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DAWKINS, ANDREA LAUREN.  Personalized Hierarchical Menu Organization for Mobile Device 
Users.  (Under the direction of Robert St. Amant.) 
 

             As Internet access via cell phone browsers becomes more common, new website interfaces are 

emerging.  Hierarchical menus are effective for such interfaces due to their compact presentation.  For 

menus with many levels and possible destinations, personalized menu organizations can potentially 

expedite navigation.  This thesis contains an empirical and analytical evaluation of two menu 

personalization techniques based on user preferences, Expanded menus and Expanded/reordered 

menus.  A 30 participant experiment revealed that both types of personalized menus resulted in faster 

performance and higher evaluations from the users, with the Expanded/reordered menu ranking the 

highest in both respects.  One interesting finding was that individual users' evaluation was not 

consistent with their performance.  Data collected from the performance study was used to evaluate an 

existing GOMS model of cell phone menu traversal, which demonstrated significant limitations in the 

generality of the model.  However, the results also suggest that individual differences in user 

performance may account for much of the error in model predictions.
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Personalized Hierarchical Menu Organization for Mobile Device Users 
 

As Internet access via cell phone browsers becomes more common, new website interfaces are 
emerging.  Hierarchical menus are effective for such interfaces due to their compact presentation.  
For menus with many levels and possible destinations, personalized menu organizations can 
potentially expedite navigation.  This thesis contains an empirical and analytical evaluation of two 
menu personalization techniques based on user preferences, Expanded menus and 
Expanded/reordered menus.  A 30 participant experiment revealed that both types of personalized 
menus resulted in faster performance and higher evaluations from the users, with the 
Expanded/reordered menu ranking the highest in both respects.  One interesting finding was that 
individual users' evaluation was not consistent with their performance.  Data collected from the 
performance study was used to evaluate an existing GOMS model of cell phone menu traversal, 
which demonstrated significant limitations in the generality of the model.  However, the results also 
suggest that individual differences in user performance may account for much of the error in model 
predictions. 

   

1. INTRODUCTION 

Over the past decade, mobile devices have evolved from simple cell phones into complex multimedia 

platforms.  These devices are often used to access external data formatted for display in traditional 

computing environments.  Unlike traditional environments, most mobile devices have small screens 

and provide few buttons for input.  Such differences can be addressed by adapting interfaces for 

mobile devices.   

 

Improving mobile access to content benefits both consumers and providers. Keshav notes the 

increasing demand for mobile content:  

“It seems clear that the proliferation of cell phones, their use for data access, and the 
concomitant growth of cell phone-based Internet service providers will lead to an increasingly 
larger portion of the Internet being managed and provisioned by cell phone providers. As the 
fraction of users accessing the Internet from cell phones grows, there will be a strong financial 
incentive for Internet application service providers like Yahoo and Google to establish a 
presence on this provisioned network” (Keshav 2005).   
 

For cell phone service providers, it is advantageous to ensure easy access to all sites; as sites become 

easier to use on mobile devices, more users will take advantage of their service.  Improving mobile 

accessibility of individual websites is important for their owners, who want visitors to choose their site 
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over a competitor’s.  Additionally, cell phone manufacturers have an incentive to incorporate in high 

quality browsing software.   

 

A common trait shared by many websites designed for mobile devices is the use of basic textual links 

in hierarchical menus.  There are two main benefits to this type of interface.  First, using text instead of 

images reduces bandwidth requirements.  Although the price of data access is decreasing and transfer 

rates are approaching broadband speeds, there are still significant costs and delays associated with the 

transfers.  An additional benefit of hierarchical menus is the simplicity of the design.  A small screen 

suffers from limited amounts of space; filling the screen real-estate with images and elaborate content 

exacerbates this problem.  Despite their simplicity, text-based menus do not have to be completely 

sterile; they can still benefit from the use of design techniques such as coloring and indention. 

 

In the research presented in this thesis, personalized menus were tested alongside a traditional static 

menu structure.  Two types of personalized menu structures were considered: the “expanded menu,” 

which exposed favorite subcategories at their parent level, and the “expanded/reordered menu,” which 

exposed subcategories at a higher level and ordered the menu items based on user preferences. An 

experiment was performed to compare the personalized and static menus given content from a 

newspaper website.   

 

Analysis of user performance on all three menu structures suggests that the two customized menus are 

indeed better than the traditional static structure.   Subjective user evaluation also supported this 

finding.  Of the three menu structures tested, the expanded/reordered menu had the best performance 

and highest evaluation.  It is important to note, however, that the evaluation and performance results 

were not consistent on a per-user basis; some users preferred a menu structure on which they did not 

perform as well.  
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In addition to the empirical approaches to user interface testing, theoretical methods are often 

employed.  GOMS modeling is one such approach.  In 2006, St. Amant et al. developed a GOMS 

model for cell phone menu traversal.  The data from this experiment was used to evaluate the accuracy 

of the GOMS model predictions of menu traversal times.  The generality of the model appears to be 

limited because the accuracy of predictions varied a great deal.  As a result, the model was found to 

produce statistically significant underestimations of actual time.     

 

Section 2 of this paper explains the background research and design decisions that were involved in the 

development of the customized menus.  The experiment procedures and results are detailed in section 

3, while section 4 discusses the GOMS model evaluation.   Finally, section 5 describes the collective 

conclusions of this research. 

 

2. RESEARCH AND DESIGN DECISIONS 

Since cell phones are abundant in the world, as in a projected three billion in use by 2008, small 

performance improvements can have a very significant overall impact (DiPrima 2006, St. Amant 

2006).  Service providers and websites alike have a vested interest to draw in users of mobile Internet 

access.  Long waits for content to load discourages exploration, so fast data transfer is important.  

Transfer speed can be increased by limiting the amount of information sent to a client phone, which is 

accomplished by adapting the interface.   

 

There are three main approaches to handling interface adaptation on mobile devices: client-side, 

intermediary, and server-side. The client-side solution adapts websites that are not designed for a tiny 

screen by reducing images and shrinking text sizes once the content reaches the client device.  An 

intermediary solution involves pre-processing data prior to transmission to the mobile device.  One 

example of this approach is the Opera Mini browsing system, in which the client-side browser requests 

remote content through an intermediary server.  Before the content is delivered to the end user, it is 
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compressed and processed into a format optimized for mobile devices.  Finally, as mobile devices 

become ever more popular, server-based solutions are also more common, with many content 

providers taking it upon themselves to redesign their material for a mobile platform.    The research 

presented here takes a server-side approach to delivering content to mobile devices. 

 

While broad-spectrum interface adaptations, such as replacing images with text, speed up data transfer, 

facilitating user paths to target items is another way to provide better access.  To that end, Browne et 

al. suggest the use of adaptive interfaces: “Enabling user goals is a highly desirable objective to be met 

by any system.  Given the likely reasons for users failing to attain their objectives, the provision of 

adaptive interfaces for this purpose is desirable” (Browne 1990).   

 

Adapting interfaces to accommodate the goals of individual users entails a more complex approach 

than for limiting data transfer.  Users are different and have different goals, and these goals might 

change over time.  Many researchers have suggested reordering menus based on frequently selected 

items (Smith and Mosier 1986, Brown 1988, Paap and Roske-Hofstrand 1988, Mitchell 1989, Norman 

1991, Shneiderman 1992, Findlater 2004).  While reordering places commonly selected items at the 

top of a menu, this technique does not take into account the number of selections required to reach a 

target item. 

 

Websites with many possible destinations, such as newspaper websites, often utilize hierarchical 

menus.  There are many target items to choose from, especially if a newspaper archives every article.  

With such a large database of content, it often takes many selections to reach a target.  Whether users 

look for specific articles or simply want to browse around categories of interest, their behavior will 

often reflect a steady set of personal preferences.  If it is possible to glean these preferences, they may 

then be used to personalize menus. Customizing the interface to make favorite categories easily 

accessible, not just by order but also by number of selections required, potentially improves user 

performance.  
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Despite the apparent advantages of menu personalization, their use is not always beneficial.  Research 

has shown that continuous dynamic menus (those which constantly update without the user’s control) 

are generally not faster or favored by users (Findlater 2004; Mitchell 1989).   

 

In 1989, Mitchell and Shneiderman designed an experiment to compare dynamic and static menus.  

While the static menu had a fixed ordering, the dynamic menu changed continuously to present the 

more frequently selected items at the top of the menu.  Each participant completed 12 navigational 

tasks on both menu types.  The user performance on the dynamic menu was the same or worse than 

user performance on the static menu.  81% of the users preferred the static menu over the dynamic 

menu. Their experiment did not prepare the participants beforehand to ensure expert use of the menus.  

The authors indicated that more research would be necessary to determine the effects of a continuous 

adaptive menu on experienced users. 

 

A similar study was done by Findlater and McGrenere in 2004, in which a static, an adaptive and an 

adaptable menu were empirically compared.  As with the Mitchell study, the static menu had a fixed 

ordering of menu items, while the adaptive menu continuously updated to show the most frequent 

selection at the top.  An adaptable menu, however, relies on the user to manually customize the menu.  

Their results showed that users performed significantly faster using a static menu than when using its 

adaptive counterpart, while the adaptable menu was significantly faster than the adaptive menu in 

certain cases.   User performance was not significantly different between the static and the adaptable 

menus, but qualitative feedback from their study showed that a majority of participants favored 

adaptable menus (Findlater 2004). 

 

These results should not cast doubt upon the merit of all adaptive menus.  The fact that the experiments 

used continuous adaptive menus indicates that the menu items were subject to live updating.  Such a 

design is susceptible to a number of problems.  One issue is pointed out as an argument Mitchell et al. 

make for not having an adaptive user interface, given through the following quote by Norcio:  “the user 
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may not be able to develop a coherent model of the system if the system changes frequently” (Mitchell 

1989; Norcio 1988).   Another argument from Mitchell et al. is that users might feel like they have no 

control over the system (1989).  Both of these points pertain to the continuous adaptive menu style.   

 

When Findlater and McGrenere did their study on adaptive and adaptable menus, there was positive 

user feedback for the customized menu design of the adaptable menu.   However, users are not likely 

to customize in practice due to disinterest, difficulty and length of time to complete (Findlater 2004, 

Mitchell 1989).  If a mixed initiative application were used instead, then users would neither have the 

loss of control nor the lack of a coherent model.  In fact, they reported that the results suggest “that 

combining the two in a mixed-initiative design may be the best way to satisfy a wide range of users” 

(Findlater 2004).  Similarly, Mitchell suggested that “menus should suggest changes when changes are 

indicated rather than adapting the user interface automatically” (1989). 

 

In the process of designing an adaptive menu, it must be decided whether the user or the system has 

control over when, how and what is changed.  With continuous dynamic menus, updates require no 

extra work on the user’s part, and the system is always updated with the newest information regarding 

preferences.  In theory, such a system could increase performance and reduce the users’ mental and 

physical workload (Mitchell 1989).  However, research into continuous adaptive menus reveals that 

this theory-based potential is not actualized.  Requiring that users adjust to a continuous dynamic menu 

defeats the purpose of adaptation, which is for the system to adapt to the user, not the other way around 

(Norcio 1988).  Neither should updates require the user to manually provide changes.  Instead, inferred 

preferences should supply the modifications to the adaptive menu upon user request. 

 

An adaptive system that only updates upon user request provides a compromise between continuous 

dynamic menus and user-designed customizations.  Even while user preferences evolve, the menus 

remain the same until the next update request.  Such menus afford better results than those that change 
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continuously, due to the fact that the user stays in control the entire time and can memorize item 

locations (Mitchell 1989, Findlater 2004).   

 

While the mixed-initiative adaptive menu provides a rule for when adaptation takes place, the actual 

changes to the menu involve structural design.  Allowing the user to skip steps in the menu traversal 

process is one way to save time and effort. Reordering items based on preferences should reduce the 

number of button presses required to scroll down to a favorite category.  The number of selections 

required to reach a target item varies on the menu depth.   

 

Larger depth requires more item selections along the goal path, which means more network delay 

when waiting for a server response.   Additionally, Norman points out that “although each choice may 

require less time per frame, there are more frames to contend with.  Furthermore, and perhaps most 

devastating is the fact that with greater menu depth there is greater uncertainty as to the location of 

target items” (Norman 1991).  Deep navigation into categories creates a greater chance of the user 

getting lost in the hierarchy.  Higher breadth is not necessarily the best option, either.  Even if a large 

visual processing field allows for scanning many items at a time, the small screen size of a cell phone 

limits how many menu items can actually be seen at once.  Thus, filling the screen as much as possible 

without requiring scrolling should be the ideal breadth of the menu.   

 

The Raleigh News and Observer website was used for the menu content in this study because of the 

large number of categories and subcategories available.  Since the category lists do not always fill up 

the screen of the cell phone used in this research, the depth and breadth balance could be applied to the 

structure of the adaptable menus.  By expanding the favorite categories of each user, highly rated 

subcategories can be promoted to the parent level and the breadth of the menus is expanded to fill the 

screen.  With this structure, users can also skip a selection step on the path to their destination articles 

if it is assumed that users prefer articles that are in their category preference list.  Steps will be added 

for users who try to navigate past the expanded categories to destinations not in their preferences.  
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There are two types of personalized menus that will be used in this study.  The expanded menu 

attempts to fill the cell phone screen by exposing favorite subcategories at their parent levels.  The 

expanded/reordered menu follows suit, but also orders the menu items by descending ratings.  The 

implementation of these two structures is described in greater detail in section 3.2.1.   

 

3. EXPERIMENT 

The intention of this study is to determine whether user performance and satisfaction will increase 

when using customized menu structures to find items of personal interest on a cell phone.  Three main 

questions must be sufficiently answered to draw any conclusions.  Is menu condition a significant 

factor in determining the performance of the user?  Do users evaluate the customized menus differently 

than the standard menu?  Do user evaluations match up with user performance?  This experiment is 

designed to produce results for all three questions.  

 

3.1 Purpose and Theory 

Past research has shown that real-time dynamic menus are often not well received by a user. This is the 

case even if frequently accessed items are closer to the top. Having frequently accessed items at the top 

of a menu is not intrinsically a bad idea.  The problem lies in the live updating, which causes a lack of 

predictability and loss of control for the user (Mitchell 1989).  By giving the user control over when 

adaptations are made, the predictability of the system will remain intact while gaining the benefits of 

personalization.   

 

In order to customize a system, it makes sense to take advantage of common user proficiencies. For 

example, users can commit to memory the placement of objects in a menu quickly.  As Mitchell et al. 

found in their experiment, “subjects almost instantly memorize the relative position of menu items 

even on menus with 15 items.” (1989). When menu items are consistently in the same place, users are 

able to anticipate their own movements.  Furtively shifting menu items around without the user’s 
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knowledge undermines this advantage.  However, if too much initiative is left up to the user, it is likely 

that no customization will take place (Mitchell 1989). 

 

Since users are often reluctant to take the time to manually customize, the collection of user 

preferences should be inferred automatically.  In practice, a user request would initiate a menu update 

by means of a system-inferred preference profile. Inferring user preferences from navigation behavior 

is outside the scope of this work.  For the purposes of this experiment, user preferences will be 

explicitly derived from user ratings of news categories. 

 

3.2 Procedures 

In order to answer the main questions posed by this study, measurement of performance and user 

evaluation need to be defined.  Performance is determined by two dependant variables: length of time 

and number of button presses required to find the list of articles.  Evaluation takes place as a survey at 

the end of the participant’s experiment session (see Figure 7.5).   

 

The software for this experiment was written by the author using the programming languages of Java, 

PHP and MySQL.  This software includes: gathering user information, generating articles to find, 

producing menus, collecting data, and processing data.  This study is web-based, so the participants 

access all three menus through the default web browser of the cell phone used in the study.  The 

questionnaire, survey, and lists of articles to find are accessed through a desktop web browser. 
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3.2.1 Customized Menu Types 

The Raleigh News and Observer’s website category structure and articles provided the content for each 

menu type.  A sample of 1,000 articles served as possible targets for the user.  The personalized menus 

were customized per-user, based on explicitly obtained preferences.  The static menu of this 

experiment represents the traditional organization of a menu hierarchy (see Figure 3.1).  Root level 

categories are listed on the main menu, and each category selection takes the user a level deeper into 

the hierarchy.   

 

When the user does initiate menu adaptation, the way in which the menu changes is important. Studies 

show that having more breadth and less depth to a menu hierarchy is faster and preferred by the user 

(Norman 1991).  The expanded menu preserves the item ordering of the static menu, but exposes 

favorite subcategories at their parent level (see Figure 3.2).   

 

This provides a larger breadth of items that more fully populate the cell phone screen.  In addition, 

users will be able to skip levels of menu traversal.  However, if a favorite category is ordered near the 

bottom, then scrolling past the subcategory links could possibly involve more button presses than it 

took to reach a destination with the static menu.  

 

The expanded/reordered menu has the same subcategories exposed as the expanded menu.  However, 

each item is ordered by the user rating of that category (see Figure 3.3).  A new order with favorite 

categories on the top theoretically would reduce the number of button presses needed to get to an 

article of interest.  It is possible that the users will favor the alphabetical ordering of the expanded 

menu since they would have become accustomed to that same order in the static menu.  On the other 

hand, the learning penalty for presenting a new menu structure will not be continuous.  Customization 

updates would be at the user’s discretion in practice, and occur only once for each menu condition in 

this study.  The new structure would be ordered and expanded to the user’s preferences without the 

unpredictability of live updates. 



 

 

Figure 3.1   The structure of the static menu; items are ordered alphabetically.  The menu frames 
represent the actual cell phone screen by containing 240x320 pixels 

 

 

 

 

Figure 3.2   The structure of the expanded menu; items are sorted alphabetically 
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Figure 3.3   The structure of the expanded/reordered menu; items are sorted by rating 

 

In order to limit the size of a menu for a user with many interests, both expanded menus have a limit of 

three expanded categories and four items under those categories.  Therefore, having many highly rated 

categories means not all favorites will be expanded.  Once user navigation of the menu reaches a leaf 

node of the category hierarchy, the articles under that category are displayed. Figure 3.5 shows an 

example of this view. All three menu conditions have that same structure at the lowest subcategory 

levels in the hierarchy. 

 

3.2.2 The Role of Participants in This Study 

There were 30 cell phone users recruited to participate in this experiment.  Two of the users were 

ambidextrous, while all others were right-handed.  The age of the participants ranged from 19 to 73, 

while the average age was 33.  18 of the 30 users were male.  This experiment was run with three users 

for testing purposes; these participants were not included as part of the final 30.  
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At the start of the session, each participant filled out a questionnaire providing the following 

information: age, gender, dominant hand, whether he or she owns a cell phone, and whether he or she 

presses buttons with a finger or thumb(s) (see Figure 7.1). The participant is then asked to rate news 

categories on a scale from zero to nine, where nine is the highest rating.  For the categories rated the 

highest, the user is asked to also rate the subcategories (see Figure 7.2 and Figure 7.3).  Any category 

not explicitly rated by the user is given the rating of its parent, and is marked as a derived rating in the 

database. 

 

Given those user preferences, the system generates a list of articles to find for each menu condition. 

This list displays the path of categories to follow in order to reach each destination (see Figure 7.4). 

This list is compiled such that highly rated categories are heavily represented (accounting for about 

75% of the total 15 articles per menu condition).  The decision is based on the assumption that users 

favor articles that belong to highly rated categories.   

 

However, the articles to find are not designed to match the customized menus.  There are at most three 

categories expanded with at most four subcategories exposed under each one.  If the user highly rates 

more than three categories and/or more than four subcategories, some of the favored subcategories will 

not be exposed on the customized menu.  Yet, all highly rated categories have an equal chance of being 

selected as part of the 75% favored articles. As a result, the user might actually take longer to reach an 

article from a highly rated category in the two customized menus than on the original static menu.  

Users with many interests are most likely to run into this situation. 

 

Once these target article lists were generated, the participants proceeded with the cell phone portion of 

the study.  The study assumes expert cell phone usage, but the phones owned by the users would vary 

in screen size, button size, software, et cetera.  Therefore, all users were given the same phone to 

perform tasks on with a practice session to ensure familiarity with the device.   

 



The cell phone used for this experiment was the Samsung SPH-A900 (see Figure 3.4). Each user was 

asked to use his or her right-hand thumb to press buttons on the phone.  Users were also required to 

press the scroll button for every movement in the menu instead of holding the button down. This is 

necessary in order to record the beeps from the cell phone that represent button presses.   

 

To make participants familiar with the Samsung SPH-A900 cell phone and the process of finding 

articles, a Practice Menu is provided.  No data is collected during this phase.  The Practice Menu is the 

same menu condition as the static menu, which the user will first see after completing the practice.  

The participants are told that they can ask any questions about the phone or article-finding process 

during this phase.  After participants complete the Practice Menu, they are assumed to be expert users 

on the Samsung SPH-A900. 

 

 

Figure 3.4   The Samsung SPH-A900 cell phone  
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There are five articles assigned to the participants for the practice phase.  The subsequent phases are 

the three menu conditions.  There are 15 articles for each of these phases (a total of 50 articles).   

When the participant clicks on a goal article link, a status indicator tells that person how many articles 

are left to find (see Figure 3.5).   

 

Clicking the "OK" button on the "Home" link, which is already highlighted when reaching the article 

page, takes the user back to the root level menu.  After finding all articles listed, the participant is 

returned to the welcome page where a link is provided to the next phase of the experiment.  

 

 

Figure 3.5   Selecting a target article on any menu 

 

Following the completion of all phases in the experiment, an online survey was given to each 

participant (see Figure 7.5).  Each person was asked three questions.  The first question was, “On a 

scale from 1-7, how easy to use were the menus?”  The next question asked, “How much harder/easier 

was it to find articles compared to the static menu?”  Finally, the users responded to the inquiry, “How 

likely would you be to use this menu?”  At the end of the survey, everyone was given the opportunity 

to provide any further comments. 
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3.2.3 Data Collection 

In order to log every button press of the user, the cell phone beeps were recorded as audio files.  This 

was accomplished using the Just Wireless Universal Stereo Headset Adapter for Cell Phones, a mini-

jack male-to-male dubbing cable, and the microphone port of a laptop computer (see Figure 3.6).  

 

 

Figure 3.6   To record button presses as beeps, the Samsung A900 was connected to the microphone 
port of a laptop via a headset adapter 
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GoldWave, a software application for editing digital audio, was used to record the button presses as 

beeps.  An audio recording was created for all three menu conditions for each participant.  These 

recordings were then exported as ASCII files with a single channel of sound and sampled at 11025 Hz.  

Each sample is represented by an integer. 

 

The audio text files were all run through a Java application which was written by the author for this 

purpose.  This software counted the beeps and marked each one with a timestamp.  These timestamps 

were recorded in the form of seconds from start (where the first beep is at time zero).  The final beep 

timestamp provides the duration of the entire phase in seconds for a given menu condition.  Examples 

of these files and more details on the process can be found in Appendix C: Experiment Data 

Processing Samples.  Having the beep count and duration of each menu condition provided the 

necessary tools to analyze user performance. 

 

While recording cell phone beeps as audio files does provide the data needed for examining 

performance, more information is required to determine which of those button presses were selections 

and which ones were scrolling actions.  To collect this data, each selection (made by pressing the 

“OK” button) from the user was logged into the database with a timestamp.  This data will only be 

used in section 4 to provide duration estimates and consequently evaluate an existing GOMS model of 

cell phone menu traversal. 

 

Getting the user’s assessment of the menus is another important aspect of this study.  The survey given 

at the end of the experiment session provides this information.  The collected answers are stored in the 

database.  For details about the specific questions asked, see section 3.2.2 and Figure 7.5.   
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3.3 Results 

As previously mentioned, the key questions of this study involve both user performance and user 

evaluation.  The analysis of the collected data provides results for both.  In addition, conclusions can 

be drawn as to the relationship between user performance and user evaluation. The entire output from 

the analysis in SAS 9.1.3 can be found in Appendix F: SAS Report.  The condition numbers in this 

section are assigned as 1 for the static menu, 2 for the expanded menu, and 3 for the 

expanded/reordered menu.   

 

3.3.1 Performance Results 

User performance is measured by two dependant variables: number of button presses and duration in 

seconds.  Since this study focuses on user performance given category preferences, the list of articles 

to find varies based on user interest.  The implication of that fact is the number of button presses will 

vary per-user.  This is a byproduct of user preferences being a significant factor in the study. Such a 

detail means that performance increase per-user is a noteworthy result and a good starting point for 

analysis.  Table 3.1 shows the per-user performance increase of the two customized menus over the 

static menu as mean and median percentage values.  Both customized menus show a per-user 

improvement, though the improvement of the expanded/reordered menu was most dramatic. 

 

Table 3.1    Percent performance increase per-user (over static menu) 

 Expanded  Expanded/Reordered  

Button Presses 
 

Mean:    4.9% 
Median:    6.2% 

Mean:   18.9% 
Median:   17.4% 

Duration 
 

Mean:       9.6% 
Median:  12.0% 

Mean:    23.4% 
Median:   27.3% 

 



The overall distribution of button presses by condition is shown as a box plot in Figure 3.7.   Both the 

mean and median values decrease for the customized menus.  The three interquartile ranges are 

approximately the same size, so no single menu condition has a more consistent spread of values. 

 

 

Figure 3.7   A box plot of button press distribution by menu condition 

 

The duration data of each menu condition is plotted in Figure 3.8.  As with button presses, the 

customized menus have superior overall ranges with improved mean and median values.  The size of 

the interquartile ranges varies quite a bit more than with the button presses.  In the static menu 

condition, the interquartile range is larger than that of the customized menus. This shows more 

variation in duration.  Also, the mean is pulled up by several outliers with large values.  The 

expanded/reordered menu has a much smaller interquartile range, signifying more consistent 

performance time from participants. 
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Figure 3.8   A box plot of the duration distribution by menu condition 

 

While the box plots demonstrate an overall improvement in button presses and duration, an analysis of 

variance must be done to determine whether or not menu condition has a significant effect on these 

two dependant variables.  Table 3.2 shows the result of two separate analysis of variance tests to 

determine the statistical significance of the independent variable menu condition on duration and 

button presses.  For the intermediate steps taken to obtain these numbers and other results, see 

Appendix F: SAS Report.    

 

Table 3.2    Test results of the effect of menu condition on button presses and duration 

Dependent Variable Source DF Type III SS Mean Square F Value Pr > F 

Button Presses Condition 2 123175.4000 61587.7000 6.85 0.0017 

Duration Condition 2 167379.5806 83689.7903 4.74 0.0111 
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As displayed in Table 3.2, both tests returned p-values less than 0.05.  This means that menu condition 

does have a statistically significant effect on both button presses and duration.  While menu condition, 

an independent variable, has been shown to have an effect on both dependent variables, it is possible 

that the effect is transitive.  In other words, having a lot of button presses could be correlated with 

having longer duration times.   

 

To test whether or not button presses and duration times are correlated, the interval of button presses 

for each menu condition must be compared.  If button press intervals are too inconsistent, then 

comparing duration times with number of button presses would not be very meaningful; fewer presses 

could still be have longer duration times.  Results show that this is not the case.  An analysis of 

variance on the button press interval data reveals that intervals do not change significantly across menu 

conditions.  The ANOVA report demonstrating this conclusion can be found in Appendix C: 

Experiment Data Processing Samples. 

 

Given that button press interval times do not vary significantly over menu conditions, the correlation 

between number of button presses and duration time can be calculated.  Table 3.3 shows that button 

presses and duration are positively correlated for each menu condition.  The p-values indicate that the 

positive correlation between the two variables is statistically significant.  Figure 3.9 shows a scatter 

plot of this correlation for the expanded menu (see Appendix F: SAS Report for other two menu 

conditions).  As the trend indicates, the number of button presses is highly correlated with duration.   

 

Table 3.3    The Pearson Correlation between button presses and duration for each menu condition 

 Static Expanded Expanded/Reordered

Correlation 0.67471 0.81320 0.69034

Pr > |r|   < 0.0001 < 0.0001 < 0.0001

 



 

Figure 3.9   A scatter plot matrix of the correlation between dependent variables button presses and 
duration for the expanded menu 

 

Menu condition was not the only variable of significance in determining duration and button presses.  

As shown in Table 3.4, the best fit models for button presses and duration show that age and condition 

together explain the data most extensively.  The model for duration also includes handedness, but only 

two of the 30 participants were not right-handed.  For that reason, handedness is likely not very 

significant.  Age, on the other hand, is significant in both cases.  

 

Figure 3.10 shows a fit plot based on age for duration with the static menu.  Every menu condition for 

both duration and button presses have very similar plots that can be found in Appendix F: SAS Report.  

This plot shows that as age increases, the duration also increases.  The grey bar surrounding the fit line 

represents a 95% confidence interval. 
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Table 3.4    Best fit models for button presses and duration; both condition and age have a significant 
effect on the dependent variables 

  

Dependent Variable Source DF Type III SS Mean Square F Value Pr > F 

Condition 2 123175.4000 61587.7000 7.95 0.0007 Button Presses 

Age 1 116078.9807 116078.9807 14.98 0.0002 

Condition 2 167379.5806 83689.7903 7.70 0.0008 

Age   1 588627.3918 588627.3918 54.14 <.0001 

Duration 

Handed 1 63304.1750 63304.1750 5.82 0.0180 

 

 

  

Figure 3.10  A fit plot for duration based on age for the static menu; the trend shows that older 
participants take longer to perform the tasks 
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3.3.2 Participant Survey Results 

Through a statistical analysis, the previous section demonstrated that user performance was 

significantly affected by menu condition. However, the subjective assessment from participant survey 

of each menu is also an important gauge of effectiveness.  The survey questions are shown exactly as 

seen by the participants in a screenshot in Figure 7.5.  Answers to each question were recorded in the 

database as integers.   

 

The first question asked the participant for a numerical rating between one and seven that represents 

ease of use for each menu condition.  The other two questions were recorded as numbers, but were not 

answered numerically.  In other words, the participants were asked how likely they would be to use 

each menu.  The options were “Certainly Not”, “Not Very Likely”, “Somewhat Likely”, “Very Likely” 

and “Certain”.  Those answer choices are recorded on a five-point Likert scale.  The numbers cannot 

be averaged together to explain the overall result.  Instead, a frequency analysis reveals which answer 

choice had the highest percentage for each menu condition.  

 

Table 3.5    A frequency analysis of the participant survey answers 
 

 
Ease of Use 
(1-7 scale) 

Easier than Static 
(1-5 scale) 

Likely to Use 
(1-5 scale) 

Static 5 out of 7 
(26% responded) 

n/a 3:  Somewhat likely 
(43% responded) 

Expanded 6 out of 7 
(43% responded) 

4:  Helped a little 
(63% responded) 

4:  Very likely 
(57% responded) 

Expanded/Reordered 7 out of 7 
(53% responded) 

5:  Helped a lot 
(53% responded) 

5: Certain 
(50% responded) 

P-value  
(Fisher’s Exact Test) 

0.0155 0.0595 0.0001 
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Table 3.5 lists the answer of highest frequency for each condition/question pair.  The value below each 

answer explains what percent of the responses belonged to the most frequent one.  A response of 57% 

meant that 43% of the users answered differently than the most frequent selection (which is used in the 

table).  For a full frequency report that includes percentage values of each possible answer, see the 

final pages of Appendix F: SAS Report. 

 

Fisher’s Exact Test was run to examine the conditional relationship of all three survey questions with 

menu condition.  The resulting p-values are shown in the last row of Table 3.5.  Since all p-values are 

small, the test concludes that the survey answers have a statistically significant relationship to menu 

condition.  In particular, the “ease of use” question and the “likely to use” question have the most 

statistically significant relation to menu condition with p-values below 0.05.  The relationship to the 

second question is statistically significant at the 0.10 level. 

 

The frequency analysis revealed that users most often rated customized menus higher than the static 

menu, with the expanded/reordered menu rated the highest.  What Fisher’s Exact Test made clear is 

that this trend is statistically significant, and menu condition is related to the evaluation responses.  

From the previous section, performance was shown to improve with the customized menus.  Hence, it 

is known that performance and evaluation both have significant relationships to menu condition.  What 

has not yet been established is whether or not user performance and user evaluation have a significant 

relationship to each other. 

 

To answer this question, an F-test was used.  The test determines whether or not menu condition has an 

effect on performance when in the presence of user evaluation questions as co-variates.  Recall that 

performance is measured by both button presses and duration, so there are actually two F-tests to run.  

Table 3.6 lists the resulting p-values from the F-tests for all three evaluation questions.   
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Table 3.6    Results of two F-tests show survey answers have no significant relationship to performance 

 Ease of Use Easier than Static Likely to Use 

Button presses P-value 0.2340 0.1554 0.5283 

Duration  P-value 0.3063 0.8694 0.3492 
 

 

Each one of these numbers is greater than 0.05, which means none of the questions are statistically 

significant as co-variates of condition (when determining performance).  In other words, evaluation 

and performance are not related.  It is known that both evaluation and performance show a statistically 

significant improvement from the static menu to the customized menus.  However, since there is not a 

significant relationship between observed performance and subjective evaluation, users’ opinion of the 

menus did not consistently reflect how well they performed. 

 

3.4 Discussion 

The results of this experiment show that users performed better and evaluated higher the expanded 

menu over the static menu.  Moreover, the expanded/reordered menu had the fastest performance and 

highest ratings of all three.  Since the increase in performance matched up with increase in evaluation, 

it seems logical that this improvement is reflected on an individual user basis.  However, this was 

shown not to be the case.  Performance and evaluation are not related on a per-user basis.  Evaluation 

presumably reflects the users’ perception of their own performance, but if that is the case then their 

perceptions were not entirely accurate.  Another possibility is that satisfaction is not tied to how fast a 

target item is reached, but how straightforward or personalized the menus are to use. 

 

While the menus were designed to be personalized, the underlying purpose was to save users time and 

effort.   The expanded/reordered menu in particular was designed to accomplish this by condensing the 

number of steps needed to reach a goal article.  Reducing the quantity of button presses lays a good 

foundation to that end.   
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Saving time was hypothesized to occur based on the assumption that fewer steps lead to shorter 

durations. The statistically significant positive correlation between button presses and duration 

demonstrates that the two variables are in fact connected, but this does not prove a causal relationship.  

Nevertheless, a causal relationship does make logical sense.  Considering these facts transitively, the 

menu condition affects number of button presses (A  B); the menu condition also affects the duration 

(A  C).   It is a small leap to claim B  C given that button presses and duration are highly 

correlated.  Button presses as an intermediary variable between menu condition and duration would fit 

all of the results. 

 

A causal relationship also makes practical sense with the data.  Performance trends showed 

improvement in duration and number of button presses for each successive menu condition.  The 

number of goal articles is the same for every phase of the experiment, so more button presses indicates 

a further distance to travel in reaching those articles.   Additionally, beep intervals are not significantly 

different across menu conditions.  For those two reasons, it is practical to say that duration is caused by 

the number of button presses. 

 

Aside from performance results based purely on menu condition, factoring in age provides useful 

information.  The participant age range in this study was 19 to 73 years old.  Chadwick-Dias et al. did 

a study of the effects of age on web browsing performance.  They found that “older adults most likely 

experience lower usability because of a myriad of contributing factors including social, cognitive, 

psychological, and physical factors as well as overall differences in life experience” (2002).    

 

While those factors most likely come into play for this study, they are not particular enough to identify 

directly.  A few observations they listed are more specific to web navigation, and by proxy are relevant 

to this study.  Cautious clicking, problems noticing when scrolling is necessary, spending more time 

reading text/instructions, and difficulty understanding location are all  possible tribulations related to 

this experiment (Chadwick-Dias 2002).   
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First and foremost in this study, older participants had more difficulty shifting their focus back and 

forth between the monitor (where assigned articles were listed) and the cell phone screen (where the 

menu was displayed).   As a result, these users spent more time checking back and forth between the 

monitor and cell phone to confirm the path to the goal article was correct.  Instead of memorizing the 

path and executing it in three or four swift selections, each goal article was found by making step-by-

step movements.   

 

Even more key to the age connection was the button layout of the Samsung SPH-A900.  The buttons 

are part of a flat surface and do not stick up as individual keys (see Figure 3.4).  The “OK” button used 

for selecting is surrounded by a directional pad in the shape of a ring.  Scrolling down on the cell 

phone places the user’s thumb in between the “OK” button and the “Back” button right below the 

directional pad.   As described by some users in Appendix E: Participant Comments, the “Back” button 

persistently got in the way of these users.  A user who experienced this problem would accidentally hit 

“Back” and get disoriented.  From casual observation, younger participants had no problem with the 

physical interface and rarely became perplexed by the menu path. 

 

It is possible that a different cell phone with protruding, spread out buttons might yield more consistent 

results across all ages.  However, other external factors such as text-messaging behavior, eye sight, 

manual dexterity and those factors suggested by Chadwick-Dias et al. almost certainly play a part in 

determining the performance correlation.  Whatever the causes of this age-related performance gap, it 

can be compensated for somewhat in the design.   

 

Chadwick-Dias et al. describe in their work that text size does not have a significant effect on how well 

older users perform tasks on a website, even though larger sizes were preferred (2002).    What did 

help in their study was using action words in links, eliminating unnecessary text and adding location 

titles.   
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However, this study focuses more on the structure of menus.  Path and location indicators were already 

provided, and text changes are content-specific.  Content is immaterial to the focus of this study, which 

is on menu organization.   

 

One applicable suggestion they provided was to remove content that cannot be displayed on the screen 

(Chadwick-Dias 2002).  That way knowing when to scroll is no longer a problem.  If the expanded and 

expanded/reordered menus were redesigned to only expand to the bottom of the screen, then older 

users might perform better.  However, this reduces the breadth of the menu, which might significantly 

impact the results as found in this study.  In addition, article lists often go past the bottom of the 

screen.  Providing the same solution for a list of articles would entail having a “more” link at the 

bottom to prevent scrolling.  Regrettably, this adds a step to the goal path when the objective is to 

remove steps.  A separate experiment would have to be run to determine the impact of those changes 

on performance by age and overall user performance. 

 

Given the design implications of this study, customized menus are both faster and more preferred by 

users.  In practice, giving the user discretionary control over menu updating is a key feature. 

Continuous adaptation would not follow from these results since the user’s memory of the menu 

structure is such an important factor.  Further research into collecting user preferences based on 

navigational behavior would eliminate the fill-in process of explicit collection from this study.  

Whether this process would be domain-specific or more abstract, automating preference gathering is a 

central part of practical implementation.  Many users will not be willing to fill out a questionnaire in 

order to have their menu customized. 
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4. GOMS MODEL EVALUATION 

Most of the data collected in the experiment section was used for measuring performance of the 

customized menus.  Additional information, such as the database records of each selection, were 

collected but not yet used.   The purpose of this additional data is to recreate the path each user took to 

reach every goal article.  Since this information is obtainable, a GOMS model can estimate duration for 

each given path.  The accuracy of an existing GOMS model was tested under the new circumstances of 

this study. 

 

4.1 The GOMS Model 

In 2006, St. Amant et al. developed a GOMS model of user behavior when traversing cell phone 

menus.  The methods in this model are for task analysis on the particular cell phone menu hierarchy of 

the Kyocera 2325. In their work, a list of five specific navigation goals was given to the participants.  

The GOMS model estimates were fairly accurate to the actual user times with 14% error for mean 

durations (2006). 

 

Each task is modeled in GOMS as a traversal method where the destination item is the goal to be 

accomplished.  The traversal methods break down into selections that are also carried out by a separate 

method.  Figure 4.1 shows the published example of a GOMS method for “TraversalTo Ringer 

Volume” (St. Amant 2006).  This method was generated automatically based on the menu hierarchy 

specification of the cell phone used in their study.  Each step represents the selection of a very specific 

menu item.  In contrast, the selection method called is much more generic. Instead of “Select Settings” 

in Figure 4.1, the method can represent the selection of any item in a menu hierarchy.  By taking 

advantage of the generality of the selection method, this GOMS model can be applied to selecting 

articles and categories using data from this study. 



 

Figure 4.1   GOMS model methods from St. Amant et al. (2006) 

 

As previously mentioned, the “TraversalTo” methods were automatically generated.  The resulting 

methods were based on five specific tasks and the corresponding location of the goal items in the cell 

phone menu hierarchy.  Likewise, “TraversalTo Article” methods can be automatically generated.  

Each article that users must find represents a task like the five from the original experiment.  As long 

as the traversal method pattern is preserved, the listing of categories to select on the way to reach an 

article is no different from the listing of menu categories needed to reach “Ringer Volume.”    

 

After the traversal methods have been built, the GOMS model can produce duration estimates.  These 

estimates can then be compared to the actual length of time it took for a user to find the article.  The 

results of this comparison can be used to determine whether or not the GOMS model produces accurate 

predictions for this experiment. 
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4.2 Procedures 

Based on the GOMS model described in section 4.1, an interpreter was implemented specifically for 

this experiment. The methods and operators of this study fit with the GOMS model, as explained in the 

previous section.  However, there are different circumstances to account for.  If there were not 

differences, this exercise would not be very meaningful.  Still, the line between adapting the use of the 

model and changing the model itself must not be crossed.   

 

The first assumption made by the prior study was that users perform tasks error-free.  This current 

study assumes that users perform scrolling actions error-free.  That is to say, the users do not overshoot 

when scrolling for an item.  Selection errors are accounted for when generating the “TraversalTo” 

method.  As mentioned in section 3.2.3 (Data Collection), each selection action by the user was logged 

in the database with a timestamp.  Furthermore, the type of selection is noted (i.e. category, correct 

article or incorrect article).  Regardless of the type of selection made, every record is used when 

generating the “TraversalTo Article” methods for each user. 

 

Since the prior experiment used the same five navigational tasks for each user (and assumed that tasks 

were performed error-free), the same “TraversalTo” methods could be used to make one estimate.  

This individual estimate was used for comparison to all users’ performance.  That cannot be the case 

for this study.  In this case, each participant has a set of user preferences that determine which articles 

will be sought out in the menu structure. The “TraversalTo Article” methods must be generated for 

each article in the participant’s list.  However, the “TraversalTo Article” methods cannot be formed 

based solely on the assigned tasks.  The way the customized menus are designed allows for multiple 

paths to be taken.  For example, the subcategory “Movies” might be expanded under “Lifestyles.”  The 

user can either go straight to “Movies” on the root menu, or go directly to “Lifestyles.”  This difference 

would definitely have an impact on the GOMS model estimates. 
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Also, users practice interactions and sample tasks on the Samsung SPH-A900, but every goal is not 

practiced.  Expecting the user to make no incorrect selections and go the exact route assumed by a pre-

made “TraversalTo Article” method will inevitably be erroneous. Instead, “TraversalTo Article” 

methods were be generated by combining the button press data gathered from recording beeps with the 

selection data logged in the database. 

 

A Java program was written in order to combine button press data with selection records.  This was 

accomplished by matching the timestamps of selections to the timestamps of button presses derived 

from beeps.  Timestamp matches represent selection actions (pressing the “OK” button), while beeps 

between selections are the number of scrolling button presses required to reach the item.   

 

A “TraversalTo Article” method has a “Select Item” step for each selection logged in the database.  

Only when selections logged as “Goal article” are reached does the method return with goal 

accomplished.  Therefore, the method matches the user’s traversal to the goal exactly as it happened 

regardless of selection errors or backtracking.  This allows for the best estimate possible from the 

GOMS model without changing anything about the model itself.  Figure 4.2 shows an example of one 

of these automatically generated methods from a participant during the static menu phase of the 

experiment.  Another output file can be found in its entirety in Appendix D: GOMS Data Processing 

Samples. 

 

Method for TraversalTo Article: "Staal brothers making waves" 
-------------------------------------------- 
Step. Accomplish goal: Select Home. 
Step. Accomplish goal: Select Sports. 
Step. Accomplish goal: Select Carolina Hurricanes. 
Step. Accomplish goal: Select Article "Staal brothers making waves" 
Step. Return with goal accomplished. 

 Figure 4.2   An example of a “TraversalTo Article” method generated from button press timestamps 
and selection logs in the database 

 



Each of the select steps in the “TraversalTo Article” methods call a function based on the “Select 

Settings” method in Figure 4.1.  Structurally, nothing in the implementation of that method for this 

project is any different from the original model.  Replacing the label “Select Settings” with “Select 

Item” is the extent of the structural changes. However, some of the time values used for each action in 

this method need to be updated. 

 

                                                      MT = 0.176 + 0.064 * log2(D/W + 1)                               Equation 4.1 

 

The number of seconds added at each “move to button” step is based on calculations from the prior 

study using Fitts’ Law (see above).  The Samsung SPH-A900 used in this project has a different button 

layout than the Kyocera 2325 from the prior experiment.  Figure 4.3 shows both layouts side by side.  

Since target size and distance vary, the “OK” button and scrolling button from the Samsung SPH-A900 

will need to be measured in order to calculate movement time with Fitts’ Law.   

 

Kyocera 2325: cell phone from prior study 

 

Samsung SPH-A900: cell phone from this study 

 

Figure 4.3   The layout of the cell phone buttons from the prior study and the buttons from the current 
study; Measurements on the Samsung SPH-A900 are for determining movement time using Fitts’ Law 
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The movement times for thumb input are calculated with the same equation used by St. Amant et al. 

(see Equation 4.1).  This equation is based on MacKenzie’s version of one finger typing on cell phones 

(MacKenzie 2003; St. Amant 2006).  In the equation, D is distance of movement and W is the width of 

the target.  As shown in Figure 4.3, the Samsung’s “OK” button measures 7.5mm in diameter, and it is 

separated by a distance of 1mm from the down button with a 4mm width. 

 

Thus, the equation estimates that movement time to the “OK” button from the down scrolling button 

takes 0.188 seconds.  Movement in the opposite direction takes an estimated 0.197 seconds.  Duration 

estimates that do not depend on button size remain the same as the previous experiment.  These 

numbers include time for a test in a decision step (which requires 0.050 seconds), and time for pressing 

a button (0.280 seconds).  St. Amant et al. chose those precise number of seconds based on the 

guidelines from Kieras (1999).  The updated “Select Item” method with is shown in Figure 4.4. 

 

Method for Select Item 
-------------------------------------------- 
Step Scroll-Test-1. If (Item not found and not on-scroll-button) 
  Move-to-scroll-button.   0.050s  OR  (0.050 + 0.197)s 
 
Step Scroll. Press scroll-button; Goto Scroll-Test-1.  (0.050 + 0.280)s 
 
Step Scroll-Test-2.  If (Item not found and on-scroll-button) 
  Press scroll-button; Goto Scroll-Test-1. 0.050s  OR  (0.050 + 0.280)s 
 
Step OK-Test-1.      If (Item found and on-OK-button) 
  Press OK; Goto End.    0.050s  OR  (0.050 + 0.280)s 
 
Step OK-Test-2.     If (Item found and not on-OK-button) 
  Move-to OK-button.   0.050s  OR  (0.050 + 0.188)s 
 
Step OK.            Press OK; Goto End.    (0.050 + 0.280)s 
 
Step End.            Return with goal accomplished.  0.050s 

 

 Figure 4.4   The exact same method for “Select Settings” from the original study, only with updated 
time estimates for button movements 
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Another assumption made by the prior experiment was that system response time was negligible.  That 

was a reasonable assumption for them since the cell phone menus were locally stored on the device.  

However, the menus in study are web-based.  The same assumption regarding system time cannot be 

made since network delay has to be counted.   

 

To approximate network delay, the main menu page was refreshed as fast as the cell phone could send 

the requests.  A timestamp was recorded at the exact time each request was received by the server.  

Those values approximate to two seconds.  The model will produce estimates both with and without 

this delay in order to determine how much of an impact that difference makes.  When the model is run 

with the delay accounted for, 2.00 seconds are added whenever the “OK” button is pressed to make a 

selection. 

 

There were seven participants out of the 30 that did not have proper data for GOMS modeling and had 

to be dropped for this section.  Four of the seven users were participants when a debug test in the 

program always returned true, and consequently the selection clicks were not recorded for category 

selection.  The remaining three had to have their sessions paused and resumed.  While neither incident 

affected the recording of beeps, the database logging of timestamps could not sync up with the button 

presses.  Therefore, the resulting GOMS model duration estimates are all based off of the data from the 

remaining 23 participants. 

 



4.3 Results 

The accuracy of the GOMS model was measured in two ways.  Its original form, which does not 

account for system delay, underestimated in every case.  The model which accounts for networking 

delay is closer to actual duration.   Duration in this section refers to the length of time the participant 

takes to reach the goal of a “TraversalTo Article” method.  The distribution of actual duration can be 

seen in Figure 4.5.  The outliers are due to the large sample size and the fact that most of the data 

belongs to a small interquartile range.  

 

 

Figure 4.5   Distribution of actual time per “TraversalTo Article” method 

 

The distribution of the GOMS estimates without system delay is plotted in Figure 4.6.  As 

demonstrated by the discrepancy in the range of the y-axis, the estimates are far underestimating the 

actual results.   Figure 4.7 shows the graph of the difference between actual duration and this first 

GOMS estimate.  No plot points reaching zero indicates all underestimated values. 
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Figure 4.6  GOMS with no delay: the distribution of estimates without network delay 
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Figure 4.7   Difference between actual durations and GOMS estimates without delay 
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Figure 4.8   GOMS with delay: the distribution of GOMS estimates with network delay 
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Figure 4.9   Difference between actual durations and GOMS estimates with delay 

  
  

39 



  

40 

As plotted on the previous page, the GOMS estimates including a 2.00 second delay per selection 

improved the results over the original test.   Figure 4.9 shows many data points hovering around the x-

axis, which signifies accurate estimations.  However, the predictions are still not very accurate overall 

with or without network delay.  A statistical T-Test reveals a p-value of less than 0.0001 for both 

estimates, meaning that the estimations are statistically significantly different from the actual durations 

(in the direction of underestimating).  It is easier to see that the GOMS estimates with delay are more 

accurate based on the T-values, which are smaller than the estimates without delay (see Appendix F: 

SAS Report).  Table 4.1 has the average duration times for finding an article.  The mean estimations 

decrease in duration across menu conditions, as do the actual times.  While both GOMS instances 

underestimate, it is clear from the means how much closer to actual times the GOMS with delay 

estimates are overall. 

 

Since the GOMS model with network delay performs better, further analysis was done on the gap 

between actual and estimated times.  Figure 4.10 shows a fit plot of the differences between actual and 

estimated times.  As with Figure 4.9, some difference values lie around the zero mark with the side of 

underestimates more heavily populated.  The trend line moving in an upward direction indicates that 

the difference between actual and estimated duration slightly decreases across menu conditions. In 

other words, the GOMS model provided slightly more accurate estimates for the expanded and 

expanded/reordered menus. 

 

Table 4.1    The mean duration times taken to find an article: estimations and actual 

 Static Expanded Expanded/Reordered

GOMS (no delay) 11.60s 10.67s 9.17s

GOMS (with delay) 20.85s 18.40s 17.29s

Actual Duration 27.20s 22.60s 20.13s

 



 

 

Figure 4.10  A fit plot of the difference between actual time and GOMS estimates with delay 

 

4.4 Discussion 

In both GOMS model instances, the durations significantly underestimated the actual times.  The 

second test, which included a network delay, had many more occurrences of accurate estimations.  

Nevertheless, the overall results for the test overshadowed these accurate numbers with 

underestimates.  Part of the reason for this result was that misses underestimated by quite a lot.  Many 

of these misses could be caused by outliers of high duration in the actual times data (as indicated by 

circles plotted in Figure 4.5).   

 

Another possibility is that some users had longer button press intervals.  It has been shown that button 

press intervals do not impact the duration comparison between menu conditions since the overall 

interval differences are statistically insignificant.  In that case, varying user-to-user button press 
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intervals do not cause a problem as long as they are all consistent across menu conditions.  However, 

in GOMS modeling this difference would matter.  The outliers in actual time most likely signify such a 

phenomenon.  Users that take much longer to find what they are looking for (and frequently refer back 

to their task goal) would significantly impact the results of a GOMS estimated comparison.   

 

The practice phase of the experiment was meant to familiarize the participant with the cell phone and 

the process of finding an article given the instructions provided.  However, creating expert users on the 

Samsung SPH-A900 involved a small number of participants who did not like the interface.  Those 

few users experienced frustration throughout the entire experiment, as mentioned in section 3.4.  That 

frustration definitely could have had an impact on their button press intervals and duration to reach the 

goal.   

 

Furthermore, the exact tasks were not practiced beforehand like they were in the original study.  In this 

case, it was important that users not remember the location of articles from phase to phase.  Each menu 

had to be judged on its own merit, so having new articles each time was imperative.  Therefore, users 

practiced how to accomplish tasks instead of practicing the exact tasks.  That difference could also be a 

contributor to the gap in model accuracy from the original study to the underestimating tendencies in 

this one.  In other words, users might have to spend more time looking for their targets. 

 

Networking delay is another factor that was not so in the original study, where system response time 

was assumed to be negligible.  Selecting “OK” in this experiment initiated a server request and a 

network delay for response.  While network delay was estimated as accurately as possible, it is a 

variable that is not absolute or constant.  Networking delay also has a side effect involving 

multitasking.  Some users read their next step on the monitor while waiting for the cell phone menu to 

display the next screen.   This behavior fits very well into the original GOMS model since “look for 

item” time was built into the network delay in this study to minimize changes to the original model. 
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The fact that the estimations became more accurate for the customized menus might give further proof 

that network delay had a big impact on the results.  It has already been shown that fewer button presses 

occurred for the expanded menu and expanded/reordered menu compared to the static menu.   

Furthermore, those customized menus were designed to reduce the number of selections required to 

reach a goal article.  If there are fewer selections, then there are fewer occasions where a request to the 

remote web server is required.  Additionally, there are fewer occasions where a “look for item” action 

is required, which also takes time. 

 

After seeing the results of the estimations and realizing how much duration was underestimated, it is 

tempting to start tweaking the model times to match the actual results exactly.  However, that would go 

against the purpose of this portion of the study.  The point is to gauge the accuracy of the GOMS 

model in a new set of circumstances as if it were being used analytically and without empirical data.  

Still, something could be learned by seeing how an increase in delay by including “look for item” time 

impacts the results.    

 

As an example, Table 4.2 and Figure 4.11 show how the data is impacted by adding “look for item” 

time as 1.20 seconds for each selection.  While it is clear that the mean estimates are much closer to the 

actual results, the differences plot shows that the graph looks very similar to the other two estimates, 

just shifted down.  The underestimates still vastly underestimate in many cases.  This suggests that 

time adjustments should not take place on the per-selection level of the model.  The difference plot will 

just keep shifting down to the point where the majority of results overestimate, but the large 

underestimates would be closer to actual time.  That is not a desired result, but rather to flatten the 

difference graph to a line near zero.    

 

Networking delay and “look for item” delay both occur on a per-selection level (and therefore would 

not flatten the graph).  To flatten this graph, the scrolling level of granularity would have to be 

modified.  This agrees with the user-based button press interval disparity, where it has been noted that 



age has an impact.  Since GOMS does not account for varying times in button presses per say, there is 

no direct method to have one blanket model that accounts for all participants.  Adding a “look for 

item” time at the scrolling level would impact the shape of the line, but will still not account for the 

disproportionate button press interval between users.  However, a future study which accounts for age 

might result in a GOMS model per user classification. 

 

Table 4.2    The updated mean duration times taken to find an article with extra delay GOMS estimates 

 Static Expanded Expanded/Reordered

GOMS (no delay) 11.60s 10.67s 9.17s

GOMS (with delay) 20.85s 18.40s 17.29s

GOMS (extra delay) 26.24s 21.70s 21.43s

Actual Duration 27.20s 22.60s 20.13s
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Figure 4.11  Difference between actual durations and GOMS estimates with extra delay  
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5. CONCLUSIONS 

The results of this study show that adaptive menus, which are customized to a user’s preferences, result 

in better performance and higher user satisfaction compared to the traditional static menu structure.  

Furthermore, it was demonstrated that the expanded/reordered menu is better than the expanded menu 

when judged by the same standards.  To get high performance results in practice, a couple of 

assumptions must be carried out.  First of all, preferences should be derived based on navigation 

behavior instead of explicitly obtained through a questionnaire.  Users will be reluctant to go through 

such a process to personalize a menu.  To implicitly collect user preferences, more research is needed 

on predicting them through navigational behavior.   

 

Juvina et al. developed a method of extracting interest in categories from navigation data using Latent 

Semantic Analysis coefficients.  They reported integration possibilities as follows: “Based on the 

method of inferring user preferences introduced here, a user model can be built and maintained in real 

time by an adaptive web application. The application can be programmed, based on such a model, to 

recommend navigation paths that are likely to be found useful or attractive by a particular user” 

(2004).  Another example of preference elicitation comes from Gajos et al. and their system 

ARNAULD, which interactively elicits preferences (2005).  These findings or similar could be 

incorporated into the personalized menu structures from this study by substituting inferred preferences 

for the explicitly derived ones. 

 

A second key factor in this study is that menu adaptation should be dynamic only at the discretion of 

the user.  To accomplish this, updates to the menu would be requested by the user, and then the 

collected preferences would be applied.    A continuous dynamic menu implementation is very 

different and would go against the findings of this study (which assume that the dynamic menus are 

changed at the beginning of each phase of the experiment).  Discretionary in this study indicates that 

users decide when the menus are updated, but not how the menus will change.   
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One side result of this study is that age was shown to be a significant factor in determining user 

performance, even though improvement was still demonstrated across menu conditions.  Applying 

action-oriented text for the menu links is a content-specific way to improve performance for older 

users, as long as the interface is not complicated as a result (Chadwick-Dias 2002).  Not having items 

appear below the bottom of the screen also prevents confusion, but reduces the breadth of the menu.  

Furthermore, reducing the breadth of menu items might add steps to reach the goal.  Both 

modifications could have detrimental effects on user performance and satisfaction. 

 

The second section of this study took advantage of the empirical data collected from the performance 

experiment to evaluate an existing GOMS model.  A new cell phone required button movement times 

embedded in the model to be adjusted.  In addition, networking delay had to be taken into account.  

With these two modifications, the GOMS models underestimated the actual times overall.  On the 

other hand, many points were accurate with the large underestimates throwing off the results.  Changes 

were not made after seeing the results because the test was set up as an empirical evaluation of an 

analytical model.  However, tweaking the model to see what improves the results does provide 

informative feedback.  For example, adding more time networking delay or per-selection “look for 

item” delays serve mainly to shift the difference plot up or down on the graph without flattening the 

line of points. 

 

Getting all accurate GOMS estimates for this data set would entail compensating for user variation in 

button press delay.  Users are consistent enough with their own button pressing since the difference in 

button press intervals across menu conditions is not statistically significant.  However, the difference 

within each condition matters for GOMS modeling.  If there were GOMS models for each hypothetical 

user profile, then this gap could be compensated for.  Without such a separation, the current estimates 

with frequently accurate durations are not bad results. 
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7. APPENDICES 



7.1 Appendix A: Participant Guide 

 

Figure 7.1   The questionnaire each participant answers as a first step in the experiment 
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Figure 7.2   Participants are asked to rate categories on a scale from zero to nine (higher better) 
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Figure 7.3   Participants rate the subcategories of their favorite categories 
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Figure 7.4   For each menu condition, a list of articles to find (along with the category paths needed to 
reach them) is generated for the participant 
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Figure 7.5   Participant survey evaluating the menu conditions that were encountered 
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7.2 Appendix B: Database Table Descriptions 

The “links” table contains all of the categories and subcategories the user will navigate through during 

the experiment.  All articles have a category parent that is listed in this table.  The table is self-

referential and has a LinkParent field which is a key to the ID field of its own table.  The TreeLevel is 

useful when building the menu at runtime. 

 

Figure 7.6  The “links” table 

 

The “articles” table contains 1,004 articles.  The LinkID refers to the category this article belongs to 

(in the “links” table). 

 

Figure 7.7   The “articles” table 

 

The participants table is where the user data is stored such as age, gender, handedness, and cell phone 

use.  In all of the other tables not yet mentioned, participantID refers to the ID field of this table.   
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Figure 7.8   The “participants” table 

 

During the experiment, every button press the user does is recorded as a “beep” in a sound file.  That 

file is then exported to text and run through a Java program.  The result is a file with a timestamp for 

every beep.  That provides a total number of beeps and a total length of time for the phase.  A “phase” 

is either the static, expanded or expanded/reordered part of the experiment.  1=static, 2=expanded and 

3=expanded/reordered.  After this data is uploaded to the table, a PHP script is run that calculates the 

percent improvement over the static menu.  These values are stored under “beepImprovePercent” and 

“timeImprovePercent.”  Since improvement is over the performance in the static menu, the values are 

NULL for phase 1.  

 

 

Figure 7.9   The “participant_beeps” table 

The participant_clicks table has a row inserted every time a user makes a selection, (i.e. hits the “OK” 

button).  If the selection was a category, the linkID (primary key “ID” for the links table) is stored.  If 

the selection is an article, then the articleID is stored.  If it was a correct selection based on the 

assigned articles, then a 1 is stored.  If it was incorrect then a -1 is stored.  A “final” article that marks 

the end of a phase is stored under correctArticle as a 2. 
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Figure 7.10  The “participant_ clicks” table 

 

 

During evaluation after all phases are complete, the user is asked to give any additional comments.  

This is optional. 

 

 

Figure 7.11  The “participant_comments” table 

  

57 



The evaluation questions are EaseOfUse (on a scale from 1-7), EaseFindArt (how much easier were 

phases 2 and 3 on a scale from 1-5 compared to phase 1), and LikelyToUse (on a scale from 1-5). 

 

 

Figure 7.12  The “participant_ evaluation” table 

 

This table stores the ratings users give to categories.  We only ask them to provide ratings for all root 

level categories, and then the rating of subcategories for their favorite main categories.   

 

The “derived” column indicates whether the user explicitly ranked the category or if it was derived 

from a parent.  If the user does not specifically rate a category, then that category is assigned the rating 

of its parent.  The purpose of this it to have a rating for all categories in order to balance the menu and 

the articles the user is asked to find during the experiment. 

 

 

Figure 7.13  The “participant_ ratings” table 

Based on user preferences, articles are generated for the users to find for each phase.  These article 

assignments are stored in the table participant_tasks.  When the user finds the article, the row is 
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updated with duration=1.  This allows the PHP program to know when the user has finished a menu 

phase. 

 

 

Figure 7.14  The “participant_ tasks” table 
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7.3 Appendix C: Experiment Data Processing Samples 

To start with, each menu phase has a separate audio recording of the cell phone beeps.  This audio can 

be saved as a text file of integers that provides a sampling rate and the number of channels (mono in 

this case).  Figure 7.15 is an example of the first few lines of one of these text files. 

 

 
[ASCII 11025Hz, Channels: 1, Samples: 3060771, Flags: 1]                       
42  
-261  
-565  
-523  
-523  
-524  
-523  
-522  
-522  
-523  
-523  
-523  
-523  
-522  
-523  
-524  
-523  
-525  
-524  
-524  
-524  
-524  
-522  
-523  
-522  
-521  
-523  
-523  
-522  
-522  
-522  
-522  
-523  
. . . 

 Figure 7.15  Initial audio text file.  Sample from 18_3.txt (participant 18, condition 3: 
expanded/reordered) 
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After the audio text file is run through a Java program, the output provides a timestamp for each beep.  

The timestamp is the number of seconds (to 5 decimal places) from time 0, which is the first beep.  The 

final number is the number of seconds the entire phase took for the participant.   

 

 
Sampling rate: 11025 
Beep count: 409 
 
Beep times in seconds: 
0 
3.1551 
5.14839 
5.52517 
6.04971 
8.17433 
8.47483 
8.77433 
9.02485 
9.27438 
9.72435 
12.84354 
13.02059 
13.27383 
13.54839 
13.77333 
14.0234 
14.27338 
14.54839 
15.27338 
17.54803 
20.52209 
20.84717 
21.07265 
21.32218 
… 
… 
… 
268.67683 
268.95184 
269.20181 
269.67683 
271.70141 
274.82259 
 

Figure 7.16  Beep timestamp output file. Sample from 18_3_out.txt 
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The data below is used to determine whether or not button press interval changes significantly across 

menu conditions. 

 

 
Participant, Condition, nth button press, Duration of button press 
2, 1, 1, 0.519 
2, 1, 2, 2.458 
2, 1, 3, 0.168 
2, 1, 4, 3.077 
2, 1, 5, 0.105 
2, 1, 6, 0.108 
2, 1, 7, 4.094 
2, 1, 8, 0.089 
2, 1, 9, 0.832 
2, 1, 10, 2.225 
2, 1, 11, 0.25 
2, 1, 12, 0.225 
2, 1, 13, 0.224 
2, 1, 14, 0.424 
2, 1, 15, 0.251 
… 
… 
… 
38, 3, 318, 2.75 
38, 3, 319, 3.12 
38, 3, 320, 0.078 
38, 3, 321, 1.751 
38, 3, 322, 0.25 
38, 3, 323, 0.949 
38, 3, 324, 2.4 
38, 3, 325, 0.201 
38, 3, 326, 0.299 
38, 3, 327, 0.6 
38, 3, 328, 3.12 
38, 3, 329, 0.603 
38, 3, 330, 0.327 
38, 3, 331, 0.149 
38, 3, 332, 0.15 
38, 3, 333, 0.15 
38, 3, 334, 0.9 
38, 3, 335, 2.65 
38, 3, 336, 3.122 

Figure 7.17  Button press intervals in seconds for all participants and all menu conditions. Sample from 
Beep_Intervals_Condition_ALL.txt 



The analysis of variance below shows that button press interval does not change significantly across 

menu conditions. 
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Oneway Anova 
 
Summary of Fit 
  
Rsquare 0.014458
Adj Rsquare -0.0082
Root Mean Square Error 0.239236
Mean of Response 0.833596
Observations (or Sum Wgts) 90
 
Analysis of Variance 
Source DF Sum of Squares Mean Square F Ratio Prob > F
Condition 2 0.0730474 0.036524 0.6381 0.5307
Error 87 4.9793524 0.057234  
C. Total 89 5.0523998  
 
Means for Oneway Anova 
Level Number Mean Std Error Lower 95% Upper 95%
1 30 0.873827 0.04368 0.78701 0.96064
2 30 0.815361 0.04368 0.72855 0.90218
3 30 0.811600 0.04368 0.72478 0.89842
Std Error uses a pooled estimate of error variance 

Figure 7.18  Button press interval analysis of variance across menu conditions 
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7.4 Appendix D: GOMS Data Processing Samples 

The “OK” button presses are recorded in the participant_clicks table.  A PHP script was written to 

output this file.  The format of this file is as follows:  <cumulative seconds>, <individual seconds>, 

<link ID>, <article ID>, <correct>, <title>. Articles do not record linkID, and categories do not have 

data for article ID (or whether the article is correct or not). 

 

 
0, 0, 0, , , Home 
6, 6, 15, , , Columnists 
9, 3, 26, , , Melanie Sill 
15, 6, , 348, 1, Flu facts empower us all 
17, 2, 0, , , Home 
23, 6, 117, , , Columnists 
27, 4, 121, , , Ted Vaden 
34, 7, , 1293, 1, A donation vs. bond-election neutrality 
37, 3, 0, , , Home 
41, 4, 15, , , Columnists 
45, 4, 26, , , Melanie Sill 
51, 6, , 351, 1, Change in bloom at N&O 
53, 2, 0, , , Home 
61, 8, 114, , , Editorials 
68, 7, , 1204, 1, Her home on the range 
70, 2, 0, , , Home 
76, 6, 117, , , Columnists 
81, 5, 121, , , Ted Vaden 
88, 7, , 1298, 1, Taunting coverage angers State fans 
91, 3, 0, , , Home 
96, 5, 112, , , Opinion 
101, 5, 113, , , Opinion Home 
105, 4, , 1194, 1, Hard ball 
109, 4, 0, , , Home 
115, 6, 86, , , Business 
120, 5, 91, , , Technology 
125, 5, , 1078, 1, Lenovo sales fall in North America 
127, 2, 0, , , Home 
132, 5, 117, , , Columnists 
136, 4, 119, , , Jim Jenkins 
140, 4, , 1253, 1, In search of a champion 
. . . 

Figure 7.19  Selections timestamp output file. Sample from 18_3_selections.txt 

 



  

65 

This next file combines the knowledge we have from the beeps and selections and merges them 

together.  By matching the respective timestamps, we can determine which button presses are 

selections and which are scrolling actions.  The file is formatted as follows: <number of scrolls to 

reach selection>, <seconds since last selection>, <title/correct>. 

 

 
0, 3.155, Home 
6, 5.763, Politics 
4, 5.073, Legislature 
7, 11.05, GOAL (Article)= Panel on kindergartners' eye exams returns 
1, 3.884, Home 
5, 5.163, Opinion 
5, 4.674, Letters to the Editor 
1, 1.779, Home 
20, 11.623, GOAL (Article)= A clash of tastes 
0, 2.6, Home 
0, 2.675, Lifestyles 
6, 6.669, Columnists 
7, 4.328, Good for You 
5, 4.707, GOAL (Article)= Hearty 
1, 2.367, Home 
3, 2.674, Opinion 
4, 2.925, Letters to the Editor 
3, 2.9, GOAL (Article)= Noted photographer 
1, 2.325, Home 
9, 12.723, Politics 
15, 9.493, Legislature 
2, 11.65, GOAL (Article)= Day 2: Legislature starts slowly 
4, 4.127, Home 
8, 4.751, Opinion 
11, 5.547, Letters to the Editor 
6, 6.974, GOAL (Article)= Before there was art 
4, 4.345, Home 
4, 1.179, Opinion 
14, 5.199, Letters to the Editor 
10, 11.847, GOAL (Article)= Life 
7, 5.899, Home 
5, 3.424, Opinion 
6, 4.025, Columnists 
0, 2.774, Steve Ford 
. . . 

Figure 7.20  Actual results file (GOMS preparation). Sample from 27_1_goms.txt 
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These files show the results of running “TraversalTo” methods for each participant and each phase.  

The methods are generated based on the actual selections made by the user, as found in the previously 

mentioned file.   Each method has the estimated time given by the GOMS model.  The actual time 

taken is also shown, as well as the average for all methods in the given phase. 

 

COMBINED RESULTS FOR ALL METHODS: 
======================================================================= 
7.045 seconds  =  Average GOMS estimate (no system response delay)  
13.902 seconds  =  Average GOMS estimate (with system response delay) 
15.536 seconds  =  Average actual time for user to complete method goal 
 
METHODS: 
======================================================================= 
Method for TraversalTo Article: "Hard ball" 
-------------------------------------------- 
Step. Accomplish goal: Select Home. 
Step. Accomplish goal: Select Opinion Home. 
Step. Accomplish goal: Select Article "Hard ball" 
Step. Return with goal accomplished. 
 
8.66 seconds  =  GOMS Time Estimate (no system response delay) 
14.66 seconds  =  GOMS Time Estimate (with system response delay) 
23.172 seconds  =  Actual Time 
 
Method for TraversalTo Article: "Many options" 
-------------------------------------------- 
Step. Accomplish goal: Select Home. 
Step. Accomplish goal: Select Legislature. 
Step. Accomplish goal: Select Article "Many options" 
Step. Return with goal accomplished. 
 
7.615 seconds  =  GOMS Time Estimate (no system response delay) 
13.615 seconds  =  GOMS Time Estimate (with system response delay) 
18.222 seconds  =  Actual Time 
 
Method for TraversalTo Article: "Careful with lottery funds" 
-------------------------------------------- 
Step. Accomplish goal: Select Home. 
Step. Accomplish goal: Select Legislature. 
Step. Accomplish goal: Select Article "Careful with lottery funds" 
Step. Return with goal accomplished. 
 
6.075 seconds  =  GOMS Time Estimate (no system response delay) 
12.075 seconds  =  GOMS Time Estimate (with system response delay) 
9.623 seconds  =  Actual Time 

Figure 7.21  Final GOMS Results. Sample from file: 27_3_gomsResults.txt 
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This file averages out all the GOMS estimates for every user, including per-method averages and entire 

phase averages. 

 

 
PHASE 1: Static Menu 
======================================================================= 
Per-method averages 
--------------------------------------------- 
Average method GOMS estimate (no delays):  11.54 seconds 
Average method GOMS estimate (w/ delays):  20.72 seconds  
Average method measured time (actual)   :  27.04 seconds  
 
Entire phase average  
--------------------------------------------- 
Average phase 1 GOMS estimate (no delays):  173.04 seconds 
Average phase 1 GOMS estimate (w/ delays):  310.87 seconds  
Average phase 1 measured time (actual)   :  405.62 seconds  
 
 
PHASE 2: Expanded menu 
======================================================================= 
Per-method averages 
--------------------------------------------- 
Average method GOMS estimate (no delays):  10.05 seconds 
Average method GOMS estimate (w/ delays):  17.34 seconds  
Average method measured time (actual)   :  21.29 seconds  
 
Entire phase average  
--------------------------------------------- 
Average phase 2 GOMS estimate (no delays):  150.82 seconds 
Average phase 2 GOMS estimate (w/ delays):  260.03 seconds  
Average phase 2 measured time (actual)   :  319.33 seconds  
 
 
PHASE 3: Expanded and Reordered Menu 
======================================================================= 
Per-method averages 
--------------------------------------------- 
Average method GOMS estimate (no delays):  9.47 seconds 
Average method GOMS estimate (w/ delays):  16.94 seconds  
Average method measured time (actual)   :  19.73 seconds  
 
Entire phase average  
--------------------------------------------- 
Average phase 3 GOMS estimate (no delays):  142.04 seconds 
Average phase 3 GOMS estimate (w/ delays):  254.13 seconds  
Average phase 3 measured time (actual)   :  295.89 seconds 
 

Figure 7.22  Menu condition analysis results.  
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This data is used to analyze how accurate GOMS estimates are compared to actual time.  Each entry is 

a “TraversalTo Article” method with GOMS estimations and actual times recorded. The format is as 

follows:  <Participant>, <Condition>, <Actual time>, <GOMS time (no delay)>, <GOMS time (with 

system delay)>. 

 

 
7, 1, 42.508, 13.435, 21.435 
7, 1, 24.974, 9.86, 17.86 
7, 1, 29.944, 13.92, 23.92 
7, 1, 20.972, 10.135, 18.135 
7, 1, 24.745, 12.93, 22.93 
7, 1, 25.021, 11.125, 19.125 
7, 1, 43.343, 11.51, 19.51 
7, 1, 24.546, 9.96, 19.96 
7, 1, 28.121, 15.955, 25.955 
7, 1, 22.072, 8.485, 16.485 
7, 1, 23.619, 10.465, 18.465 
7, 1, 20.321, 6.45, 14.45 
7, 1, 33.346, 13.16, 21.16 
7, 1, 29.356, 11.455, 19.455 
7, 1, 20.234, 11.455, 19.455 
7, 2, 98.194, 7.32, 17.32 
7, 2, 26.695, 9.375, 15.375 
7, 2, 21.296, 10.135, 18.135 
7, 2, 23.24, 11.51, 19.51 
7, 2, 16.959, 8.385, 14.385 
7, 2, 30.643, 13.335, 19.335 
7, 2, 30.537, 7.825, 15.825 
7, 2, 25.047, 7.395, 13.395 
7, 2, 31.691, 12.83, 20.83 
7, 2, 20.976, 10.795, 18.795 
7, 2, 69.085, 17.45, 25.45 
7, 2, 20.573, 9.53, 17.53 
7, 2, 78.895, 13.49, 21.49 
7, 2, 21.934, 8.815, 16.815 
7, 2, 22.274, 12.83, 20.83 
7, 3, 22.399, 7.34, 13.34 
7, 3, 13.798, 7.67, 13.67 
. . . 

Figure 7.23  Per-method GOMS estimates with actual times. Sample from GOMS_output.txt 
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7.5 Appendix E: Participant Comments 

“In regards to question 2, the benefit that both the expanded and expanded, reordered menus provided 

were very close to each other, however, the expanded, reordered menu was slightly better." 

 

“It was easier to see what I wanted in the expanded menus and I felt more certain I was getting to my 

final destination because I could tell I was in the correct category. It helped that the 

subcategories are in a different color along with being indented." 

 

“Expanded reordered was best." 

 

“the level of use and personalization were extremely nice features in the expanded re-ordered menu." 

 

“No problem with menus, however, a little problem with the buttons." 

 

“I liked the expanded except when my favorites were not there -- then I had to click just to enter a 

menu. Otherwise, the expanded put me in the category right where I needed to be." 

 

“The expanded menus made it easier to find relevant articles quicker for me. However, the non-

reordered one sometimes had items at the bottom that the re-ordered one had at the top. It 

seemed much easier to find articles quicker with the re-ordered one." 

 

“I felt the menus were easy to use. I would use them again." 

 

“The Expanded menu and Expended Reordered Menu is very similar but I seem to make more mistake 

the required me to go back more on the reordered one. The static one seems all right to me, it 

does not slow me down much and I think a naive users probably prefer it." 
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“Couldn’t really tell a difference between plain expanded and reordered menus. At one point in the 

expanded menu test, the top level item I needed was at the bottom of the screen, so I couldn’t 

tell whether there were any sub-items listed below it without scrolling down past it." 

 

“I liked the reordered menu, but the expanded part of it made it harder. By expanding the menu it 

became longer, and I had to scroll down to reach all of the options. Sometimes I would scroll 

too far if I could not tell if the option I wanted was in the expanded spot or not. Reordering 

the menu saved me some time, but the expansion caused some confusion." 

 

“I like following the same path all the time as opposed to having to follow different paths for different 

content types. However, I also like having my preferred topics presented first." 

 

“My thumb got tired..........." 

 

“My thumb would accidentally hit more than one button at a time. It caused me to go to the wrong link 

a lot." 

 

“I liked the Expanded and Recorded Menu the best, however I would prefer the article titles to be in 

alphabetical past the ones I most frequently visit." 
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“The Expanded, Reordered menu was very easy to use. A couple things to consider are as follows:  

* The keypad layout of the test phone is not ideal due to the close proximity of the back 

button to the down arrow button.  

* Another issue related to the keypad and navigation of the menu is that users are accustomed 

to the keypad layout of the cell phone they use on a regular basis and are also accustomed to 

the look/feel of the menus in whichever flavor of cell phone they use on a daily basis.  

* Using the three menus back to back tends to fatigue the hand muscles if the user is trying to 

complete all lists as fast as possible. By the end of the Expanded menu, my wrist and forearm 

were a little sore, making the last test even more of a challenge.  

* Visual fatigue is another issue. The text is small and has low contrast due to the green font 

color. After the first run through the menu, scanning the menu looking for a particular article 

became more difficult." 

 

“Though the menus, expansion and reordering helped, perhaps added button functionalities, like page 

down, page up, or push number "n" for "new" etc would help the search process (as suppose 

to one click up and down button). Perhaps also option to customize the expanded menu. News 

"searches" were performed more often then other searches, so perhaps a more expanded 

version of it. Also perhaps order news so that it’s at the beginning." 

 

“Sometimes it seemed the expanded reordered was no different than the expanded. The expanded 

reordered felt easier." 
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7.6 Appendix F: SAS Report  
 
The following pages are report output from all statistical tests run using SAS 9.1.3.  The headings explain what 

tests were run, and what the purposes of those tests were. 

 



Summary Statistics for Duration by Condition 

 

Variable:  Duration 

Condition =            1 

 

 73

Moments 

N 30 Sum Weights 30

Mean 393.270434 Sum Observations 11798.113

Std Deviation 161.860643 Variance 26198.8677

Skewness 2.11200772 Kurtosis 5.4157858

Uncorrected SS 5399616.2 Corrected SS 759767.162

Coeff Variation 41.1575925 Std Error Mean 29.5515751
 
 

Basic Statistical Measures 

Location Variability 

Mean 393.2704 Std Deviation 161.86064

Median 346.5550 Variance 26199

Mode . Range 752.68472

  Interquartile Range 142.13506
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 976.062 

99% 976.062 

95% 744.603 

90% 577.442 

75% Q3 443.286 

50% Median 346.555 

25% Q1 301.151 

10% 239.259 

5% 223.398 

1% 223.377 

0% Min 223.377 



Summary Statistics for Duration by Condition 

 

Variable:  Duration 

Condition =            2 
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Moments 

N 30 Sum Weights 30

Mean 343.910576 Sum Observations 10317.3173

Std Deviation 131.821959 Variance 17377.0288

Skewness 1.77515709 Kurtosis 3.50679661

Uncorrected SS 4052168.36 Corrected SS 503933.834

Coeff Variation 38.3303009 Std Error Mean 24.0672868
 
 

Basic Statistical Measures 

Location Variability 

Mean 343.9106 Std Deviation 131.82196

Median 303.1426 Variance 17377

Mode . Range 582.94984

  Interquartile Range 111.52835
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 775.915 

99% 775.915 

95% 657.020 

90% 520.221 

75% Q3 376.355 

50% Median 303.143 

25% Q1 264.826 

10% 224.179 

5% 198.082 

1% 192.965 

0% Min 192.965 



Summary Statistics for Duration by Condition 

 

Variable:  Duration 

Condition =            3 
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Moments 

N 30 Sum Weights 30

Mean 287.709838 Sum Observations 8631.29514

Std Deviation 96.7628527 Variance 9363.04967

Skewness 2.09444574 Kurtosis 5.77446085

Uncorrected SS 2754836.97 Corrected SS 271528.44

Coeff Variation 33.6320973 Std Error Mean 17.6663991
 
 

Basic Statistical Measures 

Location Variability 

Mean 287.7098 Std Deviation 96.76285

Median 274.6487 Variance 9363

Mode . Range 462.81043

  Interquartile Range 83.92100
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 639.947 

99% 639.947 

95% 515.868 

90% 379.965 

75% Q3 313.242 

50% Median 274.649 

25% Q1 229.321 

10% 195.534 

5% 178.071 

1% 177.137 

0% Min 177.137 



Boxplots for Duration by Condition 

 

Dependent Variable: Duration 
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Testing the effect of Condition on Duration. 

Checking to see if condition has a significant effect on duration. 

 

Dependent Variable: Duration 
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Class Level Information 

Class Levels Values 

Condition 3 1 2 3 
 
 
Number of Observations Read 90

Number of Observations Used 90
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 2 167379.581 83689.790 4.74 0.0111

Error 87 1535229.437 17646.315

Corrected Total 89 1702609.017
 
 

R-Square Coeff Var Root MSE Duration Mean

0.098308 38.88398 132.8394 341.6303
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 2 167379.5806 83689.7903 4.74 0.0111
 
 

 



Testing the effect of Condition on Duration. 

Checking to see if condition has a significant effect on duration 

while in the presence of co-variates on interest. 

 

Dependent Variable: Duration 
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Class Level Information 

Class Levels Values 

Condition 3 1 2 3 

Gender 2 F M 

Handed 2 A R 

CellUsage 3 Finger Thumb Thumb2 
 
 
Number of Observations Read 90

Number of Observations Used 90
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 7 807145.775 115306.539 10.56 <.0001

Error 82 895463.242 10920.283

Corrected Total 89 1702609.017
 
 

R-Square Coeff Var Root MSE Duration Mean

0.474064 30.58867 104.5002 341.6303
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 2 167379.5806 83689.7903 7.66 0.0009

Age 1 484625.5648 484625.5648 44.38 <.0001

Gender 1 7488.0932 7488.0932 0.69 0.4100

Handed 1 59555.5898 59555.5898 5.45 0.0220

CellUsage 2 23274.0620 11637.0310 1.07 0.3492



Testing the effect of Condition on Duration. 

Checking to see if condition has a significant effect on duration 

while in the presence of user evaluation questions as co-variates. 

 

Dependent Variable: Duration 
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Class Level Information 

Class Levels Values 

Condition 2 2 3 

Ease_Use 5 3 4 5 6 7 

Easier_Static 4 2 3 4 5 

Likely 3 3 4 5 
 
 
Number of Observations Read 90

Number of Observations Used 60
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 10 139020.9039 13902.0904 1.00 0.4597

Error 49 683819.2145 13955.4942

Corrected Total 59 822840.1184
 
 

R-Square Coeff Var Root MSE Duration Mean

0.168953 37.40645 118.1334 315.8102
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 1 53476.73540 53476.73540 3.83 0.0560

Ease_Use 4 69225.62600 17306.40650 1.24 0.3063

Easier_Static 3 9967.76619 3322.58873 0.24 0.8694

Likely 2 30002.67730 15001.33865 1.07 0.3492



Testing the effect of Condition on Duration. 

Checking to see if condition has a significant effect on duration 

while in the presence of co-variates on interest. 

and in the presence of user evaluation questions as additional co-variates. 

 

Dependent Variable: Duration 
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Class Level Information 

Class Levels Values 

Condition 2 2 3 

Gender 2 F M 

Handed 2 A R 

CellUsage 3 Finger Thumb Thumb2 

Ease_Use 5 3 4 5 6 7 

Easier_Static 4 2 3 4 5 

Likely 3 3 4 5 
 
 
Number of Observations Read 90

Number of Observations Used 60
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 15 467395.5478 31159.7032 3.86 0.0002

Error 44 355444.5706 8078.2857

Corrected Total 59 822840.1184
 
 

R-Square Coeff Var Root MSE Duration Mean

0.568027 28.45990 89.87928 315.8102
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 1 40474.0163 40474.0163 5.01 0.0303

Age 1 190288.7721 190288.7721 23.56 <.0001

Gender 1 17827.4267 17827.4267 2.21 0.1445

Handed 1 29869.2077 29869.2077 3.70 0.0610



Testing the effect of Condition on Duration. 

Checking to see if condition has a significant effect on duration 

while in the presence of co-variates on interest. 

and in the presence of user evaluation questions as additional co-variates. 

 

Dependent Variable: Duration 
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Source DF Type III SS Mean Square F Value Pr > F

CellUsage 2 17952.1088 8976.0544 1.11 0.3382

Ease_Use 4 30290.0265 7572.5066 0.94 0.4512

Easier_Static 3 24947.0071 8315.6690 1.03 0.3889

Likely 2 57174.9115 28587.4557 3.54 0.0376



Testing the effect of Condition on Duration. 

Checking to see if condition has a significant effect on Duration 

Best fit model 

 

Dependent Variable: Duration 
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Class Level Information 

Class Levels Values 

Condition 3 1 2 3 

Handed 2 A R 
 
 
Number of Observations Read 90

Number of Observations Used 90
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 4 778470.008 194617.502 17.90 <.0001

Error 85 924139.009 10872.224

Corrected Total 89 1702609.017
 
 

R-Square Coeff Var Root MSE Duration Mean

0.457222 30.52129 104.2700 341.6303
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 2 167379.5806 83689.7903 7.70 0.0008

Age 1 588627.3918 588627.3918 54.14 <.0001

Handed 1 63304.1750 63304.1750 5.82 0.0180



Model: MODEL1 

Dependent Variable: Duration 

 

Condition=1 
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Model: MODEL1 

Dependent Variable: Duration 

 

Condition=2 
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Model: MODEL1 

Dependent Variable: Duration 

 

Condition=3 
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Summary Statistics for Button Presses by Condition 

 

Variable:  Button_presses 

Condition =            1 
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Moments 

N 30 Sum Weights 30

Mean 447.666667 Sum Observations 13430

Std Deviation 84.85173 Variance 7199.81609

Skewness -0.2903684 Kurtosis 1.29692444

Uncorrected SS 6220958 Corrected SS 208794.667

Coeff Variation 18.9542212 Std Error Mean 15.4917355
 
 

Basic Statistical Measures 

Location Variability 

Mean 447.6667 Std Deviation 84.85173

Median 446.5000 Variance 7200

Mode . Range 437.00000

  Interquartile Range 103.00000
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 654.0 

99% 654.0 

95% 572.0 

90% 535.0 

75% Q3 500.0 

50% Median 446.5 

25% Q1 397.0 

10% 339.0 

5% 325.0 

1% 217.0 

0% Min 217.0 



Summary Statistics for Button Presses by Condition 

 

Variable:  Button_presses 

Condition =            2 
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Moments 

N 30 Sum Weights 30

Mean 426.466667 Sum Observations 12794

Std Deviation 111.741615 Variance 12486.1885

Skewness 0.4235653 Kurtosis 1.89120311

Uncorrected SS 5818314 Corrected SS 362099.467

Coeff Variation 26.2017231 Std Error Mean 20.4011344
 
 

Basic Statistical Measures 

Location Variability 

Mean 426.4667 Std Deviation 111.74161

Median 424.0000 Variance 12486

Mode 309.0000 Range 592.00000

  Interquartile Range 116.00000
 
 
Note: The mode displayed is the smallest of 2 modes with a count of 2. 

 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 739 

99% 739 

95% 630 

90% 564 

75% Q3 480 

50% Median 424 

25% Q1 364 

10% 309 

5% 282 



Summary Statistics for Button Presses by Condition 

 

Variable:  Button_presses 

Condition =            2 
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Quantiles (Definition 5) 

Quantile Estimate 

1% 147 

0% Min 147 



Summary Statistics for Button Presses by Condition 

 

Variable:  Button_presses 

Condition =            3 
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Moments 

N 30 Sum Weights 30

Mean 360.766667 Sum Observations 10823

Std Deviation 85.4358736 Variance 7299.28851

Skewness -0.251112 Kurtosis 0.17023263

Uncorrected SS 4116257 Corrected SS 211679.367

Coeff Variation 23.6817538 Std Error Mean 15.5983851
 
 

Basic Statistical Measures 

Location Variability 

Mean 360.7667 Std Deviation 85.43587

Median 342.5000 Variance 7299

Mode 337.0000 Range 384.00000

  Interquartile Range 122.00000
 
 
Note: The mode displayed is the smallest of 2 modes with a count of 2. 
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 525.0 

99% 525.0 

95% 502.0 

90% 464.0 

75% Q3 426.0 

50% Median 342.5 

25% Q1 304.0 

10% 258.0 

5% 241.0 



Summary Statistics for Button Presses by Condition 

 

Variable:  Button_presses 

Condition =            3 
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Quantiles (Definition 5) 

Quantile Estimate 

1% 141.0 

0% Min 141.0 



Boxplots for Button_presses by Condition 

 

Dependent Variable: Button_presses 
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Testing the effect of Condition on Button_presses. 

Checking to see if condition has a significant effect on Button_presses. 

 

Dependent Variable: Button_presses 
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Class Level Information 

Class Levels Values 

Condition 3 1 2 3 
 
 
Number of Observations Read 90

Number of Observations Used 90
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 2 123175.4000 61587.7000 6.85 0.0017

Error 87 782573.5000 8995.0977

Corrected Total 89 905748.9000
 
 

R-Square Coeff Var Root MSE Button_presses Mean

0.135993 23.04053 94.84249 411.6333
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 2 123175.4000 61587.7000 6.85 0.0017



Testing the effect of Condition on Button_presses. 

Checking to see if condition has a significant effect on Button_presses 

while in the presence of co-variates on interest. 

 

Dependent Variable: Button_presses 
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Class Level Information 

Class Levels Values 

Condition 3 1 2 3 

Gender 2 F M 

Handed 2 A R 

CellUsage 3 Finger Thumb Thumb2 
 
 
Number of Observations Read 90

Number of Observations Used 90
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 7 266165.1745 38023.5964 4.87 0.0001

Error 82 639583.7255 7799.8015

Corrected Total 89 905748.9000
 
 

R-Square Coeff Var Root MSE Button_presses Mean

0.293862 21.45513 88.31649 411.6333
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 2 123175.4000 61587.7000 7.90 0.0007

Age 1 104201.1452 104201.1452 13.36 0.0005

Gender 1 743.6596 743.6596 0.10 0.7583

Handed 1 19602.6805 19602.6805 2.51 0.1167

CellUsage 2 5027.2256 2513.6128 0.32 0.7254



Testing the effect of Condition on Button_presses. 

Checking to see if condition has a significant effect on Button_presses 

while in the presence of user evaluation questions as co-variates. 

 

Dependent Variable: Button_presses 
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Class Level Information 

Class Levels Values 

Condition 2 2 3 

Ease_Use 5 3 4 5 6 7 

Easier_Static 4 2 3 4 5 

Likely 3 3 4 5 
 
 
Number of Observations Read 90

Number of Observations Used 60
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 10 163597.4195 16359.7419 1.69 0.1105

Error 49 474928.7639 9692.4238

Corrected Total 59 638526.1833
 
 

R-Square Coeff Var Root MSE Button_presses Mean

0.256211 25.01167 98.45011 393.6167
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 1 62755.39694 62755.39694 6.47 0.0141

Ease_Use 4 55944.86047 13986.21512 1.44 0.2340

Easier_Static 3 52978.03742 17659.34581 1.82 0.1554

Likely 2 12530.14231 6265.07116 0.65 0.5283



Testing the effect of Condition on Button_presses. 

Checking to see if condition has a significant effect on Button_presses 

while in the presence of co-variates on interest 

and in the presence of user evaluation questions as additional co-variates. 

Dependent Variable: Button_presses 
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Class Level Information 

Class Levels Values 

Condition 2 2 3 

Gender 2 F M 

Handed 2 A R 

CellUsage 3 Finger Thumb Thumb2 

Ease_Use 5 3 4 5 6 7 

Easier_Static 4 2 3 4 5 

Likely 3 3 4 5 
 
 
Number of Observations Read 90

Number of Observations Used 60
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 15 281230.0802 18748.6720 2.31 0.0159

Error 44 357296.1031 8120.3660

Corrected Total 59 638526.1833
 
 

R-Square Coeff Var Root MSE Button_presses Mean

0.440436 22.89361 90.11307 393.6167
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 1 55365.47491 55365.47491 6.82 0.0123

Age 1 64615.99887 64615.99887 7.96 0.0072

Gender 1 5664.75863 5664.75863 0.70 0.4081

Handed 1 10474.69877 10474.69877 1.29 0.2622

CellUsage 2 6347.93287 3173.96644 0.39 0.6788

Ease_Use 4 40269.25234 10067.31309 1.24 0.3080



Testing the effect of Condition on Button_presses. 

Checking to see if condition has a significant effect on Button_presses 

while in the presence of co-variates on interest 

and in the presence of user evaluation questions as additional co-variates. 

Dependent Variable: Button_presses 
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Source DF Type III SS Mean Square F Value Pr > F

Easier_Static 3 37860.16730 12620.05577 1.55 0.2140

Likely 2 9417.34095 4708.67048 0.58 0.5642



Testing the effect of Condition on Button_presses. 

Checking to see if condition has a significant effect on Button_presses 

Best fit model 

 

Dependent Variable: Button_presses 
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Class Level Information 

Class Levels Values 

Condition 3 1 2 3 
 
 
Number of Observations Read 90

Number of Observations Used 90
 
 
Source DF Sum of Squares Mean Square F Value Pr > F

Model 3 239254.3807 79751.4602 10.29 <.0001

Error 86 666494.5193 7749.9363

Corrected Total 89 905748.9000
 
 

R-Square Coeff Var Root MSE Button_presses Mean

0.264151 21.38644 88.03372 411.6333
 
 
Source DF Type III SS Mean Square F Value Pr > F

Condition 2 123175.4000 61587.7000 7.95 0.0007

Age 1 116078.9807 116078.9807 14.98 0.0002



Model: MODEL1 

Dependent Variable: Duration 

 

Condition=1 
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Model: MODEL1 

Dependent Variable: Duration 

 

Condition=2 
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Summary Statistics for Actual time by Condition 

 

Variable:  Actual_time 

Condition =            1 

 

 

             100 
 
 
 
  
 

 



Summary Statistics for Actual time by Condition 

 

Variable:  Actual_time 

Condition =            1 
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Moments 

N 343 Sum Weights 343

Mean 27.1988601 Sum Observations 9329.209

Std Deviation 17.0160735 Variance 289.546759

Skewness 3.14375695 Kurtosis 13.8657633

Uncorrected SS 352768.842 Corrected SS 99024.9915

Coeff Variation 62.5617158 Std Error Mean 0.91878161
 
 

Basic Statistical Measures 

Location Variability 

Mean 27.19886 Std Deviation 17.01607

Median 22.36500 Variance 289.54676

Mode 18.45000 Range 143.44400

  Interquartile Range 12.36800
 
 
Note: The mode displayed is the smallest of 6 modes with a count of 2. 
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 149.220 

99% 102.930 

95% 54.788 

90% 43.343 

75% Q3 30.415 

50% Median 22.365 

25% Q1 18.047 

10% 14.322 

5% 12.522 



Summary Statistics for Actual time by Condition 

 

Variable:  Actual_time 

Condition =            1 
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Quantiles (Definition 5) 

Quantile Estimate 

1% 9.125 

0% Min 5.776 



Summary Statistics for Actual time by Condition 

 

Variable:  Actual_time 

Condition =            2 
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Moments 

N 325 Sum Weights 325

Mean 22.5983877 Sum Observations 7344.476

Std Deviation 12.5772583 Variance 158.187425

Skewness 2.74061848 Kurtosis 10.4886789

Uncorrected SS 217226.042 Corrected SS 51252.7257

Coeff Variation 55.6555557 Std Error Mean 0.69766076
 
 

Basic Statistical Measures 

Location Variability 

Mean 22.59839 Std Deviation 12.57726

Median 19.29400 Variance 158.18743

Mode 17.07300 Range 92.34500

  Interquartile Range 10.42400
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 98.194 

99% 77.370 

95% 45.147 

90% 33.892 

75% Q3 25.896 

50% Median 19.294 

25% Q1 15.472 

10% 12.102 

5% 10.547 

1% 7.898 

0% Min 5.849 



Summary Statistics for Actual time by Condition 

 

Variable:  Actual_time 

Condition =            3 
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Moments 

N 338 Sum Weights 338

Mean 20.1346006 Sum Observations 6805.495

Std Deviation 10.1819366 Variance 103.671833

Skewness 2.54917646 Kurtosis 10.4703094

Uncorrected SS 171963.332 Corrected SS 34937.4079

Coeff Variation 50.5693499 Std Error Mean 0.55382434
 
 

Basic Statistical Measures 

Location Variability 

Mean 20.13460 Std Deviation 10.18194

Median 17.85850 Variance 103.67183

Mode 10.87300 Range 83.44200

  Interquartile Range 9.15000
 
 
Note: The mode displayed is the smallest of 9 modes with a count of 2. 
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 89.4380 

99% 59.1950 

95% 39.3940 

90% 30.9660 

75% Q3 23.2730 

50% Median 17.8585 

25% Q1 14.1230 

10% 10.8730 

5% 9.0490 



Summary Statistics for Actual time by Condition 

 

Variable:  Actual_time 

Condition =            3 
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Quantiles (Definition 5) 

Quantile Estimate 

1% 7.0490 

0% Min 5.9960 



Summary Statistics for GOMS no delay by Condition 

 

Variable:  GOMS_time_no_delay 

Condition =            1 

 

 

             106 
 
 
 
  
 

Moments 

N 343 Sum Weights 343

Mean 11.6035277 Sum Observations 3980.01

Std Deviation 4.46603854 Variance 19.9455002

Skewness 1.72573075 Kurtosis 6.35115677

Uncorrected SS 53003.5173 Corrected SS 6821.36108

Coeff Variation 38.4886274 Std Error Mean 0.24114341
 
 

Basic Statistical Measures 

Location Variability 

Mean 11.60353 Std Deviation 4.46604

Median 11.28000 Variance 19.94550

Mode 11.45500 Range 35.62500

  Interquartile Range 5.16000
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 38.820 

99% 27.680 

95% 18.245 

90% 15.955 

75% Q3 13.645 

50% Median 11.280 

25% Q1 8.485 

10% 6.835 

5% 5.845 

1% 4.470 

0% Min 3.195 



Summary Statistics for GOMS no delay by Condition 

 

Variable:  GOMS_time_no_delay 

Condition =            2 
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Moments 

N 325 Sum Weights 325

Mean 10.6731538 Sum Observations 3468.775

Std Deviation 4.32140761 Variance 18.6745637

Skewness 1.12727065 Kurtosis 2.77150801

Uncorrected SS 43073.3279 Corrected SS 6050.55864

Coeff Variation 40.4885723 Std Error Mean 0.23970856
 
 

Basic Statistical Measures 

Location Variability 

Mean 10.67315 Std Deviation 4.32141

Median 10.08000 Variance 18.67456

Mode 12.83000 Range 28.34000

  Interquartile Range 5.49000
 
 
Note: The mode displayed is the smallest of 2 modes with a count of 7. 
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 30.145 

99% 26.540 

95% 17.220 

90% 15.800 

75% Q3 13.160 

50% Median 10.080 

25% Q1 7.670 

10% 5.745 

5% 4.755 



Summary Statistics for GOMS no delay by Condition 

 

Variable:  GOMS_time_no_delay 

Condition =            2 
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Quantiles (Definition 5) 

Quantile Estimate 

1% 3.325 

0% Min 1.805 



Summary Statistics for GOMS no delay by Condition 

 

Variable:  GOMS_time_no_delay 

Condition =            3 
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Moments 

N 338 Sum Weights 338

Mean 9.6656213 Sum Observations 3266.98

Std Deviation 4.01695048 Variance 16.1358912

Skewness 1.55854488 Kurtosis 6.88837459

Uncorrected SS 37015.1868 Corrected SS 5437.79532

Coeff Variation 41.5591544 Std Error Mean 0.2184933
 
 

Basic Statistical Measures 

Location Variability 

Mean 9.665621 Std Deviation 4.01695

Median 9.172500 Variance 16.13589

Mode 8.155000 Range 35.56000

  Interquartile Range 4.44500
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 37.3650 

99% 23.1600 

95% 16.9450 

90% 14.4250 

75% Q3 11.4550 

50% Median 9.1725 

25% Q1 7.0100 

10% 5.0300 

5% 4.1950 

1% 2.7200 

0% Min 1.8050 



Summary Statistics for GOMS with system delay by Condition 

 

Variable:  GOMS_time_delay 

Condition =            1 
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Moments 

N 343 Sum Weights 343

Mean 20.8455102 Sum Observations 7150.01

Std Deviation 6.40697512 Variance 41.0493302

Skewness 2.41474858 Kurtosis 11.3341524

Uncorrected SS 163084.477 Corrected SS 14038.8709

Coeff Variation 30.735516 Std Error Mean 0.34594414
 
 

Basic Statistical Measures 

Location Variability 

Mean 20.84551 Std Deviation 6.40698

Median 20.01500 Variance 41.04933

Mode 19.45500 Range 56.70500

  Interquartile Range 6.44500
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 62.820 

99% 47.775 

95% 31.200 

90% 26.130 

75% Q3 23.260 

50% Median 20.015 

25% Q1 16.815 

10% 14.890 

5% 13.845 

1% 9.085 

0% Min 6.115 



Summary Statistics for GOMS with system delay by Condition 

 

Variable:  GOMS_time_delay 

Condition =            2 
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Moments 

N 325 Sum Weights 325

Mean 18.4023846 Sum Observations 5980.775

Std Deviation 5.61755571 Variance 31.5569322

Skewness 1.07270245 Kurtosis 2.7235021

Uncorrected SS 120284.968 Corrected SS 10224.446

Coeff Variation 30.5262379 Std Error Mean 0.31160593
 
 

Basic Statistical Measures 

Location Variability 

Mean 18.40238 Std Deviation 5.61756

Median 18.13500 Variance 31.55693

Mode 20.83000 Range 38.73500

  Interquartile Range 7.16000
 
 
Note: The mode displayed is the smallest of 2 modes with a count of 7. 
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 42.540 

99% 40.145 

95% 26.615 

90% 24.790 

75% Q3 21.490 

50% Median 18.135 

25% Q1 14.330 

10% 12.350 

5% 11.030 



Summary Statistics for GOMS with system delay by Condition 

 

Variable:  GOMS_time_delay 

Condition =            2 
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Quantiles (Definition 5) 

Quantile Estimate 

1% 9.050 

0% Min 3.805 



Summary Statistics for GOMS with system delay by Condition 

 

Variable:  GOMS_time_delay 

Condition =            3 
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Moments 

N 338 Sum Weights 338

Mean 17.2928402 Sum Observations 5844.98

Std Deviation 5.46090542 Variance 29.8214881

Skewness 1.59879531 Kurtosis 7.70046322

Uncorrected SS 111126.147 Corrected SS 10049.8415

Coeff Variation 31.5789966 Std Error Mean 0.2970341
 
 

Basic Statistical Measures 

Location Variability 

Mean 17.29284 Std Deviation 5.46091

Median 16.69500 Variance 29.82149

Mode 16.15500 Range 51.56000

  Interquartile Range 6.11500
 
 

Quantiles (Definition 5) 

Quantile Estimate 

100% Max 55.365 

99% 35.315 

95% 26.285 

90% 22.930 

75% Q3 19.840 

50% Median 16.695 

25% Q1 13.725 

10% 11.690 

5% 10.370 

1% 6.445 

0% Min 3.805 



Test of difference between actual time and GOMS no delay 

 

Condition=1 
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Statistics 

Difference N 

Lower C
L 

Mean Mean

Upper C
L

Mean

Lower C
L

Std De
v Std Dev

Upper C
L 

Std De
v Std Err 

Minimu
m

Maximu
m

Actual_time - 
GOMS_time_no_delay 

343 14.11 15.59 17.081 13.013 13.987 15.12 0.7552 1.661 110.4

 
 

T-Tests 

Difference DF t Value Pr > |t|

Actual_time - GOMS_time_no_delay 342 20.65 <.0001



Test of difference between actual time and GOMS no delay 

 

Condition=2 
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Statistics 

Difference N 

Lower C
L

Mean
Mea

n

Upper C
L

Mean

Lower C
L

Std Dev
Std De

v

Upper C
L 

Std Dev 
Std Er

r Min Max

Actual_time - 
GOMS_time_no_delay 

325 10.804 11.92
5

13.046 9.5374 10.271 11.128 0.5697 0.734 90.874

 
 

T-Tests 

Difference DF t Value Pr > |t|

Actual_time - GOMS_time_no_delay 324 20.93 <.0001



Test of difference between actual time and GOMS no delay 

 

Condition=3 
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Statistics 

Difference N 

Lower 
CL 

Mean Mean

Upper 
CL

Mean
Lower CL

Std Dev Std Dev

Upper C
L 

Std Dev Std Err Min Max

Actual_time - 
GOMS_time_no_delay 

338 9.6413 10.469 11.297 7.1933 7.7358 8.3675 0.4208 0.134 59.945

 
 

T-Tests 

Difference DF t Value Pr > |t|

Actual_time - GOMS_time_no_delay 337 24.88 <.0001



Test of difference between actual time and GOMS with delay 

 

Condition=1 

 

 

             117 
 
 
 
  
 

Statistics 

Difference N 

Lower 
CL 

Mean Mean

Upper 
CL

Mean
Lower CL

Std Dev Std Dev
Upper CL

Std Dev Std Err Min Max

Actual_time - 
GOMS_time_delay 

343 5.0081 6.3533 7.6986 11.785 12.667 13.693 0.6839 -7.988 86.4

 
 

T-Tests 

Difference DF t Value Pr > |t|

Actual_time - GOMS_time_delay 342 9.29 <.0001



Test of difference between actual time and GOMS with delay 

 

Condition=2 
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Statistics 

Difference N 

Lower 
CL 

Mean Mean

Upper 
CL

Mean
Lower CL

Std Dev Std Dev
Upper CL 

Std Dev Std Err Min Max

Actual_time - 
GOMS_time_delay 

325 3.1362 4.196 5.2558 9.0183 9.7119 10.522 0.5387 -7.266 80.874

 
 

T-Tests 

Difference DF t Value Pr > |t|

Actual_time - GOMS_time_delay 324 7.79 <.0001



Test of difference between actual time and GOMS with delay 

 

Condition=3 
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Statistics 

Difference N 

Lower 
CL 

Mean Mean

Upper 
CL

Mean
Lower CL

Std Dev Std Dev
Upper CL

Std Dev Std Err Min Max

Actual_time - 
GOMS_time_delay 

338 2.0782 2.8418 3.6053 6.6363 7.1368 7.7196 0.3882 -9.283 49.945

 
 

T-Tests 

Difference DF t Value Pr > |t|

Actual_time - GOMS_time_delay 337 7.32 <.0001



Boxplots for Time by Condition 

 

Dependent Variable: Actual_time 
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Boxplots for Time by Condition 

 

Dependent Variable: GOMS_time_no_delay 
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Boxplots for Time by Condition 

 

Dependent Variable: GOMS_time_delay 
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Graph of differences between actual and GOMS with no delay 

by condition 

 

Model: MODEL1 

Dependent Variable: diff1 
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Model: MODEL1 

Dependent Variable: Duration 

 

Condition=3 
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Correlation between duration and button presses 

 

Condition=1 
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2  Variables: Duration       Button_presses 
 
 

Simple Statistics 

Variable N Mean Std Dev Sum Minimum Maximum

Duration 30 393.27043 161.86064 11798 223.37714 976.06186

Button_presses 30 447.66667 84.85173 13430 217.00000 654.00000
 
 

Pearson Correlation Coefficients, N = 30 
Prob > |r| under H0: Rho=0 

 Duration Button_presses

Duration 1.00000 
 

0.67471
<.0001

Button_presses 0.67471 
<.0001 

1.00000

 
 



Correlation between duration and button presses 

 

Condition=2 

 

 

             126 
 
 
 
  
 

2  Variables: Duration       Button_presses 
 
 

Simple Statistics 

Variable N Mean Std Dev Sum Minimum Maximum

Duration 30 343.91058 131.82196 10317 192.96544 775.91528

Button_presses 30 426.46667 111.74161 12794 147.00000 739.00000
 
 

Pearson Correlation Coefficients, N = 30 
Prob > |r| under H0: Rho=0 

 Duration Button_presses

Duration 1.00000 
 

0.81320
<.0001

Button_presses 0.81320 
<.0001 

1.00000



Correlation between duration and button presses 

 

Condition=3 
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2  Variables: Duration       Button_presses 
 
 

Simple Statistics 

Variable N Mean Std Dev Sum Minimum Maximum

Duration 30 287.70984 96.76285 8631 177.13696 639.94739

Button_presses 30 360.76667 85.43587 10823 141.00000 525.00000
 
 

Pearson Correlation Coefficients, N = 30 
Prob > |r| under H0: Rho=0 

 Duration Button_presses

Duration 1.00000 
 

0.69034
<.0001

Button_presses 0.69034 
<.0001 

1.00000

 



The SAS System 

 

The FREQ Procedure 
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Table of Ease_Use by Condition 

Ease_Use Condition 

Frequency 
Percent 
Row Pct 
Col Pct 1 2 3 Total

1 1 
1.11 

100.00 
3.33 

0 
0.00 
0.00 
0.00 

0 
0.00 
0.00 
0.00 

1
1.11

2 1 
1.11 

100.00 
3.33 

0 
0.00 
0.00 
0.00 

0 
0.00 
0.00 
0.00 

1
1.11

3 4 
4.44 

80.00 
13.33 

0 
0.00 
0.00 
0.00 

1 
1.11 

20.00 
3.33 

5
5.56

4 5 
5.56 

55.56 
16.67 

3 
3.33 

33.33 
10.00 

1 
1.11 

11.11 
3.33 

9
10.00

5 8 
8.89 

50.00 
26.67 

5 
5.56 

31.25 
16.67 

3 
3.33 

18.75 
10.00 

16
17.78

6 6 
6.67 

21.43 
20.00 

13 
14.44 
46.43 
43.33 

9 
10.00 
32.14 
30.00 

28
31.11

7 5 
5.56 

16.67 
16.67 

9 
10.00 
30.00 
30.00 

16 
17.78 
53.33 
53.33 

30
33.33

Total 30 
33.33 

30 
33.33 

30 
33.33 

90
100.00

 



The SAS System 

 

The FREQ Procedure 
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Statistics for Table of Ease_Use by Condition 

 
Statistic DF Value Prob

Chi-Square 12 23.0845 0.0270

Likelihood Ratio Chi-Square 12 24.5483 0.0171

Mantel-Haenszel Chi-Square 1 16.4268 <.0001

Phi Coefficient 0.5065

Contingency Coefficient 0.4518

Cramer's V 0.3581

WARNING: 57% of the cells have expected counts less 
than 5. Chi-Square may not be a valid test. 

 
 

Fisher's Exact Test 

Table Probability (P) 1.245E-09 

Pr <= P 0.0155 
 

Sample Size = 90 
 
 



The SAS System 

 

The FREQ Procedure 
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Table of Easier_Static by Condition 

Easier_Static Condition 

Frequency 
Percent 
Row Pct 
Col Pct 1 2 3 Total

2 0 
0.00 
0.00 

. 

0 
0.00 
0.00 
0.00 

1 
1.67 

100.00 
3.33 

1
1.67

3 0 
0.00 
0.00 

. 

2 
3.33 

100.00 
6.67 

0 
0.00 
0.00 
0.00 

2
3.33

4 0 
0.00 
0.00 

. 

19 
31.67 
59.38 
63.33 

13 
21.67 
40.63 
43.33 

32
53.33

5 0 
0.00 
0.00 

. 

9 
15.00 
36.00 
30.00 

16 
26.67 
64.00 
53.33 

25
41.67

Total 0 
0.00 

30 
50.00 

30 
50.00 

60
100.00

Frequency Missing = 30 
 
 
 
 
 
 
 
 
 
 



The SAS System 

 

The FREQ Procedure 
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Statistics for Table of Easier_Static by Condition 
 
(Rows and Columns with Zero Totals Excluded) 
 
Statistic DF Value Prob

Chi-Square 3 6.0850 0.1075

Likelihood Ratio Chi-Square 3 7.2770 0.0636

Mantel-Haenszel Chi-Square 1 2.0374 0.1535

Phi Coefficient 0.3185

Contingency Coefficient 0.3034

Cramer's V 0.3185

WARNING: 50% of the cells have expected counts less 
than 5. Chi-Square may not be a valid test. 

 
 

Fisher's Exact Test 

Table Probability (P) 0.0060 

Pr <= P 0.0595 
 
Effective Sample Size = 60 
Frequency Missing = 30 
 
WARNING: 33% of the data are missing. 
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Table of Likely by Condition 

Likely Condition 

Frequency 
Percent 
Row Pct 
Col Pct 1 2 3 Total

1 2 
2.22 

100.00 
6.67 

0 
0.00 
0.00 
0.00 

0 
0.00 
0.00 
0.00 

2
2.22

2 4 
4.44 

100.00 
13.33 

0 
0.00 
0.00 
0.00 

0 
0.00 
0.00 
0.00 

4
4.44

3 13 
14.44 
56.52 
43.33 

6 
6.67 

26.09 
20.00 

4 
4.44 

17.39 
13.33 

23
25.56

4 9 
10.00 
24.32 
30.00 

17 
18.89 
45.95 
56.67 

11 
12.22 
29.73 
36.67 

37
41.11

5 2 
2.22 
8.33 
6.67 

7 
7.78 

29.17 
23.33 

15 
16.67 
62.50 
50.00 

24
26.67

Total 30 
33.33 

30 
33.33 

30 
33.33 

90
100.00
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Statistics for Table of Likely by Condition 

 
Statistic DF Value Prob

Chi-Square 8 31.3869 0.0001

Likelihood Ratio Chi-Square 8 32.9329 <.0001

Mantel-Haenszel Chi-Square 1 24.2966 <.0001

Phi Coefficient 0.5905

Contingency Coefficient 0.5085

Cramer's V 0.4176

WARNING: 40% of the cells have expected counts less 
than 5. Chi-Square may not be a valid test. 

 
 

Fisher's Exact Test 

Table Probability (P) 3.795E-10 

Pr <= P 1.133E-04 
 
Sample Size = 90 
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