of this framework 

and its applications on mobile browsing. 
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2.2 Information Foraging Theory & Information Scent 

     Information scent is a concept that has been extensively researched at PARC by Peter 

Pirolli, Stuart Card, Ed Chi and others [4, 7, 11, 15]. The concept of information scent 

was initially introduced by Pirolli and Card and is a refinement of a theory proposed by 

George Furnas [9] in which a representational object holds a “residue” of what hides 

behind it. Dr. Ed Chi [11] provides a brief description of information scent in one of his 

recent interviews: “Information scent is made of cues that people use to decide whether a 

path is interesting. These cues consist (of) images, hyperlinks and bibliographic citations 

related to the information needed.”  Such cues allow the user to estimate the likelyhood 

of finding the right information for a particular path.  

     The concept of information scent is based on Information Foraging Theory, which 

according to Peter Pirolli [15], “addresses how people will adaptively shape their 

behavior to their information environments and how information environments can be 

best shaped to people”. In 1999, Pirolli and Stuart Card published a paper in the 

Psychological Review [17] which presented the theory comprehensively and discussed its 

derivation from biology’s optimal foraging theory. 

     There are numerous methods to measure information scent which are relevant to our 

research. Card, Pirolli et al. [4] have developed a variety of methods for usability 

evaluations based on information scent. One of these is a method for visualizing web 

navigation paths using web behavior graphs, which include information about the 

information scent of each page. With these graphs, developers can evaluate the usability 

of a website and relate it with the information scent of each page. The graphs are initially 

developed using instrumentation to obtain detailed recordings of user actions with a 

browser. The users’ comments are also noted (think-aloud protocol) and used to 

determine whether a specific page has high or low scent. Additionally, side experiments 

take place with expert judges who rate the information scent of pages with respect to a 

given task. The information scent data is then incorporated into the graphs by coloring 
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the nodes, which represent pages, with different colors representing different levels of 

scent. An example graph is shown in Figure 1. 

 

 

Figure 1: Web Behavior Graph 

 

     Other related work includes SNIF-ACT [16], a system which simulates a user 

searching for information online. SNIF-ACT uses a cognitive model, based on 

Information Foraging Theory, to rank links’ relevance to the information need. In 

experiments with real users, a significant matching pattern between the users’ choices 

and SNIF-ACT’s predictions was found.  

     Other computational methods have been developed for understanding the relationship 

between user needs and user actions. Ed Chi et al. have developed an algorithm [7], 

which simulates how web users, with a given information need, will navigate through a 

web site. The algorithm is called Web User Flow by Information Scent (WUFIS) and it 

measures the information scent of all links in the site, using keyword similarity with 

respect to the given information need, and uses the measured scent to calculate the 

probability of users choosing each link on a page. More specifically, WUFIS constructs a 

table containing the keywords associated with each link in a webpage – similar to vector-
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space information retrieval algorithms but in this case the table is a link-term table 

instead of a document-term table. The information need is also expressed as a vector of 

keywords. Each vector in the link-term table is multiplied with the information need 

vector and the product is scaled, i.e. the cosine of the angle of the two vectors is 

calculated. This cosine is the similarity between the information need and the 

corresponding link, or as the authors call it, the Proximal Scent (PS) of the link. Within a 

page, the probability of a user selecting a particular link is estimated by the relative 

proximal scent of that link: P(choosing link X) = PS(X) / (sum of PS of all links in the 

page). These probabilities are effectively used as proportions of simulated users selecting 

specific links. This process is repeated for each “visited” page and in the end a list of all 

paths is produced, along with the proportion of simulated users that followed each path. 

     This algorithm is used in PARC’s Bloodhound usability evaluation tool [8]. 

Bloodhound takes as input a starting page, an information need expressed in keywords, 

and the target page where the information need can be satisfied.  It then applies the 

WUFIS algorithm on the web site and provides a report on how the simulated users 

performed with the given task. The report includes the success rate, which is simply the 

percentage of simulated users that reached the target page, and other statistics about the 

paths that users followed. To evaluate the accuracy of the tool, the authors extracted the 

paths that Bloodhound generated for some given site-task combinations and then 

compared them to data from studies with a large number of real users, who performed the 

same tasks. They found significant correlations (mostly “moderate”) between the paths 

that Bloodhound generated and the paths that the real users followed. 

     Olston and Chi use a variant of WUFIS for a different purpose [13]. With their 

ScentTrails browsing tool, they combine the benefits of keyword searching and browsing. 

A user can enter a few search keywords into the browser while browsing a site. These 

keywords constitute the partial information need because, in their paper, the authors 

argue that in many cases users don’t know exactly what they’re looking for until they’ve 

reached some pages in the right path. The browser uses the partial information need to 

highlight links that lead to pages, which are relevant to it. This relevance is computed 

using an algorithm similar to WUFIS. The user can at any point change the keywords and 

the tool updates the highlighting accordingly. The authors conducted a preliminary study 
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with real users and found better performance when participants used ScentTrails, 

compared to them using browsing and keyword searching separately.  

     Most of the research on information scent has been done exclusively with experiments 

in which participants performed their tasks on desktop computers. The impact and 

importance of information scent on browsing on devices with limited screen space and 

input capabilities, such as PDAs, has not been investigated. Other factors that may play a 

significant role are: limited screen space (more scrolling), crowded content, differences in 

PDA browser rendering of widgets and learning effects, to name a few. The existing 

information scent metrics do not incorporate these factors.  For this project, we compared 

the usability of the Desktop and PDA versions of the same page with respect to their 

information scent, and we also applied these metrics, to the relatively unexplored area of 

PDA browsing.  
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3. Methods 
     To investigate the effect the platform might have on information scent, we performed 

a controlled study with 28 participants. The participants performed tasks on two versions 

(Desktop and PDA) of the same web site, which had similar information scent. In 

addition to the controlled study, we also carried out a static analysis of the two versions 

of the site to compare the information foraging theory predictions, to the actual user 

behavior. The controlled study, the static analysis and the hypotheses that we wanted to 

test are described in this chapter 

  

3.1 Controlled Study 

     For our study we used the BBC News web site (news.bbc.co.uk, see Figure 2). BBC 

keeps the same content and hierarchy across devices. On the PDA version, the format 

changes and the images and graphics are adjusted to accommodate the device screen but 

the links (including the navigation site map) and the text remain the same (see Figure 3). 

This helped us keep the information scent of the PDA and Desktop pages relatively 

similar and therefore judge its importance compared to other design factors. We 

performed the controlled usability study in the McBryde 102 Usability lab. The PDA 

tasks were performed on the PocketPC emulator running on the Desktop computer, in 

order to facilitate the recording of the participants’ sessions. The BBC News site was 

locally captured on April 14th, 2005 and this capture was used for the study, in order to 

keep the site the same for all participants. 
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Figure 2: BBC News, Desktop Version 

 

 

Figure 3: BBC News, PDA Version 

 
Written permission received from BBC to include these screenshots 
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Study Information 

• 28 participants 

• Each participant performed four tasks; two of them on the Desktop and two on the 

PDA. 

• Tasks were chosen from a common pool of tasks but participants did not perform the 

same task on both devices (to avoid the use of previously built mental models) 

• The platforms were used according to a systematic ordering, as illustrated in Table 1, 

to cancel-out order effects. 

 

Participant 1 2 3 4 5 6 7 8 9 … 27 28 
Task 1 PDA Desk PDA Desk PDA Desk PDA Desk PDA … PDA Desk
Task 2 PDA Desk Desk PDA Desk PDA PDA Desk Desk … Desk PDA
Task 3 Desk PDA PDA Desk Desk PDA Desk PDA PDA … PDA Desk
Task 4 Desk PDA Desk PDA PDA Desk Desk PDA Desk … Desk PDA

Table 1 : Platform order 
 

     With this particular setup, each task was performed an equal number of times (14) on 

both devices  

 

Pool of Tasks: 

1. Find a story describing Hungary’s support for Croatia’s E.U. Bid 

2. Find a story about a trial of Nigeria officials  

3. What do BBC News Viewers have to say about improving Britain’s language skills? 

4. Find an article concerning one of the oldest stars in the universe 

 

     These tasks were chosen because they required some browsing within the site. We did 

not want users to be able to complete the tasks by searching the news front-page. Such 

tasks would not help us evaluate the relationship between information scent and 

navigational decision-making. Therefore, we selected articles or sections that are not 

linked on the front-page and that require browsing deeper into the site.  

 

Procedures 
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The participants were greeted and given a short description of the experiment verbally. 

They were then asked to read the informed consent forms and to sign them if they agreed 

with the procedures. The session started with them reading the task descriptions off a 

sheet, which they attempted to complete on the computer. Before each task, the Morae 

recorder was started and was stopped when the participant finished the task.  

 

Measured Variables 

     The following variables were extracted from the usability study. Some of these are 

standard usability evaluation metrics; others were used to evaluate information scent. 

 

Time to complete task and number of pen taps or mouse clicks per task (TTC, MC) 

These are standard usability metrics used in Desktop and PDA Browsing evaluation. 

 

Page loads (PL) 

The number of pages the user visits for each task, i.e. the length of the path. 

 

Success rate for each task (SR) 

The proportion of participants that successfully completed the tasks on a given platform. 

This is one of the outputs that the Bloodhound tool provides in its usability reports. 

 

Backtracking (BT) 

The number of times participants backtrack in their path. Backtracking is an indicator of 

bad scent. 

 

     All user sessions were performed in the McBryde 102 Usability Lab. The sessions 

were recorded using probing software (Morae) and the participants’ navigation paths and 

the aforementioned variables were extracted from the recordings. The study received IRB 

approval on April 27, 2005 (See Appendix “IRB Approval”). 
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3.2 Static Analysis 

     Calculating the full WUFIS prediction by hand for the BBC News website is too 

complex and error-prone and we were not able to get access to the Bloodhound tool. 

Nevertheless, we applied information scent metrics to both Desktop and PDA versions of 

the page, for special, limited cases (See Appendix C: Path Correlations for results). 

     Each task was expressed as a vector of keywords. The task vector was then compared 

to the proximal scent vector of each link, in a similar way to WUFIS, which resulted in a 

quantitative indicator of similarity.  For each case we examined, we used these 

similarities to rank the most probable choice of links. 

 

More specifically: 

1. Each task was expressed in a set of keywords. These keywords formed the task vector 

t, which is effectively a vector of ones.  

2. For each link in a page, a link vector l was constructed, in which occurrences of task 

keywords in and around the link were counted. 

3. The cosine of the angle of the vectors was calculated (dot product of the two vectors 

divided by the product of their magnitudes). This cosine was used as a measure of 

similarity between the task and the link.  

4. Once all the similarities have been calculated for a single page, the probabilities of 

choosing a link was determined by dividing the similarity of that link by the sum of 

the similarities of all links in that page. 

5. These probabilities were then used to determine the most probable choices. 

 

Example: 

Task: “Find an article relating to food strikes in an US prison” 

Set of task keywords: (food, strike, US, prison) 

Corresponding task vector t = [1, 1, 1, 1] 

 

In the first page, there are a few links that would produce non-zero similarities  

• “US” section in Site Map, l = [0, 0, 1, 0] 

• “Prison guard killed in escape attempt”, l = [0, 0, 0, 1] 



 

 15

• “Food shortage in Zimbabwe”, l = [1, 0, 0, 0] 

 

     The calculations produce equal similarities for each link and subsequently, equal 

probabilities (0.33) to follow them. This example also illustrates a key problem with 

information scent metrics; they do not address context. A typical user would understand 

that the two last links are unrelated to the task but the metric predicts that the user is 

equally likely to choose any one of them. 

     We also calculated the correlation coefficients between the Desktop and PDA paths 

for each task. We performed this calculation just as the PARC researchers did to compare 

their Bloodhound results to the actual user data. Specifically, for each task, we tallied the 

number of page visits on each platform from all participants. We then calculated the 

Pearson’s correlation coefficient of the paired data (Page X Visits on Desktop vs. Page X 

Visits on PDA). 

      

3.3 Hypotheses 

     The purpose of this project was to determine whether information scent is negatively 

influenced by small-form factor devices. Thus, we set out to test the following 

hypotheses: 

 

Low correlations between Desktop and PDA paths. 

     If information scent is influenced by the platform, then the paths that users follow 

should be different from device to device. Therefore, the correlations between the 

Desktop and PDA paths should be low.  

 

Success rate of tasks lower on PDA. 

     If information scent is negatively influenced by the limited screen space of the PDA, 

the users should have more trouble completing their tasks and thus a lower success rate 

on the PDA. 

 

More Page Loads and Backtracking on PDA. 
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     For similar reasons, worse information scent should lead to more page loads and more 

backtracking on the PDA. 

 

More Mouse-Clicks and Higher Time-to-Complete on PDA tasks. 

     More page loads and backtracking, as well as more scrolling on the PDA, should lead 

to higher a time to complete and to more mouse clicks for each task on the smaller 

device. 

 

Rationale: 

On the PDA, the smaller screen size hides links and thus should make their scent weaker. 

Weaker/worse scent should lead to longer paths, more backtracking and more difficulty 

in completing tasks. 
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4. Results 

4.1 Participant Information 

      Participants for the controlled study were recruited from the CS 3604 course, as well 

as from personal requests to friends and acquaintances. A total of 28 Virginia Tech 

students participated in the controlled study. The sample consisted of: 

 19 upper-class undergraduate Computer Science students 

 4 Mechanical Engineering graduate students  

 2 Computer Science graduate students 

 1 Aerospace Engineering graduate student 

 1 Industrial Systems Engineering upper-class undergraduate student 

 1 Building Construction undergraduate student 

 

     All of the participants rated their PDA experience as “None” or “Very little”. Only 

one of them had experience with the BBC News website. 

 

 

4.2 Summary of collected data 

     The detailed descriptive statistics (means, standard deviations, 95% confidence 

intervals for the means) can be found in Appendix B. 

     If we look at the means alone (see Figures 4-8), we can see that the average mouse 

clicks were higher and the time to complete was slightly higher on the PDA than on the 

Desktop. However, the opposite was observed for page loads and backtracking. In most 

cases, the average page loads and backtracking on the PDA were lower or roughly equal 

to the corresponding Desktop averages.  This is directly opposite to our predictions. 
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Figure 6: Task 3 Means 
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Figure 7: Task 4 Means 
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Figure 8: Means over all Tasks 

 

 

     Also, the overall success rate was higher on the PDA (94.6% vs. 89.3%). This, again, 

is not what we expected. This difference was not statistically significant (see Appendix 

B).  

     Another interesting characteristic of the collected data is the high variance of the 

variables. This variance makes it more difficult for us to make statistically sound 

conclusions. A more formal evaluation of the differences between platforms is presented 

in the following section. 

 

4.3 Hypothesis testing 

     To test our predictions, we compared the means of the measured variables for each 

task/platform combination, using MINITAB to perform standard one-sided t-tests. The 

complete MINITAB output for each t-test is included in Appendix B. 
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     The only prediction that was supported by the data was the one concerning mouse 

clicks. The t-tests for average mouse clicks on the Desktop versus the PDA showed that 

on all tasks except Task 4, the number of mouse clicks was significantly higher on the 

PDA. There was no statistically significant difference of mouse clicks between the two 

platforms for Task 4. We consider a result “significant” if the t-test shows a difference 

with a P-Value of 0.05 or less. 

     All other measured variables did not confirm our hypotheses. The one-sided t-tests did 

not show any significant differences. A summary of the t-tests is illustrated in Table 2. 

      

     We also performed two-sided t-tests and the results were similar. Only mouse clicks 

were found to be significantly different between platforms, for tasks 1, 2 and 3. 

 

 TTC MC PL BT SR 

Task 1     

Task 2     

Task 3     

Task 4     

 

      

  :  P-Value < 0.05   

  :  P-Value > 0.05   

Table 2 : One-sided t-test results 

     

4.4 Path Correlations 

     For each task and platform combination we counted the number of times each page 

was visited by all users. We then calculated the Pearson’s correlation coefficient for the 

paired data (the number of times a specific page was visited on the Desktop vs. the PDA). 

The correlations were considerably high (the smallest one was 0.752). It is interesting to 



 

 22

note that since no participant performed the same task on both platforms, the correlations 

reflect the relationship of the paths that two disjoint groups of participants followed. 

     We also performed the same calculation for the combined page visits over all tasks. 

The correlation coefficient for this dataset was 0.844, indicating a high correlation 

between the paths that users follow on the Desktop and PDA versions of the page. 

    Illustrated below are the scatter-plots of the page visit relationships for each task and 

for the aggregate page visit data. For each scatter-plot, the computed correlation 

coefficient is given. 
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Task 1 

R = 0.752, P = 0.00 
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Task 2 

R = 0.976, P = 0.000 
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Task 3 

R = 0.754, P = 0.000 
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Task 4 

R = 1.00 , P = * 
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Aggregate task paths 

R = 0.844, P = 0.000 
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4.5 WUFIS Predictions versus Actual User Paths 

     Lacking access to the Bloodhound tool, we performed some informal WUFIS-type 

calculations for some limited cases. More specifically, we performed the calculations for 

each task, on the “n-1” page of the task, i.e. the page in which the link to the target page 

could be found. Some predictions were accurate, others weren’t. Sometimes the 

prediction was more accurate for one platform and sometimes its accuracy didn’t vary by 

platform. For more details, see the “Bloodhound/WUFIS predictions VS Actual User 

Paths” section in Appendix C: Path Correlations. 
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4.6 Summary of findings 

• The time to complete and number of mouse clicks means were generally higher 

or roughly equal for the tasks performed on the PDA. Statistically, only the mouse 

clicks had a significant difference.  

• The page load and backtracking means, on the other hand, were slightly higher on 

the Desktop. Statistically, these differences were insignificant. 

• Success rate higher on PDA. Again, no statistically significant difference. 

• Most variables had high variances. 

• The formal t-tests did not confirm our hypotheses, except the one for mouse clicks 

on tasks 1, 2 and 3 

• The correlations between the paths on the Desktop and the PDA were high 
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5. Conclusion  

5.1 Discussion of results 

     Our results were almost the opposite of our predictions. The only hypothesis that was 

confirmed, i.e. that the number of mouse clicks is higher on the PDA, can be easily 

explained and does not help us infer anything about information scent. The main reason 

there were more mouse clicks on the PDA is that more scrolling is needed to view pages 

on such devices, and scrolling is done by tapping on the scroll bar.  

    The results are more likely to indicate that information foraging theory is indeed 

device independent. The measured variables that were related to information scent - page 

loads and backtracking - were not statistically lower on the Desktop. On the contrary, 

their averages were in most cases lower for the PDA, even though these differences were 

not statistically significant because of the high variance that characterized the variables.  

     Another indicator related to information scent was the path correlation between 

devices. We found that the paths on the Desktop were highly correlated to corresponding 

paths on the PDA. It is important to note that the samples from which these paths were 

extracted were completely disjoint, since no participant performed the same task on both 

devices. If information scent was indeed influenced by screen size, as we expected, we 

would probably see different paths on the PDA and, consequently, lower correlations 

between the two devices. Again, we must caution against too much interpretation of these 

numbers, since it is hard to attribute statistical significance to correlation coefficients 

derived from such a small sample. 

     With this project, we hoped to understand the role of good information scent on less-

studied platforms. While we expected to show that information scent is a secondary 

factor in small-form-factor device interfaces, our study did not reveal any significant 

differences between the platforms that would justify such a conclusion. It could very well 

turn out that we were wrong, i.e. that information scent is just as important, or even more 

important in such interfaces. We would welcome such a conclusion as well, since it too 

would be a new observation and it would help us, and the HCI community, understand 

Information Foraging Theory better, not to mention that it would give us a solid tool for  
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user interface design, multiplatform or not. However, our sample was not large or diverse 

enough to make such conclusions either.  

     We were planning to use a similar information scent metric and the same correlation 

calculation as the creators of Bloodhound used, in order to be able to objectively compare 

our results to theirs. However, the algorithm used by Bloodhound (WUFIS) is far too 

complex to perform by hand on a large website like BBC News. We asked the 

Bloodhound creators for access to their tool but they had already dismantled it and could 

not have it ready for us at short notice.  

     While it would have been nice to have the Bloodhound output to compare our results 

to PARC’s published results, we still could perform some informal WUFIS-type 

calculations for some special cases. More specifically, we performed the calculations for 

each task, on the “n-1” page of the task, i.e. the page in which the link to the target page 

could be found. Some predictions were accurate, others weren’t. In some cases the 

predictions were just as accurate on the PDA as they were on the Desktop, in other their 

accuracy varied.  

 

5.2 Conclusion and Future Work 

      We believe that Information Foraging theory has the potential to evolve and become 

predictive enough to be used as the basis of some kind of automated usability evaluation. 

However, in order for this to happen, it must be studied on different platforms and 

various contexts to expose its weaknesses. Only then can we refine it.  Its parents, the 

researchers at Xerox PARC have not worked on this promising theory at all after the 

publication of their Bloodhound paper. The moderate correlations that they found 

between Bloodhound’s predictions and actual user data, while impressive, are not enough 

to consider the program a practical usability evaluation tool. We hope that this project 

kick-starts a new direction in Information Foraging theory research, which would 

ultimately lead to a better, more predictive version of the theory. 

      The most important lesson we can get from our work is that a much larger sample of 

users would be required in any future study in order to make conclusions about the effect 

of platforms on information scent. We were expecting significant differences in the 
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usability of the Desktop and PDA versions of the BBC News site. However, it seems the 

well designed interfaces on both platforms resulted in similar usability, as far as we could 

tell. Furthermore, we did not measure any significant differences in the variables related 

to information scent and the path correlations across devices were high. So is information 

scent indeed device independent? Our data would suggest yes but we would need a much 

larger sample to make a sound conclusion. 

     Another interesting aspect to study, given a larger sample, is the correlation between 

the actual user paths on the Desktop and the PDA (separately) and the prediction that 

Bloodhound/WUFIS would generate for each task on each platform. If the corresponding 

correlations are similar across devices, than we can say with a little more confidence that 

information scent is not affected by the platform. If, on the other hand, there are 

significant differences between the two correlations for a given task, we would see that 

information scent is actually influenced by the platform in ways that are not addressed in 

the theory. Unfortunately we were not able to make this comparison for two reasons: a) 

we contacted the Bloodhound team at PARC and they were not able to give us access to 

Bloodhound in a timely manner and b) even if we had access to Bloodhound, our sample 

was not large enough to make statistically significant conclusions.  

 

5.3 Information Foraging theory weaknesses  

     As we studied Information Foraging theory, we found some aspects of it that we 

believe are detrimental to its predictive ability. Some of these weaknesses were 

somewhat supported by the observed behavior of the actual users in our study, and should 

be studied more formally in future studies. 

5.3.1 Proper Nouns 

     One phenomenon that we noticed was that of users paying more attention to proper 

nouns inside a link. For example, in Task 2, where participants were asked to find an 

article about a trial of Nigeria officials, users tended to focus intensely on links that 

contained the word Nigeria. More specifically, there was a list of links which contained, 

among others, two links with the word Nigeria in them: “Nigeria leader in corruption 
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dare” and “Fraud trial for Nigeria officials”. The former link appeared first in that list and 

naturally the participants focused on it. Many of them even selected it, even though it was 

not the correct choice. We believe that if the correct link appeared first, there would be a 

significant reduction in the number of participants that would select the wrong link. This 

observation also brings up the issue of order, which we discuss later, but we noticed in 

general that users weigh proper nouns more when scanning links. We also noticed this 

behavior in our previous study [5].  

     The information scent metrics and Information Foraging theory in general, do not 

address this phenomenon. WUFIS does not assign weights to keywords and IFT does not 

address this filtering that users perform. Perhaps a study could be conducted in which the 

focus is to examine the role of proper nouns in link scent, to verify this observation. 

 

5.3.2 Context 

     One major problem with the information scent metrics, and WUFIS specifically, was 

the fact that a task, or an information need, must be expressed with a set of keywords. 

The algorithm then only looks at those specified keywords to assign relevance/similarity 

to the links in page. 

     While this approach might yield some usable results, it completely ignores the role of 

context. If a user is looking for something associated with Hungary, he probably knows 

that Hungary is in Europe, and is therefore likely to consider links that contain “Europe” 

in them. Another example: if the user is looking for sites about cars, he or she is also very 

likely to consider links that contain the word “automobile”, since the two words are 

synonymous.  

     The PARC researchers do mention this problem, indirectly. In their Bloodhound paper 

[8], they mention that the results of the simulation are very sensitive to the keywords used 

in the task vector. They do not mention, however, which keywords they used for each 

task.  

     One possible solution is to include a variety of keywords that express the same or 

related concepts in the task keyword set. For example, include “Africa” in a task that 

concerns the country Nigeria. This approach has one significant problem though; it 
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makes assumptions about the user knowledge on the subject (for example, someone 

might not know that Nigeria is in Africa) and furthermore, it assumes ALL users have 

this same knowledge, since the simulation uses the same task vector for all simulated 

users. These assumptions can lead to non-realistic results. 

     Another possible solution would be to ask a significant number of people to specify a 

set of words that they think are related to a given task. Then, these sets can be 

individually entered into Bloodhound. This approach addresses the problems of context 

and user knowledge but it has its own problems. First, it makes the whole process less 

automated. This is not a serious problem, since asking people to provide keywords is still 

much more efficient than having all of them perform the tasks and then having the results 

analyzed. Second, instead of one Bloodhound report, we would have multiple reports to 

study. Finally, and more importantly, users may not be able to think of all possible 

keywords, and there may be keywords inside the website that are related and helpful but 

they would not be obvious to the person providing the words, until he or she performs the 

task on the site.  

     In general, context is always a major problem with automated usability. Information 

Foraging theory is no exception and its application suffers from this problem too.  

 

5.3.3 Size, Order and Location of Links 

     Another major omission that we believe hurts Information Foraging theory, is its 

complete lack of consideration of the ordering and the placement of links within a 

website. It is safe to assume that any link that is, for example, prominently displayed, will 

be noticed more than other links that are not. In IFT terms, this means that the former link 

will have stronger information scent. 

     IFT and WUFIS do not address this self-evident fact. A headline in the BBC News 

site will have the same weight as a link crowded with others in a list. Furthermore, a link 

that appears in the top of a list will be treated the same as link in the middle of the same 

list. Obviously, this is simply not true when it comes to real user behavior. 

     An example of this that we noticed in our study: In Task 1, where participants had to 

locate an article about Hungary and Croatia, in the “Europe” page, they overwhelmingly 
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scanned the columns of article links that were located near their center of vision (i.e. in 

the center of the page) first, instead of scanning the column of links that was located on 

the right side of the page, in which the given article could be found. Some of them almost 

gave up when they couldn’t find the link in the center columns and took a considerably 

long time to find the correct article, since they scanned the center columns again, before 

trying the right-side column. 

     Also, in Task 4, most participants had no problem finding the correct link (“Relic Star 

poses cosmic puzzles”), since it was displayed as a featured headline, i.e. larger font and 

placed near the top of the page, in the Science/Nature section. 

     This is an issue that information scent metrics can indeed address. Algorithmically, it 

would be much easier to incorporate size, order and location into the scent calculation 

than it would be to address context.  
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Appendix A: Controlled Study Data 
 
TTC = Time To Complete 
MC = Mouse Clicks  
PL = Page Loads 
BT = BackTracking 
 
Participant Task Platform TTC MC PL BT Full Path 

1 1 PDA 116 7 2 0 EUROPE, HBC 
1 2 PDA 35 7 2 0 AFRICA, FTNO 

1 3 Desktop 90 7 6 1 
UK, UK_EDUCATION, FOPUK, 
UK_EDUCATION, HYS, HCBLS 

1 4 Desktop 26 7 2 0 SCIENCE, RS 

2 1 Desktop 150 14 8 3 
EUROPE, CP, EUROPE, CP, EUROPE, CP, 
EUROPE, HBC 

2 2 Desktop 78 2 2 0 AFRICA, FTNO 
2 3 PDA 80 14 2 0 HYS, HCBLS 
2 4 PDA 43 7 2 0 SCIENCE, RS 
3 1 PDA 159 11 4 0 WORLD, BUSINESS, EUROPE, HBC 
3 2 Desktop 105 6 4 1 AFRICA, NLCD, AFRICA, FTNO 
3 3 PDA 35 5 2 0 HYS, HCBLS 
3 4 Desktop 20 2 2 0 SCIENCE, RS 
4 1 Desktop 80 6 4 1 EUROPE, CP, EUROPE, HBC 
4 2 PDA 41 3 2 0 AFRICA, FTNO 
4 3 Desktop 47 2 2 0 HYS, HCBLS 
4 4 PDA 23 5 2 0 SCIENCE, RS 
5 1 PDA 63 5 3 0 WORLD, EUROPE, HBC 
5 2 Desktop 49 4 4 1 AFRICA, NLCD, AFRICA, FTNO 
5 3 Desktop 48 3 3 0 UK, HYS, HCBLS 
5 4 PDA 21 4 2 0 SCIENCE, RS 
6 1 Desktop 45 2 2 0 EUROPE, HBC 

6 2 PDA 150 13 6 2 
AFRICA, ZBC, AFRICA, NLCD, AFRICA, 
FTNO 

6 3 PDA 60 6 3 0 ENGLAND, HYS, HCBLS 
6 4 Desktop 60 2 2 0 SCIENCE, RS 
7 1 PDA 25 4 2 0 EUROPE, HBC 
7 2 PDA 34 4 2 0 AFRICA, FTNO 
7 3 Desktop 21 3 2 0 HYS, HCBLS 
7 4 Desktop 19 3 2 0 SCIENCE, RS 

8 1 Desktop 89 6 6 2 
EUROPE, EMBS, EUROPE, AEU, 
EUROPE, HBC 

8 2 Desktop 35 4 4 1 AFRICA, NLCD, AFRICA, FTNO 
8 3 PDA 265 11 6 3 UK, EFS, UK, FP, HYS, HCBLS 
8 4 PDA 22 3 2 0 SCIENCE, RS 

9 
1 PDA 258 65 10 3 

CEU, FP, WORLD, CEU, WORLD, 
BUSINESS, GSF, BUSINESS, EUROPE, 
HBC 

9 2 Desktop 313 8 6 3 
AFRICA, CP, AFRICA, DRC, AFRICA, 
FTNO 

9 3 PDA 261 25 9 2 
EDUCATION, FOPUK, P115M, FOPUK, 
P115M, FOPUK, EDUCATION, HYS, 
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Participant Task Platform TTC MC PL BT Full Path 
HCBLS 

9 4 Desktop 15 2 2 0 SCIENCE, RS 
10 1 Desktop 70 6 4 1 EUROPE, CP, EUROPE, HBC 
10 2 PDA 43 7 4 1 AFRICA, NLCD, AFRICA, FTNO 
10 3 Desktop 198 7 6 1 UK, DBL, EXTERNAL, DBL, HYS, HCBLS 
10 4 PDA 34 3 2 0 SCIENCE, RS 

11 1 PDA 260 67 7 2 
WORLD, CCD, WORLD, BUSINESS, FP, 
EUROPE, HBC 

11 2 Desktop 100 9 6 2 
AFRICA, AFRICAN_NEWS_AUDIO, 
AFRICA, NLCD, AFRICA, FTNO 

11 3 Desktop 17 3 2 0 HYS, HCBLS 
11 4 PDA 24 6 2 0 SCIENCE, RS 

12 
1 Desktop 270 18 12 5 

EUROPE, BUSINESS, ECONOMY, 
BUSINESS, EUROPE, CP, EUROPE, AEU, 
CLSEU, AEU, EUROPE, HBC 

12 2 PDA 99 10 4 1 AFRICA, NLCD, AFRICA, FTNO 
12 3 PDA 30 8 2 0 HYS, HCBLS 
12 4 Desktop 11 2 2 0 SCIENCE, RS 

13 1 PDA 147 20 7 1 
WORLD, CMC, WORLD, AFRICA, 
AMERICAS, EUROPE, HBC 

13 2 PDA 45 6 2 0 AFRICA, FTNO 
13 3 Desktop 39 2 2 0 HYS, HCBLS 
13 4 Desktop 17 2 2 0 SCIENCE, RS 
14 1 Desktop 44 2 2 0 EUROPE, HBC 
14 2 Desktop 27 2 2 0 AFRICA, FTNO 

14 3 PDA 94 44 6 1 
ENGLAND, EDUCATION, FOPUK, 
EDUCATION, HYS, HCBLS 

14 4 PDA 20 4 2 0 SCIENCE, RS 

15 1 PDA 253 33 7 2 
CMC, FP, CCD, FP, WORLD, EUROPE, 
HBC 

15 2 Desktop 196 16 10 7 
AFRICA, NLCD, AFRICA, NLCD, AFRICA, 
NLCD, AFRICA, FP, AFRICA, FTNO 

15 3 PDA 146 21 7 1 
ENGLAND, EDUCATION, FOPUK, 
EDUCATIONS, UK, HYS, HCBLS 

15 4 Desktop 15 21 2 0 SCIENCE, RS 
16 1 Desktop 63 17 2 0 EUROPE, HBC 
16 2 PDA 50 16 4 1 AFRICA, NLCD, AFRICA, FTNO 
16 3 Desktop 70 15 5 1 UK, DBL, UK, HYS, HCBLS 
16 4 PDA 20 7 2 0 SCIENCE, RS 
17 1 PDA 136 20 2 0 EUROPE, HBC 

17 2 Desktop 156 8 5 1 
AFRICA, NLCD, AFRICA, CP, AFRICA, 
FTNO 

17 3 Desktop 132 8 6 1 EUROPE, UK, DBL, UK, HYS, HCBLS 
17 4 PDA 20 3 2 0 SCIENCE, RS 
18 1 Desktop 31 2 2 0 EUROPE, HBC 

18 2 PDA 169 34 8 4 
IST, FP, IST, WAAG, IST, FP, AFRICA, 
FTNO 

18 3 PDA 103 21 7 2 
EUROPE, EDUCATION, FOPUK, 
EDUCATION, FOPUK, HYS, HCBLS 

18 4 Desktop 20 3 2 0 SCIENCE, RS 
19 1 PDA 113 6 2 0 EUROPE, HBC 

19 2 PDA 185 14 10 4 
AFRICA, NLCD, AFRICA, BR, AFRICA, 
ZBC, AFRICA, UGAN, AFRICA, FTNO 

19 3 Desktop 162 7 4 0 WORLD_TODAY, EUROPE, HYS, HCBLS 
19 4 Desktop 33 3 3 0 ENTERTAINMENT, SCIENCE, RS 
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Participant Task Platform TTC MC PL BT Full Path 
20 1 Desktop 209 20 11 5 

FRPTC, FP, EMBS, FP, CLSEU, FP, CHW, 
FP, EUROPE, HBC 

20 2 Desktop 99 10 7 2 
ASIA, EUROPE, AFRICA, NLCD, AFRICA, 
NLCD, FTNO 

20 3 PDA 243 12 6 1 
UKWT, FP, EDUCATION, FOPUK, HYS, 
HCBLS 

20 4 PDA 20 7 2 0 SCIENCE, RS 
21 1 PDA 82 11 2 0 EUROPE, HBC 
21 2 Desktop 49 6 4 1 AFRICA, NLCD, AFRICA, FTNO 
21 3 PDA 41 11 4 0 UK, FF, HYS, HCBLS 
21 4 Desktop 10 3 3 0 TECHNOLOGY, SCIENCE, RS 
22 1 Desktop 39 4 2 0 EUROPE, HBC 
22 2 PDA 52 28 4 1 AFRICA, NLCD, AFRICA, FTNO 
22 3 Desktop 111 7 3 0 EUROPE, HYS, HCBLS 
22 4 PDA 16 3 2 0 SCIENCE, RS 
23 1 PDA 120 11 2 0 EUROPE, HBC 
23 2 Desktop 26 2 2 0 AFRICA, FTNO 
23 3 Desktop 112 4 4 1 EUROPE, FP, HYS, HCBLS 
23 4 PDA 27 6 2 0 SCIENCE, RS 
24 1 Desktop 210 6 4 1 EUROPE, AEU, EUROPE, HBC 
24 2 PDA 216 33 6 2 IST, FP, AFRICA, NLCD, AFRICA, FTNO 
24 3 PDA 29 5 3 0 UK, HYS, HCBLS 
24 4 Desktop 21 2 2 0 SCIENCE, RS 
25 1 PDA 36 3 2 0 EUROPE, HBC 
25 2 PDA 39 6 4 1 AFRICA, NLCD, AFRICA, FTNO 

25 
3 Desktop 183 22 12 3 

UK, ENGLAND, EDUCATION, 
ENTERTAINMENT, EDUCATION, FOPUK, 
EDUCATION, DBL, EXTERNAL, DBL, HYS, 
HCBLS 

25 4 Desktop 26 3 2 0 SCIENCE, RS 
26 1 Desktop 40 6 3 0 EUROPE, EMBS, HBC 
26 2 Desktop 15 4 2 0 AFRICA, FTNO 
26 3 PDA 27 6 2 0 HYS, HCBLS 
26 4 PDA 14 8 2 0 SCIENCE, RS 
27 1 PDA 129 23 3 0 HEALTH, EUROPE, HBC 
27 2 Desktop 116 21 4 1 AFRICA, CP, AFRICA, FTNO 
27 3 PDA 72 9 2 0 HYS, HCBLS 
27 4 Desktop 106 20 0 0 SCIENCE, RS 

28 1 Desktop 138 23 6 2 
EUROPE, CP, EUROPE, AEU, EUROPE, 
HBC 

28 2 PDA 80 25 4 1 AFRICA, NLCD, AFRICA, FTNO 
28 3 Desktop 76 15 5 1 UK, DBL, UK, HYS, HCBLS 
28 4 PDA 25 9 2 0 SCIENCE, RS 
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Appendix B: Descriptive Statistics 
 

Means, Standard Deviations, 95% Confidence Intervals  
 
Task 1 - Desktop 
Variable   N      Mean     StDev   SE Mean         95% CI 
TTC       14   105.571    77.173    20.625  (  61.013,  150.130) 
MC        14   9.42857   7.34548   1.96316  ( 5.18742, 13.66972) 
PL        14   4.85714   3.37085   0.90090  ( 2.91087,  6.80341) 
BT        14   1.42857   1.78516   0.47711  ( 0.39785,  2.45929) 
 
 
Task 1 - PDA 
Variable   N      Mean     StDev   SE Mean          95% CI 
TTC       14   135.500    76.659    20.488  (   91.239,  179.761) 
MC        14   20.4286   21.0995    5.6391  (   8.2461,  32.6110) 
PL        14   3.92857   2.67364   0.71456  (  2.38486,  5.47229) 
BT        14  0.571429  1.016350  0.271631  (-0.015394, 1.158252) 
 
 
 
Task 2 - Desktop 
Variable   N      Mean     StDev   SE Mean         95% CI 
TTC       14   97.4286   81.2647   21.7189  ( 50.5077, 144.3494) 
MC        14   7.28571   5.51123   1.47294  ( 4.10363, 10.46780) 
PL        14   4.42857   2.27746   0.60868  ( 3.11361,  5.74354) 
BT        14   1.42857   1.82775   0.48849  ( 0.37326,  2.48388) 
 
 
Task 2 - PDA 
Variable   N      Mean     StDev   SE Mean          95% CI 
TTC       14   88.4286   64.0489   17.1178  (  51.4478, 125.4093) 
MC        14   14.7143   10.8800    2.9078  (   8.4324,  20.9962) 
PL        14   4.42857   2.37663   0.63518  (  3.05635,  5.80079) 
BT        14   1.28571   1.32599   0.35438  (  0.52011,  2.05132) 
 
 
 
 
Task 3 - Desktop 
Variable   N      Mean     StDev   SE Mean         95% CI 
TTC       14   93.2857   58.7922   15.7129  ( 59.3401, 127.2313) 
MC        14   7.50000   5.93231   1.58548  ( 4.07479, 10.92521) 
PL        14   4.42857   2.68082   0.71648  ( 2.88071,  5.97643) 
BT        14  0.642857  0.841897  0.225007  (0.156760, 1.128954) 
 
 
 
Task 3 - PDA 
Variable   N      Mean     StDev   SE Mean          95% CI 
TTC       14   106.143    88.138    23.556  (   55.254,  157.032) 
MC        14   14.1429   10.7120    2.8629  (   7.9579,  20.3278) 
PL        14   4.35714   2.40535   0.64286  (  2.96833,  5.74595) 
BT        14  0.714286  0.994490  0.265789  ( 0.140084, 1.288487) 
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Task 4 - Desktop 
Variable   N      Mean     StDev   SE Mean         95% CI 
TTC       14   28.5000   25.5215    6.8209  ( 13.7643,  43.2357) 
MC        14   5.35714   6.54696   1.74975  ( 1.57704,  9.13724) 
PL        14   2.00000   0.67937   0.18157  ( 1.60775,  2.39225) 
BT        14  0.000000  0.000000  0.000000  (0.000000, 0.000000) 
 
 
Task 4 - PDA 
Variable   N      Mean     StDev   SE Mean          95% CI 
TTC       14   23.5000    7.3876    1.9744  (  19.2345,  27.7655) 
MC        14   5.35714   2.06089   0.55080  (  4.16722,  6.54706) 
PL        14   2.00000   0.00000   0.00000  (  2.00000,  2.00000) 
BT        14  0.000000  0.000000  0.000000  ( 0.000000, 0.000000) 
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T-Tests 

Following are the results of the t-tests we used to determine whether the platform had any 
significant effect on the measured variables (two-sided tests) and to test our prediction 
(one-sided tests).  
 

Two Sided T-Tests  
 
Task 1 
 
 
Two-Sample T-Test and CI: ttc1, plat1  
 
Two-sample T for ttc1 
 
                             SE 
plat1     N   Mean  StDev  Mean 
Desktop  14  105.6   77.2    21 
PDA      14  135.5   76.7    20 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -29.9286 
95% CI for difference:  (-89.8027, 29.9455) 
T-Test of difference = 0 (vs not =): T-Value = -1.03  P-Value = 0.313  DF = 25 
 
  
Two-Sample T-Test and CI: mc1, plat1  
 
Two-sample T for mc1 
 
plat1     N  Mean  StDev  SE Mean 
Desktop  14  9.43   7.35      2.0 
PDA      14  20.4   21.1      5.6 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -11.0000 
95% CI for difference:  (-23.6580, 1.6580) 
T-Test of difference = 0 (vs not =): T-Value = -1.84  P-Value = 0.084  DF = 16 
 
  
Two-Sample T-Test and CI: pl1, plat1  
 
Two-sample T for pl1 
 
plat1     N  Mean  StDev  SE Mean 
Desktop  14  4.86   3.37     0.90 
PDA      14  3.93   2.67     0.71 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.928571 
95% CI for difference:  (-1.444655, 3.301798) 
T-Test of difference = 0 (vs not =): T-Value = 0.81  P-Value = 0.427  DF = 24 
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Two-Sample T-Test and CI: bt1, plat1  
 
Two-sample T for bt1 
 
plat1     N  Mean  StDev  SE Mean 
Desktop  14  1.43   1.79     0.48 
PDA      14  0.57   1.02     0.27 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.857143 
95% CI for difference:  (-0.288074, 2.002359) 
T-Test of difference = 0 (vs not =): T-Value = 1.56  P-Value = 0.134  DF = 20 

 
 
Task 2 

 
Two-Sample T-Test and CI: ttc2, plat2  
 
Two-sample T for ttc2 
 
                            SE 
plat2     N  Mean  StDev  Mean 
Desktop  14  97.4   81.3    22 
PDA      14  88.4   64.0    17 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  9.00000 
95% CI for difference:  (-48.07454, 66.07454) 
T-Test of difference = 0 (vs not =): T-Value = 0.33  P-Value = 0.748  DF = 24 
 
 
  
Two-Sample T-Test and CI: mc2, plat2  
 
Two-sample T for mc2 
 
plat2     N  Mean  StDev  SE Mean 
Desktop  14  7.29   5.51      1.5 
PDA      14  14.7   10.9      2.9 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -7.42857 
95% CI for difference:  (-14.25093, -0.60621) 
T-Test of difference = 0 (vs not =): T-Value = -2.28  P-Value = 0.034  DF = 19 
 
  
Two-Sample T-Test and CI: pl2, plat2  
 
Two-sample T for pl2 
 
plat2     N  Mean  StDev  SE Mean 
Desktop  14  4.43   2.28     0.61 
PDA      14  4.43   2.38     0.64 
 
 



 

 42

Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.000000 
95% CI for difference:  (-1.811856, 1.811856) 
T-Test of difference = 0 (vs not =): T-Value = -0.00  P-Value = 1.000  DF = 25 
 
  
Two-Sample T-Test and CI: bt2, plat2  
 
Two-sample T for bt2 
 
plat2     N  Mean  StDev  SE Mean 
Desktop  14  1.43   1.83     0.49 
PDA      14  1.29   1.33     0.35 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.142857 
95% CI for difference:  (-1.105569, 1.391283) 
T-Test of difference = 0 (vs not =): T-Value = 0.24  P-Value = 0.815  DF = 23 

 
 
Task 3 
 
  
Two-Sample T-Test and CI: ttc3, plat3  
 
Two-sample T for ttc3 
 
                             SE 
plat3     N   Mean  StDev  Mean 
Desktop  14   93.3   58.8    16 
PDA      14  106.1   88.1    24 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -12.8571 
95% CI for difference:  (-71.5801, 45.8658) 
T-Test of difference = 0 (vs not =): T-Value = -0.45  P-Value = 0.654  DF = 22 
 
  
Two-Sample T-Test and CI: mc3, plat3  
 
Two-sample T for mc3 
 
plat3     N  Mean  StDev  SE Mean 
Desktop  14  7.50   5.93      1.6 
PDA      14  14.1   10.7      2.9 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -6.64286 
95% CI for difference:  (-13.46940, 0.18369) 
T-Test of difference = 0 (vs not =): T-Value = -2.03  P-Value = 0.056  DF = 20 
 
  
Two-Sample T-Test and CI: pl3, plat3  
 
Two-sample T for pl3 
 
plat3     N  Mean  StDev  SE Mean 
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Desktop  14  4.43   2.68     0.72 
PDA      14  4.36   2.41     0.64 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.071429 
95% CI for difference:  (-1.911094, 2.053951) 
T-Test of difference = 0 (vs not =): T-Value = 0.07  P-Value = 0.941  DF = 25 
 
  
Two-Sample T-Test and CI: bt3, plat3  
 
Two-sample T for bt3 
 
plat3     N   Mean  StDev  SE Mean 
Desktop  14  0.643  0.842     0.23 
PDA      14  0.714  0.994     0.27 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.071429 
95% CI for difference:  (-0.788644, 0.645787) 
T-Test of difference = 0 (vs not =): T-Value = -0.21  P-Value = 0.839  DF = 25 
 
 

 
Task 4 
 
 
  
Two-Sample T-Test and CI: ttc4, plat4  
 
Two-sample T for ttc4 
 
plat4     N   Mean  StDev  SE Mean 
Desktop  14   28.5   25.5      6.8 
PDA      14  23.50   7.39      2.0 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  5.00000 
95% CI for difference:  (-10.13525, 20.13525) 
T-Test of difference = 0 (vs not =): T-Value = 0.70  P-Value = 0.492  DF = 15 
 
  
Two-Sample T-Test and CI: mc4, plat4  
 
Two-sample T for mc4 
 
plat4     N  Mean  StDev  SE Mean 
Desktop  14  5.36   6.55      1.7 
PDA      14  5.36   2.06     0.55 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% CI for difference:  (-3.909913, 3.909913) 
T-Test of difference = 0 (vs not =): T-Value = 0.00  P-Value = 1.000  DF = 15 
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Two-Sample T-Test and CI: pl4, plat4  
 
Two-sample T for pl4 
 
plat4     N    Mean   StDev  SE Mean 
Desktop  14   2.007   0.680     0.18 
PDA      14  2.0071  0.0267   0.0071 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% CI for difference:  (-0.392861, 0.392861) 
T-Test of difference = 0 (vs not =): T-Value = 0.00  P-Value = 1.000  DF = 13 
 
  
Two-Sample T-Test and CI: bt4, plat4  
 
Two-sample T for bt4 
 
plat4     N     Mean    StDev  SE Mean 
Desktop  14  0.00071  0.00267  0.00071 
PDA      14  0.00071  0.00267  0.00071 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% CI for difference:  (-0.002076, 0.002076) 
T-Test of difference = 0 (vs not =): T-Value = 0.00  P-Value = 1.000  DF = 26 
 
 
 
 

One Sided T-Tests (Hypothesis Testing) 
 
Task 1 
 
 
Two-Sample T-Test and CI: ttc1, plat1  
 
Two-sample T for ttc1 
 
                             SE 
plat1     N   Mean  StDev  Mean 
Desktop  14  105.6   77.2    21 
PDA      14  135.5   76.7    20 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -29.9286 
95% upper bound for difference:  19.7298 
T-Test of difference = 0 (vs <): T-Value = -1.03  P-Value = 0.157  DF = 25 
 
  
Two-Sample T-Test and CI: mc1, plat1  
 
Two-sample T for mc1 
 
plat1     N  Mean  StDev  SE Mean 
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Desktop  14  9.43   7.35      2.0 
PDA      14  20.4   21.1      5.6 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -11.0000 
95% upper bound for difference:  -0.5753 
T-Test of difference = 0 (vs <): T-Value = -1.84  P-Value = 0.042  DF = 16 
 
  
Two-Sample T-Test and CI: pl1, plat1  
 
Two-sample T for pl1 
 
plat1     N  Mean  StDev  SE Mean 
Desktop  14  4.86   3.37     0.90 
PDA      14  3.93   2.67     0.71 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.928571 
95% upper bound for difference:  2.895873 
T-Test of difference = 0 (vs <): T-Value = 0.81  P-Value = 0.786  DF = 24 
 
  
Two-Sample T-Test and CI: bt1, plat1  
 
Two-sample T for bt1 
 
plat1     N  Mean  StDev  SE Mean 
Desktop  14  1.43   1.79     0.48 
PDA      14  0.57   1.02     0.27 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.857143 
95% upper bound for difference:  1.804032 
T-Test of difference = 0 (vs <): T-Value = 1.56  P-Value = 0.933  DF = 20 

 
 
Task 2 

 
Two-Sample T-Test and CI: ttc2, plat2  
 
Two-sample T for ttc2 
 
                            SE 
plat2     N  Mean  StDev  Mean 
Desktop  14  97.4   81.3    22 
PDA      14  88.4   64.0    17 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  9.00000 
95% upper bound for difference:  56.31231 
T-Test of difference = 0 (vs <): T-Value = 0.33  P-Value = 0.626  DF = 24 
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Two-Sample T-Test and CI: mc2, plat2  
 
Two-sample T for mc2 
 
plat2     N  Mean  StDev  SE Mean 
Desktop  14  7.29   5.51      1.5 
PDA      14  14.7   10.9      2.9 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -7.42857 
95% upper bound for difference:  -1.79234 
T-Test of difference = 0 (vs <): T-Value = -2.28  P-Value = 0.017  DF = 19 
 
  
Two-Sample T-Test and CI: pl2, plat2  
 
Two-sample T for pl2 
 
plat2     N  Mean  StDev  SE Mean 
Desktop  14  4.43   2.28     0.61 
PDA      14  4.43   2.38     0.64 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.000000 
95% upper bound for difference:  1.502718 
T-Test of difference = 0 (vs <): T-Value = -0.00  P-Value = 0.500  DF = 25 
 
  
Two-Sample T-Test and CI: bt2, plat2  
 
Two-sample T for bt2 
 
plat2     N  Mean  StDev  SE Mean 
Desktop  14  1.43   1.83     0.49 
PDA      14  1.29   1.33     0.35 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.142857 
95% upper bound for difference:  1.177171 
T-Test of difference = 0 (vs <): T-Value = 0.24  P-Value = 0.593  DF = 23 

 
 
Task 3 
 
  
Two-Sample T-Test and CI: ttc3, plat3  
 
Two-sample T for ttc3 
 
                             SE 
plat3     N   Mean  StDev  Mean 
Desktop  14   93.3   58.8    16 
PDA      14  106.1   88.1    24 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -12.8571 
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95% upper bound for difference:  35.7648 
T-Test of difference = 0 (vs <): T-Value = -0.45  P-Value = 0.327  DF = 22 
 
  
Two-Sample T-Test and CI: mc3, plat3  
 
Two-sample T for mc3 
 
plat3     N  Mean  StDev  SE Mean 
Desktop  14  7.50   5.93      1.6 
PDA      14  14.1   10.7      2.9 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -6.64286 
95% upper bound for difference:  -0.99853 
T-Test of difference = 0 (vs <): T-Value = -2.03  P-Value = 0.028  DF = 20 
 
  
Two-Sample T-Test and CI: pl3, plat3  
 
Two-sample T for pl3 
 
plat3     N  Mean  StDev  SE Mean 
Desktop  14  4.43   2.68     0.72 
PDA      14  4.36   2.41     0.64 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.071429 
95% upper bound for difference:  1.715694 
T-Test of difference = 0 (vs <): T-Value = 0.07  P-Value = 0.529  DF = 25 
 
  
Two-Sample T-Test and CI: bt3, plat3  
 
Two-sample T for bt3 
 
plat3     N   Mean  StDev  SE Mean 
Desktop  14  0.643  0.842     0.23 
PDA      14  0.714  0.994     0.27 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.071429 
95% upper bound for difference:  0.523416 
T-Test of difference = 0 (vs <): T-Value = -0.21  P-Value = 0.420  DF = 25 
 
 

 
Task 4 
 
 
  
Two-Sample T-Test and CI: ttc4, plat4  
 
Two-sample T for ttc4 
 
plat4     N   Mean  StDev  SE Mean 
Desktop  14   28.5   25.5      6.8 
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PDA      14  23.50   7.39      2.0 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  5.00000 
95% upper bound for difference:  17.44827 
T-Test of difference = 0 (vs <): T-Value = 0.70  P-Value = 0.754  DF = 15 
 
  
Two-Sample T-Test and CI: mc4, plat4  
 
Two-sample T for mc4 
 
plat4     N  Mean  StDev  SE Mean 
Desktop  14  5.36   6.55      1.7 
PDA      14  5.36   2.06     0.55 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% upper bound for difference:  3.215781 
T-Test of difference = 0 (vs <): T-Value = 0.00  P-Value = 0.500  DF = 15 

 
 
Two-Sample T-Test and CI: pl4, plat4  
 
Two-sample T for pl4 
 
plat4     N    Mean   StDev  SE Mean 
Desktop  14   2.007   0.680     0.18 
PDA      14  2.0071  0.0267   0.0071 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% upper bound for difference:  0.322043 
T-Test of difference = 0 (vs <): T-Value = 0.00  P-Value = 0.500  DF = 13 
 
  
Two-Sample T-Test and CI: bt4, plat4  
 
Two-sample T for bt4 
 
plat4     N     Mean    StDev  SE Mean 
Desktop  14  0.00071  0.00267  0.00071 
PDA      14  0.00071  0.00267  0.00071 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% upper bound for difference:  0.001723 
T-Test of difference = 0 (vs <): T-Value = 0.00  P-Value = 0.500  DF = 26 
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Success Rate 
 
Overall  
 
Two-Sample T-Test and CI: Success, Platform (Two-Sided) 
 
Two-sample T for Success 
 
Platform   N   Mean  StDev  SE Mean 
Desktop   56  0.893  0.312    0.042 
PDA       56  0.946  0.227    0.030 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.053571 
95% CI for difference:  (-0.155918, 0.048775) 
T-Test of difference = 0 (vs not =): T-Value = -1.04  P-Value = 0.302  DF = 100 
 
  
  
Two-Sample T-Test and CI: Success, Platform (One-Sided) 
 
Two-sample T for Success 
 
Platform   N   Mean  StDev  SE Mean 
Desktop   56  0.893  0.312    0.042 
PDA       56  0.946  0.227    0.030 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.053571 
95% lower bound for difference:  -0.139217 
T-Test of difference = 0 (vs >): T-Value = -1.04  P-Value = 0.849  DF = 100 
 
 
 
 
 

By Task 
 
 
Task 1 
 
 
Two-Sample T-Test and CI: Success, Platform  
 
Two-sample T for Success 
 
Platform   N   Mean  StDev  SE Mean 
Desktop   14  0.857  0.363    0.097 
PDA       14  0.929  0.267    0.071 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.071429 
95% lower bound for difference:  -0.277957 
T-Test of difference = 0 (vs >): T-Value = -0.59  P-Value = 0.720  DF = 23 
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Task 2 
 
 
Two-Sample T-Test and CI: Success_2, Platform_2  
 
Two-sample T for Success_2 
 
Platform_2   N   Mean  StDev  SE Mean 
Desktop     14  0.857  0.363    0.097 
PDA         14  0.929  0.267    0.071 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  -0.071429 
95% lower bound for difference:  -0.277957 
T-Test of difference = 0 (vs >): T-Value = -0.59  P-Value = 0.720  DF = 23 
 
 
Task 3 
 
  
Two-Sample T-Test and CI: Success_3, Platform_3  
 
Two-sample T for Success_3 
 
Platform_3   N   Mean  StDev  SE Mean 
Desktop     14  0.857  0.363    0.097 
PDA         14  0.857  0.363    0.097 
 
 
Difference = mu (Desktop) - mu (PDA) 
Estimate for difference:  0.000000 
95% lower bound for difference:  -0.234101 
T-Test of difference = 0 (vs >): T-Value = 0.00  P-Value = 0.500  DF = 26 
 
 
Task 4 
 
  
Two-Sample T-Test and CI: Success_4, Platform_4  
 
* ERROR * All values in column are identical. 
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Appendix C: Path Correlations 
 

Correlations between paths on different devices 
 
Task 1 
R = 0.752, P = 0.00 
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Task 2 
R = 0.976, P = 0.000 
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Task 3 
R = 0.754, P = 0.000 
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Task 4  
R = 1.00 , P = * 
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Aggregate task paths 
R = 0.844, P = 0.000 
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Bloodhound/WUFIS predictions VS Actual User Paths 
 
Task 1, “Europe” page 
 
Desktop 
On the Desktop, WUFIS predicts that 36% of users who are currently at the Europe page 
will select the “Hungary backs Croatia in EU spat” link. 
 
During the study, 42% of the participants selected the link upon their first visit to the 
Europe page 
 
PDA 
On the PDA, WUFIS predicts that 46% of users who are currently at the Europe page 
will select the “Hungary backs Croatia in EU spat” link. 
 
During the study, ALL of the participants selected the link upon their first visit to the 
Europe page 
 
 
Task 1 Description: “Find a story describing Hungary’s support for Croatia’s E.U. Bid” 
Task keyword vector used for WUFIS: {Hungary, support, Croatia, EU, bid} 
 
 
Task 2, “Africa” page 
 
(Sample of users too small to separate between PDA and Desktop sessions) 
 
WUFIS prediction for users who are doing task 2 and are currently looking at the 
Africa page 
 

 46% will choose “Fraud trial for Nigeria officials” 
 26% will choose “Nigeria leader in corruption dare” 
 26% will choose “New Beginning: A Nigerian footballer…” 

 
Actual behavior of users on Africa page, doing task 2 
 

 50% chose “Fraud trial for Nigeria officials” 
 31% chose “Nigeria leader in corruption dare” 
 19% chose other, non-related links 

 
 
Task 2 Description: “Find a story about a trial of Nigeria officials” 
Task keyword vector used for WUFIS: {trial, Nigeria, officials} 
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Task 3, “Have Your Say” page 
 
Desktop & PDA 
On the both the Desktop and the PDA, WUFIS predicts that 100% of users who are 
currently at the Have Your Say page will select the “How can Britain's language skills be 
improved?” link. 
 
During the study, as predicted, 100% of the participants selected the link upon their first 
visit to the Have Your Say page. 
 
 
Task 4, “Science/Nature” page 
 
Desktop & PDA 
On the both the Desktop and the PDA, WUFIS predicts that 100% of users who are 
currently at the Science/Nature page will select the “Relic star poses cosmic puzzles” 
link. 
 
During the study, indeed, 100% of the participants selected the link upon their first visit 
to the Science/Nature page. 
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