


law model, a GOMS model,
and an ACT-R model. The
latter two models give good to "
very good predictions of user
behavior. In the second part
of the paper, we turn to the
issue  of designer-level -
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We make several contribu-

tions. a novel and timely Figurel. Kyocera2325.
study of a very common new

HCI task, new models for accurately predicting per-
formance, and a simple, theoretically motivated search
procedure that generates menu hierarchies that reduce
traversal time in simulation studies by athird.

A PERFORMANCE STUDY

Our interest is in expert (i.e., practiced and error-free) use
of cell phone menu systems. For control purposes, however,
it was not possible to collect data from experienced users
on their own cell phones, with al their potential differences
in hardware and software. As a compromise, we had users
practice a small number of tasks (so that all tasks could be
remembered easily) and then carry them out on asingle cell
phone. Though restrictive, these conditions give a reason-
able starting point for an empirical study.

We used a Kyocera 2325, as in Figure 1. The Kyocera
display shows three menu items at a time, except for the
first level, in which a single selectable item is shown. Each
new menu list is displayed with the top item highlighted.
The OK button selects the currently highlighted item. If the
item is not a terminal, the result is a new list of items. The
CLR button returns to the previous level in the hierarchy.
On the four-way scrolling button, UP and DOWN move
through the item list; except for the first menu, RIGHT and
LEFT areinactive. Downward scrolling isincremental, with
items appearing one at atime at the bottom of the screen.

Procedures

We recruited twelve experienced cell phone users for our
study, al male undergraduates in computer science, who
took part for course credit. All were right handed. All but
one used their right hand to hold the cell phone, and all
used their thumb to press keys.

Participants started with a practice stage, in which they
familiarized themselves with the cell phone and its menu
system. We gave each participant a paper form describing
how five target menu items were to be reached, as follows:

Menu > > > Settings > > Sounds > Ringer Volume
Menu > > > > Tools & Games > > Tip Calculator
Menu, Contacts, View All

Menu > > > > Tools & Games, Scheduler, View Day
Menu > > > > > > \Web Browser

Each > represents a scrolling action, with commas
separating consecutive selection actions. Reaching each of
the target items (those at the end of each sequence)
congtituted a task in the study. Participants practiced each
task until they could carry it out three times in a row
without error.

After the practice stage, we recorded the tone produced by
each key press as transmitted through the earphone jack of
the cell phone. Data collection was initiated by the first key
pressed by the participant. The onset of each key press is
detectable by a threshold test on the waveform, using soft-
ware we wrote for this purpose. Each tone lasts approxi-
mately 0.095 seconds, during which time the display
changes, before the key is released. System responses are
treated as occurring within elementary key press actions and
not contributing to the duration of user actions.

Each trial in the study required reaching one of the target
items from the practice stage without access to the paper
form. Tasks were presented to participants in a randomized
order. We obtained five correct trials per participant (i.e.,
without errors or extraneous actions), discarding fewer than
10 trials across al participants, less than 3% of the data.
This means that our cleaned dataset contains only OK and
DOWN key press actions, 2,280 observations in total
(2,280 = 12 users 5 repetitions (10 + 9+ 3 +8+ 8
actions per task)).

Table 1 shows the mean duration per task, over all
participants in the study. User performance is on the order
of five times dower than for single-level menu selection
with a mouse [3], which highlights the importance of
specialized models for this task, as we discuss below.

Models of user behavior

We predicted performance with three models, each
supported by a considerable background literature. The
models were developed independently of each other based
on a preliminary pilot test with a single user and a single
task. The models were also developed independently of the

Task N actions Duration
Ringer Volume 10 4.954 (1.077)
Tip Calculator 9 4,027 (0.921)
View All 3 1.271 (0.412)
View Day 8 4.393 (0.971)
Web Browser 8 3.391 (0.827)

Table 1. Task duration in seconds, with mean and
standard deviation shown (in parentheses).



actual study data, and none reflect adjustment of model
parametersto fit the data.

The first model is a Fitts law model. We use MacKenzie s
model of one finger typing for text-entry on mobile phones
[8], in which movement time (in ms) for thumb input is

MT =176 + 64IogZ(D/W +1), (Eg. D

where D represents the distance (amplitude) of the
movement and W the width of the target. The value for D in
our study was 14.5 mm, which separates the OK button and
the DOWN button area, with widths of 6 mm and 10 mm,
as measured on the physical device.

The second model is a GOMS model [6, 7]. GOMS
methods for task analysis produce hierarchical descriptions
of methods and operators needed to accomplish goals, some
GOMS models have been strikingly successful in critical
HCI domains[5]. In our model we define a method for each
task in the study. Each step within atask corresponds to the
selection of a menu item. Thus the Ringer Volume task
involves the steps of selecting the Menu, Settings, Sounds,
and Ringer Volume items, in sequence. Each of these steps
in turn decomposes into a Select-X task, which involves
scrolling until a givenitem X in the sequence is reached:

S1 Look at location for X.
S2 If (found-X and not on-OK-button),
move-to OK-button; select-item; goto S4.
If (found-X and on-OK-button),
select-item; goto S4.
If (not found-X and on-scroll-button), scroll.
If (not found-X and not on-scroll-button),
move-to scroll-button; scroll.
S3 Goto S2.
S4 Return with goal accomplished.

Following guidelines established by Kieras in his work on
GOMSL and GLEANS [7], al the steps above have a 50
millisecond duration except S2, whose duration is com-
puted from movements, following the Fitts law model
above, and button presses lasting 350 ms. Other models are
reasonable, both faster and slower, but we built our model
to be as fast as possible, given what we know about the do-
main. The model assumes negligible system response time,
that there are no verification steps, and that the information
on the display starts in focus and does not require re-
acquisition during scrolling activity.

The third model is based on the ACT-R 5.0 cognitive
architecture [1].} ACT-R integrates theories of cognition,
visual attention, and motor movement and has been the
basis for a number of models in HCI [10]. ACT-R models
simulate internal cognitive processing, such as changes of

! We picked ACT-R as a representative cognitive modeling
architecture and as a common choice in HCI work. All
models described in this section, plus the study data, are
at www4.ncsu.edu/~stamant/papersRSA-TEH-FER-chi04.

attention and memory retrievals, as well as external actions,
such as movement of the fingers, producing changes in the
state of the model and durations for the actions. Roughly
speaking, ACT-R models provide details that can explain
behavior in cognitive terms at alevel not addressed by more
abstract GOM S models[11].

In our ACT-R model, a smulated field of view is main-
tained that represents the current menu items in the hierar-
chy. This view changes depending on the selection and
scrolling actions taken by the model. Before running, the
model s memory is initialized with a set of chunks repre-
senting the hierarchical relationships between intermediate
and terminal menu items. This allows the model to deter-
mine whether a given menu item (e.g., Settings ) is on the
path to a target item (e.g., Ringer Volume ) by retrieving
this information from memory.

The moddl starts with the goal of selecting a specific target
menu item. The simulation environment shows a single
highlighted item, which the model searches for in its field
of view. Once found, the item is attended and then encoded,
so that its text representation becomes accessible. If the text
matches the goal item, then the model initiates motor
actions to press the OK key. If the text does not match,
memory is searched to determine whether the highlighted
text is on the path to the target item. If it is, then the OK key
is pressed, and the process repeats from the beginning with
a new highlighted menu item. If the currently highlighted
item is not on the path to the goal item, then the DOWN
scroll key is pressed, and again the process starts over. In
the model manual scrolling actions can trail behind visual
processing by an unspecified amount (determined by
processing in the model such as memory retrievals); the
visual and manual modules become synchronized when a
new menu is presented. User errors, such as pressing an
incorrect key, are not modeled. Model execution is
deterministic, with no noise parameters used.

Model performance

Table 2 shows the predictions each model makes of user
performance over al the menu selection tasks. Significant
differences between the user data and model predictions, as
given by Tukey s HSD (Honestly Significant Difference)
test based on a single run of each model on al tasks, are
shown as starred table entries. There are three different
categories: all actions aggregated together over all tasks,
only selection actions, and only scrolling actions. The Fitts

All actions Scrolling Selection
Users 0.547 (0.256) 0.515 (0.254) 0.610 (0.249)
GOMS 0.542 (0.147) 0.505 (0.154) 0.616 (0.098)
ACT-R 0.550 (0.242) 0.561* (0.272) 0.527+ (0.174)
Fitts 0.218+ (0.050) 0.202* (0.040) 0.248+ (0.057)

Table 2. Mean key pressduration acrossall tasks, in
seconds, with mean and standard deviation shown.



law predictions are significantly different from user
performance in all categories. The ACT-R model provides
good predictions at the aggregate level, but differs in the
more detailed categories, making a qualitative error in
predicting that scrolling actions take longer than selection
actions. The GOMS model gives predictions within 0.01
seconds (less than 2%) of the user means for all categories.

Figure 2 shows a less-aggregated view of the menu selec-
tion process. We define a selection run  as a sequence of
scrolling actions up to and including a selection action. The
length of arun isthe number of scrolling actionsit contains,
e.g., a run of length O corresponds to two consecutive se-
lection actions. Figure 2 aggregates selection runs over al
trials, showing the mean duration of runs from lengths 0O
through 7 (by oversight our data contained no instances of
runs of length 6.) As in the previous analysis, the GOMS
model is closest to the user data, but here the ACT-R pre-
dictions are almost indistinguishable from the GOMS pre-
dictions. We see that both models produce larger overesti-
mates of scrolling time for shorter runs than for longer runs.
For ACT-R, we interpret this as being due to the additional
visual processing needed when a new menu list isfirst seen,
in addition to the balancing out of over/underestimates in
scrolling/selection actions (the pattern in Figure 2 is more
complex than can be attributed only to the latter factor.) For
both models, the differences are gradually reduced as
scrolling begins to dominate the longer sequences. The
Fitts law model significantly underestimates al durations.

Figure 3 shows performance data broken down by task. One
task, View All, involved only three actions and was omitted
because it is similar to the other tasks. Again, we see that
both the GOMS model and the ACT-R model give good
approximations of user performance.

Discussion

Many models of cell phone interaction, such as keypad
dialing and one-finger text entry [8], have been based on
Fitts law, which motivated this aspect of our evaluation.
Our Fitts law model performs relatively poorly, however,
despite the success of such models elsewhere. The model
produces times that are about twice as fast as observed in
users. This is actually not surprising much of the activity
of this menu selection task is outside the scope of the
model. Silfverberg et al. describe a comparable example of
where Fitts law models break down, in a discussion of text
entry on mobile phones [13]. For some cell phones, text
entry is aided by lexicon-based word disambiguation. While
typing the user ordinarily refers to the display in order to
decide whether the system has correctly disambiguated the
word being typed. In text entry, such cognitive processing
may be rare for expert users familiar with the disambigua-
tion system, but in menu selection, under the plausible
assumption that users will not have memorized the linear
position of the items in each menu, significant visual and
cognitive processing is needed at each step in the process.
This processing is hot captured by Fitts law.

The GOMS and ACT-R models perform remarkably well in
our study, with GOMS edging out ACT-R at a detailed
level. As a baseline for performance, we can compare these
models to a linear regression fit to all the data, where T
represents time and n the number of key presses:

T=0531n-0500 R®=0834 (Eq.2)

Neither model accounts for as much variance as the least
squares model, but both are close, with the GOMS model
averaging an R? of 0.786 and the ACT-R model 0.790 over
the different tasks. Further, from a modeling perspective
they have several compensating advantages over a post hoc
model. First, they are a priori models neither was tuned
specifically to the data. Second, as seen in Figures 2 and 3,
the models track some of the nonlinear aspects of user
performance, at least qudlitatively. Third, and most
important, the GOMS and ACT-R models have theoretical
underpinnings that give them explanatory power. In the
case of GOMS, performance is explained by the specific
tasks that are represented, the hierarchical structure in
which they are combined, and dependence on a cognitive
processing framework that provides specific timing
predictions (e.g., for Fitts law movements.) The ACT-R
model extends the level of detail in its explanations, in
accounting for the interval between actions by explicit
visual processing and memory retrievals, and in modeling
visual processing and motor actions as proceeding in
paralel for scrolling actions but synchronizing with
selection actions. Like al model-generated explanations,
these are provisional and subject to further testing, but our
current results make them plausible, worth pursuing in more
detailed experiments.

SUPPORT FOR BUILDING AND USING MODELS

Building detailed models of use for novel interfaces is not
yet a matter of applying simple, off-the-shelf tools. It
requires support for specifying the properties of new
platforms and tasks; models then need to be able to interact
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with the platforms to carry out the tasks, which may require
customization of modeling architectures. Our work has led
us to develop an environment containing tools that facilitate
this process for cell phone platforms and tasks.

Specifying menu hierarchies in which menu traversal tasks
can be defined is the easiest part. Our environment supports
loading such specifications through a formatted data file.
Once the information is loaded, the modeler can browse and
potentially edit the result, through the smple interface
shown on the left side of Figure 4.

Platform specification, in the form of building new keypads
from scratch, is also straightforward. We have developed a
simple direct manipulation interface in which modelers can
create and name buttons, size them, and drag them into
place. The visua layout of the keypad is automatically
trandated into a specification that can act as input to al the
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models in the previous section (though not all information
may be used by all the models). The interface is comparable
to conventional user interface development tools; we do not
present it here because of space considerations.

Processing existing phone keypads poses a more interesting
problem. It is possible to reproduce an existing keypad
through the direct manipulation interface, but this is error-
prone and more cumbersome than it need be. Given that
images of most cell phones can easily be found online,
another approach is possible. We have developed image
processing algorithms to give perception capabilities to
cognitive models such as ACT-R, Soar, and EPIC [12]. The
algorithms are elementary but promise to be adequate for
the task of interpreting images of real cell phone keypads.

Keypad processing works as follows. The modeler loads a
bitmap image of a keypad, which appears in a window
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Figure 4. Browsing a menu hierarchy (left); automatic
detection and identification of keys (right).

(Figure 4, on the right, shows a later stage of the process).
The modeler then identifies an arbitrary button by
“scribbling” over it with the pointer. This serves two
purposes. specifying representative visual properties of a
key, specifically its color, size, and position, and implicitly
describing the background for all the keys. The user can
then associate a specific symbol with this key, such as “1”
or “#". All keys can be specified in this way, or the system
can be directed to detect and identify all keys automatically.
Results can then be reviewed and modified by the modeler.
Figure 4 shows the result for a sample cell phone, with call
outs generated and laid out by the system.?

Currently the system can detect only buttons that are well-
differentiated from the background, and can identify (i.e.,
associate a symbol with) only the 12 standard keypad keys
(0" through “9”, plus “*” and “#"). Other keys can be
detected but not automatically identified; naming these keys
is left to the modeler. Once the relevant keys on the keypad
have been identified, the system generates a specification of
key names, sizes, and positions, identical in structure to that
of the direct manipulation keypad builder interface.

In an informal test, we downloaded 12 images from the
Web, of a quality comparable to Figures 1 and 4, of cell
phones from different manufacturers and in different
keypad styles. We ran the image processing algorithms on
the keypads to identify the 12 standard keys, following the
interaction described above. Results fell into three
categories. For four of the cell phone images, the system
failed to identify any keys at all. For two of the images, the

2 This side of our research ran in parallel with but sightly
later than the study. The image processing agorithms
handle the Kyocera keypad without problems, but the
numbers used for the study were measured by hand.

system identified 10 out of the 12 keys correctly. Errors
involved the merging of two neighboring keys (e.g., “8” and
“0".) For the remaining six images, all 12 standard keys
were identified correctly. The more successful results
tended to have good resolution, low variation in back-
ground color, easily differentiated key borders, and few
lighting artifacts. Figure 4, of a Motorola T193, is
representative of an image processed successfully. Work
needs to be done on making the image processing
techniques more robust, but even in their current state they
add value to the modeling process by reducing effort.

Once a menu hierarchy and keypad have been specified,
model execution can proceed. Our modeling environment is
designed as a set of extensions to the ACT-R system. The
PM (perceptual/ motor) component of ACT-R has some
bias toward desktop activities, such as selecting menu items
with the mouse and navigating through windows and dialog
boxes [1,3], so we added two extensions. Our first change
involved increasing flexibility in the existing models of
finger movements and the keyboard, to support finger
movements to target keys of arbitrary size and placement.
Our second change was a limited form of automated model
generation from the menu hierarchy specification. ACT-R
productions (rules) are not modified, but memory structures
are automatically created (on the order of severa hundred
chunks) to reflect relationships between intermediate and
terminal menu items.

The GOMS and Fitts' law models co-exist with ACT-R in
the same environment, sharing a common code base. We
implemented a simple Fitts' law simulator and a GOMS
interpreter that use the geometry of the keypad specification
for computing movement times. Fitts' law movement op-
erators are generated from the menu hierarchy, given a
target menu item. Similarly, al of the methods and
operators for the GOMS model except the Select-X method
are automatically generated. Thus given a menu hierarchy,
keypad specification, and target menu item, GOMS and
Fitts' law models can be built and run without further effort.

To summarize, the tools we have developed assist the
developer in specifying new menu hierarchies, building
descriptions of new or existing cell phone keypads, and
automatically  incorporating this information into
specialized models. The process requires no programming
or explicit model construction, from start to finish.

User profiles and search

Once models of menu traversal have been built, they can be
applied toward improving menu hierarchies for end users.
Thisis akey concern for devel opers who may be less inter-
ested in modeling details than in the pragmatic issues of
increasing usability.

An evaluation of a menu hierarchy independent of usage
patterns would be uninformative: different users choose
different items, and items are chosen with varying
frequency. In other words, different usage patterns favor



