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This article presents a system for predicting the icon a user will select from an icon
toolbar, based on command use frequency and mouse trajectory. The system differs
from previous systems in two important ways: First, the prediction system does not
initiate any action. Instead, it predicts where the mouse is moving and subtly “sug-
gests” a command for the user to verify. Second, the system takes into account the
relative likelihood of commands being used when making its predictions. Initial
testing suggested that a system that only predicted the most frequently used icon
choices was better than one that predicted all choices. A study with 12 test users us-
ing a mouse and 10 using a trackpad found substantial benefits of this “limited pre-
diction system.” The system resulted in a mean reduction in time to issue a com-
mand of 41% for trackpad users and 25% for mouse users. Trackpad users, but not
mouse users, preferred the prediction system to the traditional way of pointing.
These results suggest that a prediction system such as the one described here has the
potential to reduce the time and effort required to issue commands. The utility of
the system appears to be especially great in laptops and other devices that use
trackpads as their primary pointing devices.

1. INTRODUCTION

In recent years, icon toolbars have become very popular, and are now the method
of choice for most users. In a recent study (Lane, Napier, Peres, & Sandor, 2004), we
found that among experienced users of a word-processing program, 65% favored
issuing commands from an icon toolbar compared to 25% who favored the use of
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pull-down menus and only 10% who favored some other method, such as key-
board shortcuts. Despite the popularity of the icon toolbar, its use has drawbacks.
First, it is not as efficient as keyboard shortcuts. Second, as larger display sizes be-
come the norm, the distance traversed, and therefore the time to reach the icon
toolbar, will increase. One approach to improving user efficiency is for trainers to
encourage the use of keyboard shortcuts rather than icon toolbars. However, be-
cause it is easier to learn how to use icon toolbars than to memorize a set of key-
board shortcuts, this approach is unlikely to have a substantial impact. An alterna-
tive is to seek ways to make using icon toolbars more efficient. In this article, an
approach to improving the efficiency of icon toolbars is described based on a sys-
tem that anticipates the icon that is going to be chosen as the cursor approaches the
icon toolbar.

There are two reasons to expect that such a system will improve user efficiency:
Relatively few commands account for a substantial portion of command use, and
attempts to predict the intended destination of the cursor based on its trajectory
have been successful.

Relatively few commands have been found to account for a sizeable proportion
of command usage in a spreadsheet program (Napier, Batsell, Lane, & Guadagno,
1992) and in a word processor (Linton, Joy, & Schaefer, 1999). In both studies, the
five most frequent commands accounted for about 50% of total command usage.
Not only are some commands issued much more frequently than others, but users
tend to repeat recently issued commands (Greenber & Whitten, 1993) or issue com-
mands in predictable sequences (Guadagno, Lane, Batsell, & Napier, 1990). In the
latter study, two predictions of a user’s next command choice were made based on
the user’s last two commands. Approximately 85% of the commands issued were
one of the two predicted commands.

A number of algorithms have been developed to predict the target of the cur-
sor’s movement based on the cursor’s trajectory (Murata, 1995, 1998; Oirschot &
Houtsma, 2000; van Mensvoort & Oirschot, 2001). Each of these approaches has
been relatively successful. Their success derives, in part, from the fact that cursor
trajectories tend to be relatively straight and thus predictable (Oirschot &
Houtsma, 2000).

Murata (1995, 1998) conducted a series of studies that used the cursor’s trajec-
tory for predicting the target toward which the cursor was moving. The predic-
tion method was based on repeated calculations of the angle between the cursor
movement vector and the vector that connected the current cursor position and
the center of each target. This prediction algorithm was incorporated into an in-
terface that would “jump” the cursor to the target. The system was tested on a
task in which the user moved the cursor to one of five targets. The system was
very successful, reducing pointing time by about 25%. The system’s accuracy
varied as a function of the position of the target being predicted with the targets
on the ends and in the middle of the display having a much higher prediction ac-
curacy rating than the other two. As would be expected, accuracy was higher
when the targets were more spatially separated. Perfect accuracy was achieved in
the targets on the ends and in the middle when 30 × 30 pixel targets had a space
of 50 pixels between them.
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2. ITERATIVE DEVELOPMENT OF A SYSTEM FOR PREDICTING ICON
SELECTION

Because a command issued in error by a command-prediction system would be
very disconcerting to a user, we feel that such a system would have to be extremely
accurate. Although we can only guess the accuracy rate that users would find mini-
mally acceptable, we suspect it to be above 95%. To achieve a high accuracy rate,
our system differs from previous systems in that it does not initiate any action. In-
stead it predicts where the cursor is moving and subtly “suggests” a command for
the user to verify. The expectation is that giving the user final say about whether a
command should be issued would decrease errors and increase user acceptance.
Our system also differs from previous systems by taking into account the relative
likelihood of command usage when making its predictions.

The system begins with a preliminary assessment of the likelihood of each icon
being chosen based on its frequency of use determined either from previous data
on typical users or from data collected on the individual user in question. As the
user moves the cursor toward the icon toolbar, the system revises its assessment of
the likelihoods based on the direction of the cursor’s movement. The icon with the
highest likelihood is indicated by a subtle visual change, such as a framed border
(see Figure 1).

If the user wishes to issue the command associated with the icon, he or she
pushes the mouse button. Therefore the system never initiates an action on its own,
it only predicts where the mouse is going and suggests commands for the user to
verify.

2.1. Prototype 1

This prototype allowed the user to perform a simple icon-selection task. At the be-
ginning of a trial, an icon was shown at the bottom of the screen matching one of the
icons in an icon toolbar at the top of the screen. The user mentally located the icon
in the icon toolbar, clicked on the icon at the bottom of the screen to initiate the trial,
and then selected that icon on the toolbar. The icon toolbar had 17 icons with the let-
ters A through Q; these icons were 5 mm × 5 mm (see Figure 2). A target icon was
displayed at the bottom of the window in a centered position. A trial started when a
participant clicked on the target icon at the bottom of the screen, and the task was to
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FIGURE 1 Icon H is high-
lighted, indicating that it has
been predicted. In actual use,
the highlight border is red.



select the matching icon on the toolbar. The trial finished when an icon from the
toolbar was selected.

When the prediction system is active, the predicted icon is continually updated
and indicated visually as the cursor is moved toward the icon toolbar. The user
clicks when the predicted icon matches the target icon.

The predicted icon is determined as follows. Each of the icons is initially as-
signed a value (Vi) related to the probability that it is the icon the user intends to se-
lect. The Vs are not true probabilities and can be thought of as pseudoprobabilities.
The initial value of this parameter can be used to indicate which icon is a “high-fre-
quency” icon. The Vs are updated every time the mouse moves a distance of d pix-
els. The icon with the highest V is selected as the predicted command.

The updating of the values is calculated as follows: Define pi as the proportion of
the distance the cursor has traveled to icon i since the last updating. Define Vi,j as
the value of icon i after update j. If icon i is not currently the predicted icon, then

Vi, j+1 = Vi, j pi

If icon i is currently the selected icon, then the updated probability is

Vi, j+1 = kVi, j pi

where k is less than 1. The k parameter is used to reduce the value of an icon that is
currently selected but not chosen by the user (with a mouse click) on the assump-
tion that because the user did not click the mouse, it is less likely to be the intended
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FIGURE 2 A screen from the
prototype of the prediction
system. The target icon is
highlighted on the toolbar.



target. Because it would be confusing to have the predicted icon change rapidly, the
predicted icon cannot change in less than t msec.

Although the system is designed to avoid errors by requiring the user to verify
the command before it is executed, an error can occur if the user decides to verify a
prediction, but the highlighted icon changes in the time between the initiation and
execution of the user response. Therefore, any response occurring in fewer than q
msec after the predicted icon changes is considered a confirmation of the previ-
ously predicted icon.

The implementation of the system was written in Java and run on Apple®

Macintosh® eMac™ computers using the Microsoft® Internet Explorer Web
browser. The screen size was 21 in., and the screen resolution was 1024 × 768. To
perform the task, the user sat at a distance of approximately 600 mm from the com-
puter screen, making the visual angle for the 5 × 5 mm icons about 0.5°.

Because of the large number of parameters, it would have been impractical to at-
tempt a comprehensive exploration of the parameter space. Therefore, each of the
authors experimented with different parameters and together discussed what
seemed to be best. Based on the results from this informal testing, we decided to
use the parameters shown in Table 1 in subsequent tests with the initial values for V
of the high-frequency icons set at three times higher than the values of the low-fre-
quency icons.

After observing a few users, we found that when moving toward a target icon,
the users often started by moving the mouse vertically until an icon close to the tar-
get icon was selected, and then they moved the mouse horizontally to highlight the
target icon. The prediction system could not originally handle this type of behavior.
For example, if the user moved the cursor horizontally to the right to indicate that
he or she wanted to select the icon directly to the right of the predicted icon, the sys-
tem would mistakenly predict that the user wanted to choose an icon on the ex-
treme right.

2.2. Prototype 2

To avoid the problem of horizontal movements, the system was modified so that it
would attempt to determine whether the user was in “lateral move mode” by con-
sidering how close to a horizontal direction the cursor was moving. When the sys-
tem judged that the user was in this mode, the system would change the selected
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Table 1: Parameters Used for Prediction System

Parameter Description Value

d Distance in pixels the mouse must move before the V is updated 25
k Used to reduce the value of an icon that is currently selected but not chosen by

the user
0.9

q Number of ms after the predicted icon changes before any response is
considered confirmation of the newly predicted icon

200

t The amount of time before the predicted icon can change 0



icon horizontally one icon at a time. Recall that once an icon was predicted, it
stayed the predicted icon for at least t msec. This modification made the prediction
system’s behavior much less erratic.

Pilot testing of Prototype 2 found that although the system was easy to use and
worked smoothly, it did not appreciably decrease the time to select an icon. We
therefore concluded that Prototype 2 was not a workable system.

2.3. Prototype 3

We suspected that choosing among 17 icons was too complicated a task for the pre-
diction system to accomplish well enough to result in a substantial decrease in selec-
tion time. As an alternative, we considered whether a less ambitious system would
work better. Our thinking was that because a small number of commands accounts
for a large percentage of command usage, a system that was only active for a few
commands but was very accurate in the prediction of these commands could be
better than a system that attempted to predict each of many possible commands. In
this system, which we call the limited-prediction system, the prediction system was
only active for 4 of the 17 icons. The 4 active items were spaced on the icon toolbar to
optimize the performance of the prediction system. Based on the high accuracy
achieved by Murata (1998) when his targets were spaced, we expected a high degree
ofaccuracyinthelimited-predictionsystem,as italsousedwidelyspacedtargets.

A pilot test of Prototype 3 was conducted with 6 test users: Four were tested on a
computer with a mouse, and 2 were tested on a computer with a trackpad. Users se-
lected icons from an icon toolbar using three different methods: (a) the full predic-
tion systems (all 17 icons were potentially predicted), (b) the limited-prediction
system, and (c) a no-prediction system (the users selected icons using the tradi-
tional method of moving the mouse cursor to the target icon to select it). In the lim-
ited-prediction system, there were 4 icons that could be predicted by the system.
These icons were gray so the user would know which ones the system would pre-
dict. When a gray icon was the target icon, the user could move the mouse toward
the icon, the icon would be highlighted with a red box, and the user could click the
mouse to select the icon. In this system, the 4 predicted icons were spaced on the
bar so they would not be close together, thus ensuring accurate predictions with the
algorithm. In practice, when the user moved the mouse in the direction of the pre-
dicted icon, the prediction algorithm was highly accurate.

For trackpad users, response times in the limited-prediction system (M = 1,149
msec) were substantially shorter than both the control (no-prediction) condition (M
= 1,419 msec) and the full-predicton system (M = 1,349 msec). For mouse users,
however, neither the full-prediction system nor the limited-prediction system re-
sulted in shorter times than in the control condition.

3. EVALUATION OF A SYSTEM FOR PREDICTING ICON SELECTION

Encouraged by the results with Prototype 3 for the trackpad users, we conducted a
more formal evaluation of the efficacy of the limited-prediction system. The proce-
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dure was the same as in the testing of Prototype 3 except that the full-prediction
system was not included.

3.1. Method

Test users. Twenty-two students from Rice University participated in the
study, 12 using the mouse and 10 using the trackpad. The mouse users were under-
graduate students and received course credit for participation. The trackpad users
were MBA students and volunteered to participate. We chose to use MBA students
for the trackpad because they all had laptops and were experienced in using a
trackpad. For both groups, test users used their preferred pointing device for the
computer (mouse or trackpad).

Apparatus/algorithm. The same computer and algorithm used in the evalua-
tion of Prototype 3 were used here.

Design. Each test user was presented with two methods of selecting icons
from the toolbar: no-prediction system and limited-prediction system. In the
no-prediction system, test users selected the target icon with the traditional
method of moving the pointer to the target icon and clicking on it. In the lim-
ited-prediction system, the system only anticipated movement toward 4 of the 17
icons. These test icons were highlighted in gray so test users would know which
ones the system could predict. They were in the 3rd, 7th, 11th, and 15th positions on
the icon tool bar. The other 13 icons were selected using the traditional method. For
both the prediction and four-prediction conditions, test users were given feedback
on their selection for every trial.

To assess the ease with which the prediction system could be learned by users al-
ready familiar with the task, all test users performed first in the no-prediction sys-
tem and then in the limited-prediction system. We were not concerned about prac-
tice effects because our pilot studies showed performance asymptoted quickly. The
results of this study confirmed that test users had asymptoted by the end of the
block of practice trials.

Test users in the mouse condition completed 185 trials in the control (no-predic-
tion) and then 185 trials in the limited-prediction system condition. Test users in the
trackpad condition completed 125 trials in each condition. The number of trials
was lower for the trackpad users because it took longer to point using a trackpad,
and we did not want the experimental session to last so long that the test users
would lose interest. As a result, for both types of users the experiment lasted for
about 30 min. The test users were given instructions on how each of the conditions
would work and were told that the first few trials in each condition would be con-
sidered practice.

Additional measures. After the experiment, test users completed a question-
naire on their subjective impressions of the different methods of selecting icons.
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Specifically, they were asked which method they preferred, which method they
thought was the fastest, and which method they would be most likely to use in the
future (if available).

3.2. Results

Due to technical difficulties, the time data for 1 test user in the mouse condition and
2 test users in the trackpad condition were lost, leaving 11 and 8 test users, respec-
tively, in those groups. The preference data for these test users were intact.

For analysis purposes, trials with response times longer than 3,000 msec and the
first 20 trials of both the control and limited-prediction system were excluded, and
the remaining trials were divided into two blocks: practice and experimental. The
practice block contained 82 trials in the mouse condition and 52 trials in the
trackpad condition; the experimental block contained 83 trials in the mouse condi-
tion and 53 trials in the trackpad condition.

To assess whether test users improved with practice on this task, performance on
test items in the first half of the practice block was compared with performance in the
second half. The mean time for each test user was computed for the first and second
halves of the practice block for both the mouse and trackpad, resulting in four scores
per user. A2 × 2 (Device × Half) analysis of variance (ANOVA) revealed a significant
effect of device (mouse was faster) but no evidence of an effect of half, F(1, 17) = 0.01, p
= .911, or a Device × Half interaction, F(1, 17) = 0.01, p = .93. Therefore, there is no evi-
dence that users were improving after the first half of the practice block.

Mean times for each test user were computed for each combination of device
(mouse, trackpad), block (practice, experimental), system (on, off) and icon type
(test, control) for correct trials, resulting in 16 scores per user. Table 2 shows the
means and standard deviations of these means and the proportion of error trials as
a function of condition. An inspection of Table 2 reveals that the times for the test
icons were substantially lower in the limited-prediction system than in the no-pre-
diction system and that the difference was considerably larger for the trackpad
than for the mouse.

A 2 × 2 ×2 × 2 (Device × Block × System × Icon Type) ANOVA was conducted to
test the significance of these differences. The effects of device, F(1, 17) = 105.10, p <
.001; system, F(1, 17) = 79.90, p < .001; and the Device × System interaction, F(1, 17)
= 18.15, p < .005, were significant. Further, the main effect of icon type, F(1, 17) =
196.25, p < .001; the Icon Type × Device interaction, F(1, 17) = 38.41, p < .001; the Icon
Type × System interaction, F(1, 17) = 237.47, p < .001; and the Icon Type × System ×
Device interaction, F(1, 17) = 77.69, p < .001, were significant. Neither the effect of
block nor any of the interactions with block were significant.

Because the effects differed as a function of icon type (test or control), separate
analyses were done for these two types. For the test icons, the effects of device, F(1,
17) = 98.95, p < .001; system, F(1, 17) = 161.88, p < .001; and the Device × System in-
teraction, F(1, 17) = 44.70, p < .001, were significant. Neither the effect of block nor
any of the interactions with block were significant (p > .15) in all tests. For the con-
trol icons, the effect of device, F(1, 17) = 99.53, p < .001, was significant. No other ef-
fects were significant (p > .08).

250 Lane Et Al.



The box plots shown in Figure 3 show the percentage decrease in time due to the
prediction system for the test icons in the experimental block. The percent decrease
was calculated individually for each test user as the mean time across trials when
the system was off minus the mean time across trials when the system was on di-
vided by the mean time across trials when the system was off. The mean decrease
was 25% (95% confidence interval [CI]: 21%–29%) for the mouse and 41% (95% CI:
32%–50%) for the trackpad. This difference was significant, t(17) = 4.21, p < .001. It is
apparent from Figure 3 that the variability in proportion decrease was greater for
the trackpad than for the mouse.
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Table 2: Mean Response Time in Milliseconds as a Function of Block, Icon Type,
and System Status

Test Icons Control Icons

On Off Off–On On Off Off–On

Practice block
Mouse

M 882 1,147 264 1,199 1,208 9
SD 153 171 156 193 189 116
Error rate 0.045 0.007 –0.038 0.002 0.002 0.000

Trackpad
M 1,172 2,061 889 2,128 2,047 –81
SD 148 262 297 196 241 178
Error rate 0.028 0.004 –0.024 0.011 0.000 –0.011

Experimental block
Mouse

M 830 1,102 272 1,120 1,152 32
SD 118 132 70 157 143 91
Error rate 0.030 0.016 0.014 0.016 0.002 –0.004

Trackpad
M 1,192 2,028 836 2,073 2,059 –14
SD 185 226 276 263 328 144
Error rate 0.010 0.005 –0.005 0.011 0.000 –0.011

FIGURE 3 The proportional
decrease in time due to the
prediction system for the test
icons in Block 2 as a function
of device. The vertical line
within each box represents the
mean ± the standard error of
the mean.



As can be seen in Table 2, the error rates were low. Most important for present
purposes was the finding that in the experimental block when the prediction sys-
tem was on, the error rate was low for the mouse condition (M = 0.03) and very low
for the trackpad condition (M = 0.01).

At the conclusion of the experiment, test users were asked to indicate which
pointing method they preferred and which method they thought resulted in the
faster speed. Figure 4 shows clearly that the trackpad users thought the lim-
ited-prediction system was both faster than and preferred to the traditional
pointing method. The mouse users, however, perceived no time saved and pre-
ferred the traditional pointing method to pointing with the prediction system.
The differences between the mouse and trackpad users were significant for both
preferences, χ2(1, N = 22) = 7.25, p = .007, and perceived speed, χ2(1, N = 22) =
4.03, p = .045.

3.3. Discussion

Our initial goal of predicting any icon a user will select proved to be overly ambi-
tious: the full-prediction system appeared to be of little value. However, the lim-
ited-prediction system substantially reduced selection time for both mouse and
trackpad users. Nevertheless, the time saved for the mouse users was apparently
not enough for them to want to adopt the system, as indicated by their
postexperimental response. The trackpad users, on the other hand, saw a greater
time savings and strongly preferred having the system on to having it off. This
finding is a good example of a disassociation between preference and performance
measures and suggests that, although the mouse is not a perfect device, it works
well, or is “satisficing,” to use Simon’s (1956) term. It appears that a device must
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FIGURE 4 Ratings of preference method and perceived speed as a function of point-
ing method and system status.



save a great deal of time for users to prefer the prediction system to the traditional
method. As for trackpad users, the time savings and preference ratings show that
the implementation of the prediction system would be welcome. Considering the
increasing screen sizes of laptops, the benefits from a prediction system such as de-
scribed in this article could become even more sizable.

The accumulated time saved for trackpad users could be considerable. For ex-
ample, assume a worker issued 120 commands an hour using a trackpad and that
50% of these were predicted by the system. From our data, the average time saved
on a predicted command would be approximately 30% of 2 sec, or 0.6 sec. Multi-
plying by 60 predicted commands per hour gives a savings of 36 sec per hour. Be-
cause 36 sec is 1% of 1 hr, this means 1% of the worker’s time could be saved. To
convert this time savings into dollars, simply compute 1% of an employee’s salary.
Thus, the yearly savings for a professional making $40,000 per year would be $400
(U.S. Bureau of Labor Statistics, 2002). Moreover, the satisfaction of using a system
that makes one’s job easier is an important benefit.

Saving time is not the only benefit of a method that decreases the time spent is-
suing commands. Extended use of pointing devices can cause repetitive strain in-
jury, and by reducing the time spent using a point device of any sort (mouse,
trackpad, etc.), the occurrence of these types of injuries may be reduced with the
use of the prediction system (Wickens, Gordon, & Liu, 1998).

It should be noted that the trackpad users were MBA students and the mouse us-
ers were undergraduates, and there were more trials per block for the latter group
than for the former group. We feel it is very unlikely that much if any of the perfor-
mance differences between these groups is attributable to these facts. However, it is
possible that they had a nontrivial effect on the subjective responses. Therefore, fu-
ture research using comparable classes of users would be informative.

We found no evidence that users were improving with practice after the first set
of trials, and therefore we believe that an explanation of our results in terms of
practice effects is untenable. Nonetheless, future research should take steps to
avoid possible confounding of experimental and practice effects. Further, it should
be kept in mind that we used a very small sample. However, the value of the sys-
tem is apparently sufficient to be shown clearly even with such a small sample.

The design of an icon bar to be used with the prediction system should be cre-
ated with care. It is especially important to consider the trade-off between the most
logical ordering of icons and the ordering that would work best with the prediction
system. For example, it is logical to group icons with similar functions. However,
this would only allow one of the icons in the group to be predictable by the system.

It is important to note that the prototype presented here used a left click of the
mouse to “click-on” the icon and that this method would probably not be practical
for most software programs. In future applications, the prediction system could be
implemented in a variety of alternative methods; for instance, one of the program-
mable buttons on a mouse could turn on the system so when the user moves the
mouse, the movement would be interpreted as issuing a command. Similar imple-
mentations could be used on a trackpad as well.

In the prototypes used here, the initial relative likelihoods of the commands
were determined in advance and only roughly mirrored actual command frequen-
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cies. In a real-world implementation of the system, the initial likelihoods could be
based on data from typical users or could be dynamically updated from the user in
question. Naturally, the latter would be better, but whether the gain would be suffi-
cient to justify the costs is an open question.
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