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ABSTRACT
In this study, we extend Fitts’ law to enable it to predict the
movement time of pointing operations in interfaces, such as in
navigation bars whose items have different motor and visual
widths and intervals between a target and distractors. For this,
we conduct two experiments to investigate the presence or ab-
sence of the distractors that affect pointing operations and how
increasing the size of the intervals changes user performance.
We found that the movement time is strongly affected by the
motor width and intervals and slightly by the visual width. On
the basis of the results, we constructed a model for considering
the difference between the motor and visual widths and the
intervals between the target and distractors. The model allows
user-interface designers to configure these factors on the basis
of movement time. Our model also showed a good fit for not
only the data of our two experiments but also those of three
previous studies. We also discuss future work for making our
model more practical.

Author Keywords
Difference between motor and visual widths; distractor;
pointing; Fitts’ law; GUIs.

CCS Concepts
•Human-centered computing→ HCI theory, concepts and
models;

INTRODUCTION

Background
In graphical user interfaces (GUIs), users move a cursor and
then click on a desired object (target), e.g., for opening a file,
executing an application, or going to another webpage. This
is called pointing and is one of the fundamental operations in
GUIs. The movement time of pointing operations is modeled
by using Fitts’ law [13, 22]. Fitts’ law can be applied to
many input devices (e.g., mice [13, 30], styli [30], and fingers
[9]) and used for predicting the movement times of other
operations (e.g., passing through two goals called crossing [1]).
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Figure 1. Two navigation-bar examples. Motor width (white) is (a)
larger or (b) smaller than visual width (green). In both navigation bars,
a target is surrounded by distractors. In (b), there are intervals between
the target and distractors.

In addition, by combining Fitts’ law with other models, the
movement time of navigation in a hierarchy menu [4, 18, 31]
and selecting multiple objects by using a lasso tool [31,43] can
be predicted. Moreover, Fitts’ law has been modified to predict
the movement time more accurately for other situations [2, 10,
21, 25, 28, 29, 33]. The above studies (i.e., modeling pointing
operations and refining pointing models) have contributed to,
for example, evaluating input devices, designing interfaces,
and better understanding human motor control.

Before describing our research questions, we give examples
of pointing operation: clicking on a target in two navigation
bars (Figure 1). In Figure 1a1, users want to go to another
page, so they click an item (“PRICING”) in the navigation
bar (a1). At this time, the users may aim at the item’s text
because it is unclear where the item is clickable (they may
believe that the text at least is clickable). However, when their
cursors enter the clickable area, the area is highlighted in dark
color (a2), so the users realize that the clickable area is larger
than the item’s text (a3). That is, the users can click not only
the item’s text but also its surrounding area. In this paper,
we define the target’s clickable area as the motor width and
the area displayed on the screen as the visual width. In this
1https://www.stillio.com/
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Figure 2. (a) Previous study’s task [35, 36]. (b) Our Experiment 1 task.
(c) Our Experiment 2 task. A is distance to target, M is motor width, V
is visual width, and I is interval between target and distractors. In (a),
participants must click blue start area and then green end area. In (b)
and (c), they must click blue start area and then motor width of green
end area.

GUI, the motor width is larger than the visual width (item’s
text). In contrast, Figure 1b2 shows GUI in which the motor
width is smaller than the visual width. Users aim at the whole
orange button but can click only the item’s text (“General
Information”).

In summary, in GUIs, the motor and visual widths are often
different. Of course, GUIs also exist in which the motor
width equals the visual width. In addition, the target as shown
in Figure 1 is sandwiched by distractors that users do not
want to click. The distractors have similar appearance, motor
width, and visual widths to the target. Thus, the users have to
point at the target successfully while avoiding the distractors.
Moreover, the intervals between the target and distractors do
not exist (Figure 1a) or do exist (Figure 1b).

Research Questions and Key Contribution
Fitts’ law can predict the movement time (MT ) on the basis of
the target width (W ) and distance (A) to the target (Equation 3).
As shown in Figure 1, the target has two widths: the motor and
visual widths. However, it is not defined whether W in Fitts’
law indicates the motor or visual width. Thus, the range where
Fitts’ law is used is limited to a situation where the motor and
visual widths are equal. In this study, we extend Fitts’ law to
enable to it predict the movement time even when the motor
and visual widths are different. In addition, our model can also
consider the intervals between the target and distractors. That
is, the designers can also adjust navigation bars such those in
as Figure 1 on the basis of a quantitative model.

In this study, we conduct two experiments to investigate (1)
how the presence or absence of the distractors affects pointing
operations (Figure 2b) and (2) how the users’ performance
changes when the intervals between the target and distractors
are enlarged (Figure 2c). On the basis of the experimental re-
sults, we build a model for considering the difference between
motor and visual widths and the intervals. As a short summary,
we introduce a model built in this paper (for detailed modeling,
see Experiments 1 and 2). The model (Equation 1) considers
the difference between the motor and visual widths.

MT = a+b log2

√( A
M

)2

+ c
(

A
V

)2

+1

 (1)

where MT is movement time, A is the distance to a target, M
is the motor target width, and V is the visual target width with
2https://web.archive.org/web/20110308051632/http:
//www.asaging.org/aia11/

three regression constants (a, b, and c). This model well fits
not only the data of our experiment but also the data of three
previous studies. When the motor width equals the visual
width (i.e., this is a normal Fitts’ task, M =V ), this model is
mostly consistent with Fitts’ law.

By adding an additional regression constant (d) and the term
including the intervals (I) between the target and distractors,
the model (Equation 2) can consider the intervals. The final
form of our model is consistent with Equation 1, e.g., when
I = 0 (i.e., intervals do not exist), the term including I can be
merged with a.

MT = a+b log2

(√( A
M

)2
+ c
( A

V

)2
+1
)
+d log2

( 1
I+0.0049 +1

)
(2)

In our two experiments, we found that using the effective width
[20, 29, 33] also showed sufficient fits. That is, researchers
can fairly compare input devices that have different pointing
accuracies even in situations such as those in Figure 1.

RELATED WORK

Pointing Model
Fitts’ law [13, 22] is a pointing model for predicting the move-
ment time (MT ) of pointing at the target that has distance (A)
from a point and width (W ). This model can be expressed as
follows:

MT = a+b log2

(
2A
W

)
= a′+b log2

(
A
W

) (3)

where a and b are regression constants, and a′ = a+b log2 2.
We use the lower row in Equation 3 as (an equivalent version
of) the original Fitts’ law. The logarithm term in Fitts’ law
is called index of difficulty (ID), i.e., increasing ID increases
the predicted MT . A high ID means an interface in which
users have difficulty performing pointing operations, i.e., long
MT is needed. There are many versions of Fitts’ law [21, 25],
and the Shannon formulation [28] (adding ‘+1’ to the original
Fitts’ law, Equation 4) has been known to show a better fit.

MT = a+b log2

(
A
W

+1
)

(4)

If different two input devices are compared, one would find
that one device is faster but less accurate and the other is slower
but more accurate. Thus, it is difficult to answer the question
of which device performs better. In such a case, researchers
use the effective width that can adjust the error rates of the
input devices to make them the same [20,29,33], which allows
them to compare the two devices assuming that the devices
have the same accuracy. The effective width (We =

√
2πeσ )

is calculated by using the standard deviation (σ ) of clicked
endpoints; W in ID is replaced with We, and the index of
difficulty is called IDe (Equation 5).

IDe = log2

(
A

We
+1
)
, (5)
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Using the effective amplitude Ae instead of A in Equation 5
can adjust the distance. However, the effect of Ae is smaller
than that of We [45]. Thus, we use IDe based only on We.

In normal Fitts’ tasks, the target has a certain width and prac-
tically infinite height, i.e., a 1D pointing task. However, in
actual GUIs, targets have finite width and height, i.e., the target
is often rectangular, and this is a 2D pointing task. There are
many 2D pointing models, and we give one example (Equa-
tion 6) [19].

MT = a+b log2

(
A
W

)
+ c log2

(
A
H

)
(6)

where H is the height of the target and c is an additional regres-
sion constant. This model means that W and H independently
affect MT . However, Accot and Zhai [2] later found the in-
teraction for W ×H on MT . Thus, the model is modified as
follows:

MT = a+b log2

√(
A
W

)
+η

(
A
H

)
(7)

where η is the free weight. In Equation 6, when c is smaller
than b, Equation 6 can be approximated as Equation 7 [26].

Blanch et al. [10] defined the index of sparseness (IS, Equa-
tion 8) by using space with the distractors (ρ).

IS = log2
1
ρ

(8)

ρ is between 0 and 1. When ρ = 1, there is no space between
the target and distractors, and when ρ is decreased, the space
between the target and distractors is increased. In addition,
the movement time considering the space can be expressed as
follows:

MT = a+bID− cIS (9)

That is, increasing the space between the target and distractors
(decreasing ρ) means decreasing the movement time.

Difference between Motor and Visual Sizes of Target
Usuba et al. investigated the effect of the difference between
the motor and visual widths on mouse pointing operations
through two studies: (1) a situation in which the target is
small, such as window frames [36], and (2) a situation in
which the target is larger than in the previous study such as
items in navigation bars [35]. In both studies, the movement
time strongly depended on motor width, and although the
effect of visual width is not significant, increasing it decreases
movement time. In addition, σ depends on motor width; thus,
the effective width shows a good fit [35]. However, as noted in
previous studies [15, 39, 45], because only the nominal width
is informative for UI designers, the effective width should be
used, e.g., when comparing the performance of input devices
when participants’ pointing precision varies. Thus, a model
is needed that can predict the movement time in a situation
where the difference between the motor and visual widths exist
without using the effective width. In their studies, Usuba et
al. did not develop such a model. In addition, they did not
consider the effect of the distractors (Figure 2a). Also in touch

pointing operations, they examined the effect of the difference
between the motor and visual widths [37].

Chapuis and Dragicevic [15] investigated the performance
of small target acquisition under several visual and motor
scales, e.g., conducting an experiment by only magnifying the
appearance of the target by not changing the control-display
(C-D) gain, only decreasing it, or using a combination. The
C-D gain means the mapping between the physical mouse
movement and cursor movement on the display, and when
the C-D gain is decreased, users only slightly move a cursor
even if they significantly move the mouse. Thus, changing the
C-D gain allows users to feel as if the motor width is enlarged
without changing the visual width. Chapuis and Dragicevic
found that increasing the motor scale (decreasing the C-D gain)
increased movement time; however, increasing the visual scale
(magnifying the target appearance) does not affect movement
time much.

Area-cursor techniques [16,23,27,34,38] expand an activation
area where a click event fires on a cursor. Expanding the acti-
vation area equals expanding the target size, i.e., this approach
equals expanding the motor width. In the Dock of macOS, the
icons become larger as a cursor moves closer, which called
target expansion [17, 24, 44]. In both area-cursor and target
expansion techniques, the movement time depends on final
target size, i.e., the motor width. On the other hand, in many
area-cursor and target expansion techniques, the activation
area and target size dynamically change. Thus, the situation
focused on in this study, where the motor and visual widths
are statically different, has not been explored much.

Effect of Distractors on Pointing Operations
Blanch et al. [10] investigated and modeled mouse pointing
operations with distractors (Equation 9). In touch pointing
operations, the effect of the spaces between the target and
distractors was also investigated [40–42]; small spaces neg-
atively affect the error rate but do not strongly change the
task completion time. A similar tendency in the effect was
confirmed in crowd-based experiments [42]. Especially for the
touch operations, placeholder effects [3, 11] have been known.
This effect means that a farther target can be acquired more
quickly when items are lined up horizontally. In summary,
users’ performance of pointing operations depends on the size
of the space between the target and distractors and whether
the distractors exist.

EXPERIMENT 1: DISTRACTOR EFFECTS

Apparatus
We used an Apple MacBook Pro laptop (Intel Core i5, 2.4
GHz, two cores, Intel Iris 1536 MB, 8 GB of RAM, macOS
Sierra, Figure 3). The display scaling resolution was 1680
× 1050 pixels (the actual size was 13.3 inches, 286.47 ×
179.04 mm, 0.17 mm/pixel resolution). We used an optical
gaming mouse, Logitech G-PPD-002WL (3200 dpi), as an
input device. The mouse was connected to the laptop with a
1.80-m cable. A large enough mouse pad (899 × 420 mm)
was used. The full-screen experimental system was developed
with JavaScript.
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Figure 3. Experimental equipment.

Figure 4. When cross-hair cursor enters motor width of target or dis-
tractor, motor width was highlighted in white. Note that blue trajectory
is for explanation; not drawn in actual systems.

Participants
Twelve paid volunteers participated in this study (five females
and seven males; age: M = 21.83, SD = 1.14). All participants
were right-handed and operated the mouse accordingly. Each
participant received the equivalent of US$46 for their time.

Task
The visual stimuli included a blue start area, red distractors,
and a green target (Figure 2b). The participants clicked on the
start area to start a trial and aimed for the target as quickly and
accurately as possible. At the start of the trial, a start sound
was played and measurement began. When a cross-hair cursor
entered the motor width of the target or distractor, as with
the example navigation bar (Figure 1a), the motor width was
highlighted in white (Figure 4)3. When the participants clicked
within the motor width of the target, a success sound was
played. Otherwise, a failure sound was played, and the trial
was flagged as an error. Following previous studies [14,15], we
asked the participants to avoid clutching (replacing the mouse
on the mouse pad)4. If the participants clutched, they pushed
the right button of the mouse and redid the trial. Retrials due
to clutching were not regarded as errors.

Design and Procedure
The A from the center of the starting area to the center of the tar-
get was 600 or 800 pixels (102.31 or 136.41 mm, respectively).
The M and V were 20, 40, 70, or 120 pixels (3.41, 6.82, 11.94,
or 20.46 mm, respectively); motor width was larger than, equal
to, or smaller than the visual width. To compare the effects
of the distractors, we tested two conditions on the existence
of the distractors. When Distractor = True, there were the
3Even if the visual width equaled the motor width, because the visual
width was lit by highlighting the motor width, the participants could
perceive the highlight.
4We did this because clutching may reduce the fitness of pointing
models [14]. If we had allowed clutching and obtained poor regres-
sion fitness, it would have been unclear whether the results were
due to clutching or experimental conditions such as the difference
between the motor and visual widths.

Figure 5. Arrangements of motor and visual widths of target and dis-
tractors for three possible conditions.

red distractors in the task; however, when Distractor = False,
there were no distractors. We used the same values for A, M,
and V as in previous studies [35, 36].

The values of motor and visual widths of the start area equaled
V because we wanted to prevent the participants from pre-
suming the motor width of the target before starting a trial.
The motor and visual widths of the target equaled those of the
distractors. There was no margin between the larger of the
motor and visual widths (Figure 5).

One set consisted of 2A× 4M× 4V = 32 trials for a fixed
Distractor condition. The orders of A, M, and V were ran-
domized in a set. By each Distractor, after an introduc-
tory practice set, each participant completed ten sets to pro-
duce experimental data. The order of Distractor was bal-
anced among the 12 participants. A total of 7,680 trials (i.e.,
2Distractor×2A×4M×4V×10 sets×12 participants) were
conducted, which required approximately 20 min per partici-
pant.

Measurements
The dependent variables included the dwell time DT (the time
from entering the target to clicking the target, excluding error
trials), MT (the time from clicking the start area to click-
ing the target, excluding error trials), standard deviation of
x-coordinate SDx (the origin was the center of the target, in-
cluding the error trials), and error rate. The data processing
followed that in previous studies [29, 33, 35, 36].

RESULTS
Among the 7,678 trials (2 were outliers5), 143 errors occurred
(1.86%). The error rate was lower than those in previous stud-
ies [23, 29, 33, 35]. According to the participants’ comments
after the experiment, they performed the pointing operation
while watching the highlight of the motor width. Thus, we
believe that because the highlight allows the participants to
operate more accurately, a lower error rate was observed. On
the other hand, the fact that the highlight helped in pointing
operations was the opposite of the effect found in previous
studies [6, 7].

We analyzed the data by using repeated-measures analysis
of variations (ANOVA) with Bonferroni correction as the p-
value adjustment method. The independent variables were
Distractor, A, M, and V , and the dependent variables were
the same as those used in the measurements. In our graphs
5When the clicked position was below A/2, the trial was regarded as
an outlier following previous studies [8, 33, 35]. We did not use the
criterion based on W because this task had different motor and visual
widths.
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Figure 6. DT vs. Distractor, A, M, and V .

Figure 7. DT for Distractor×M×V and A×M×V .

of the results, the error bars represent the standard error, and
***, **, and * indicate p < 0.001, p < 0.01, and p < 0.05,
respectively.

Dwell Time
We observed the main effect for M (F3,33 = 15.02, p <

0.001,η2
p = 0.58) not Distractor (F1,11 = 1.78, p =

0.21,η2
p = 0.14), A (F1,11 = 2.59, p = 0.14,η2

p = 0.19), and
V (F3,33 = 2.59, p = 0.07,η2

p = 0.19). Figure 6 shows the re-
sults of the post-hoc test. We also observed the interactions for
Distractor×M (F3,33 = 11.12, p < 0.001,η2

p = 0.50), A×V
(F3,33 = 4.00, p < 0.05,η2

p = 0.27), Distractor × M × V
(F9,99 = 11.40, p < 0.001,η2

p = 0.51, Figure 7), and
A×M ×V (F9,99 = 2.18, p < 0.05,η2

p = 0.17, Figure 7).
Regarding Distractor ×M ×V , when V was small or M
was large, the difference between Distractor was significant.
Regarding A×M×V , decreasing M or increasing V decreased
DT .

Movement Time
We observed the main effects for A (F1,11 = 90.18, p <

0.001,η2
p = 0.89) and M (F3,33 = 326.65, p < 0.001,η2

p =

0.97) not Distractor (F1,11 = 1.14, p = 0.31,η2
p = 0.09) and

V (F3,33 = 2.49, p = 0.08,η2
p = 0.18). Figure 8 shows the re-

sults of the post-hoc test. We also observed the interactions
for Distractor×M (F3,33 = 6.01, p< 0.01,η2

p = 0.35), M×V
(F9,99 = 4.80, p < 0.001,η2

p = 0.30), and Distractor×M×V
(F9,99 = 2.56, p < 0.05,η2

p = 0.19). For Distractor×M×V ,
the difference between Distractor was not significant, increas-
ing M decreased MT , and increasing V slightly decreased MT
(Figure 9).

Figure 8. MT vs. Distractor, A, M, and V .

Figure 9. MT vs. Distractor×M×V .

Figure 10. SDx vs. Distractor, A, M, and V .

Standard Deviation of x-coordinate
We observed the main effects for Distractor (F1,11 =

31.49, p < 0.001,η2
p = 0.74), M (F3,33 = 95.20, p <

0.001,η2
p = 0.90), and V (F3,33 = 2.98, p < 0.05,η2

p = 0.21)
not A (F1,11 = 0.72, p = 0.41,η2

p = 0.06). Figure 10 shows
the results of the post-hoc test. We also observed the in-
teractions for Distractor×M (F3,33 = 25.67, p < 0.001,η2

p =

0.70), Distractor×V (F3,33 = 4.75, p < 0.01,η2
p = 0.30), and

Distractor×M×V (F9,99 = 2.98, p < 0.01,η2
p = 0.21). For

Distractor×M×V , when M was large, the difference be-
tween Distractor was significant (Figure 11).

Error Rate
We observed the main effects for M (F3,33 = 23.39, p <

0.001,η2
p = 0.68) and V (F3,33 = 3.20, p < 0.05,η2

p = 0.23)
not Distractor (F1,11 = 0.00, p = 0.95,η2

p = 0.00) and A
(F1,11 = 0.24, p = 0.63,η2

p = 0.02). Figure 12 shows the re-
sults of the post-hoc test. No interactions were observed.

Model Fitting
Although there was no significant difference between
Distractor conditions, we decided to verify the model fitness
separated by each Distractor; models do not include the vari-
able of Distractor. The reason is that interfaces simulated by
the task differed depending on the presence or absence of the
distractors. In addition, we believe that it may be inconvenient
for models to include Distractor because even if the absence
of the distractors is predicted to decrease movement time, UI
designers cannot remove the distractors from a navigation bar
for example.

Figure 11. SDx vs. Distractor×M×V .
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Figure 12. Error rate vs. Distractor, A, M, and V .

We found that movement time was affected significantly by
motor width and slightly by visual width (Figure 8). Thus, fol-
lowing previous studies [35, 36], we selected IDm (Models #1
and #2 in Table 1) and IDv (Models #3 and #4 in Table 1) as
candidate models. These models are built by replacing W in
the original Fitts’ law (Equations 3 and 4) with the motor (M)
or visual (V ) width. As shown in Table 1, the IDm models
showed sufficient fits for each Distractor. However, we also
found that visual width affected the spread of clicked positions
and error rate (Figures 10 and 12). Thus, interfaces designed
on the basis of IDm (i.e., only considering that motor width)
may frustrate users when they perform pointing operations.
That is, we believe that a model needs to include the visual
width.

When users perform operations on interfaces where motor and
visual widths are different, they can only aim for the visual
width at first, see the motor width by highlighting it, and then
operate a cursor on the basis of the motor width. Based on
the results that the interactions for A×M and A×V were not
observed and that increasing visual width slightly decreases
movement time, visual width may be added to a model in a
form similar to motor width. Our model is as follows:

MT = a+b log2

(
A
M

)
+ c log2

(
A
V

)
. (10)

In normal Fitts’ tasks, motor width equals visual width (i.e.,
M =V ), and when M =V , letting b′ = b+c, our model equals
the original Fitts’ law (Equation 3). In addition, Equation 10
can be converted as follows:

MT = a+b log2

√(
A
M

)2

+ c
(

A
V

)2

. (11)

According to Hoffmann et al. [26], if c is smaller than b,
Equation 10 can be approximated to Equation 11. Note that
Equation 11 was not derived to account for the weighted Eu-
clidean distance of the target width and height proposed in a
previous study [2]. We found that the effect of V on move-
ment time is smaller than that of M (η2

p = 0.18 vs. 0.97,
respectively); thus, we believe that c may also become small,
enabling approximation. Equation 11, when M = V , letting
a′ = a+b log2

√
(1+ c), equals Equation 3. That is, our two

models have consistency with the original Fitts’ law.

In addition to these models, we verified the Shannon formu-
lation versions of the models (Models #6 and #8 in Table 1)
where ‘+1’ is added to the logarithm term of the models. It was
revealed that ‘+1’ improved model fitness [21, 25, 26, 28, 29];
thus, we added the ‘+1’ versions to the candidate models.
Such a posteriori modification has been conducted previously,
e.g., [12].

Table 1 shows all candidate models. Some models have two
regression constants, and others have three. Comparing IDm1
and IDmv1 (segmented) for example, when c = 0 in IDmv1
(segmented), these models become the same, i.e., IDmv1 (seg-
mented) shows a better R2 than IDm1. Thus, we analyzed the
model fitness by using adjusted R2 and Akaike’s Information
Criterion (AIC) [5]. A model that shows a good fit shows
a higher adjusted R2 and lower AIC [15, 32, 43]. As shown
in Table 1, for both Distractor conditions, IDmv1 (combined)
and IDmv2 (combined) showed the best fits. In addition, the c
values in our models were small, which is consistent with the
slight effect of V .

Because movement time strongly depended on motor width
and increasing motor width increased SDx, we verified the
model fitness of IDe (Equation 5) by each Distractor. Un-
der both Distractor conditions, IDe showed sufficient fits
(MT = 262+146IDe with R2 = 0.937 in Distractor = True,
MT = 241+150IDe with R2 = 0.858 in Distractor = False).
Usuba et al. [35] also showed that using the effective width
allows researchers to predict movement time, and our results
support this fact. We also found that the effective width can
be used even if the distractors exist. That is, researchers can
compare the performance of devices (e.g., mouse vs. finger)
with different accuracies under a condition in which motor
and visual widths differ and distractors exist.

Discussion
As shown in Figure 8, we found that MT did not depend
on the presence or absence of the distractors (Distractor).
Some participants said that they always aimed for the center
of the target regardless of whether the distractors existed. This
is one reason that the distractors did not affect movement
time. On the other hand, the spread of clicked positions (SDx)
was affected by Distractor (Figure 10): the presence of the
distractors increased SDx. Some participants said that they
performed pointing operations while relying on the highlight
of the motor width of the left distractor; they judged the size
of the motor width of the target by observing the highlight of
the motor width of the left distractor. Thus, the participants
sometimes accidentally clicked on the motor width of the
distractor. We believe that such operation increased SDx.

Usuba el al. found that dwell time and movement time are
U-shaped functions whose origin point is located where the
motor and visual widths are the same when users click on a
target with different motor and visual widths [35]. As shown
in Figures 7 and 9, we did not obtain such results. In their
tasks, the motor width was highlighted before starting a trial,
i.e., the participants knew the motor width in advance. In our
task, the participants did not know the motor width in advance;
thus, we believe this is why different results were obtained

For Distractor = True, IDm2 showed a good fit; however,
for Distractor = False, because the model fitness of IDm2
decreased, we found that the effect of V should be consid-
ered. The model fitness of IDmv2 (combined) showed the
best fits under both Distractor. In addition, comparing with
IDmv1 (combined), we also found that adding ‘+1’ improves
model fitness even if motor and visual widths are different.
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Table 1. Model fitting by each Distractor (N = 32). All regression constants a, b, and c with 95% confidence intervals (CIs) [lower, upper].
Model Equation

Distractor = True Distractor = False
a b c adj. R2 AIC a b c adj. R2 AIC

#1 IDm1 MT = a+b log2
( A

M

) 431 112
0.948 306

515 95.0
0.872 328[394, 470] [102, 122] [461, 569] [81.1, 109]

#2 IDm2 MT = a+b log2
( A

M +1
) 382 121

0.953 304
472 103

0.879 326[341, 423] [111, 131] [414, 530] [88.3, 17]

#3 IDv1 MT = a+b log2
( A

V

) 791 16.6
0.021 401

794 20.9
0.042 392[622, 959] [-26.6, 59.8] [647, 941] [-16.9, 58.7]

#4 IDv2 MT = a+b log2
( A

V +1
) 783 17.9

0.021 401
785 22.6

0.042 392[597, 969] [-28.7, 64.5] [622, 948] [-18.2, 63.3]

#5 IDmv1 (segmented) MT = a+b log2
( A

M

)
+ c log2

( A
V

) 390 111 11.6
0.959 301

455 94.2 16.7
0.898 322[343, 437] [102, 120] [2.69, 20.5] [389, 520] [81.9, 107] [4.34, 29.0]

#6 IDmv2 (segmented) MT = a+b log2
( A

M +1
)
+ c log2

( A
V +1

) 335 120 12.6
0.963 298

405 102 18.1
0.906 320[286, 385] [111, 129] [3.52, 21.7] [335, 475] [89.3, 115] [5.27, 30.9]

#7 IDmv1 (combined) MT = a+b log2

√( A
M

)2
+ c
( A

V

)2
387 121 0.035

0.967 295
427 112 0.102

0.942 304[347, 426] [112, 130] [0.011, 0.058] [378, 476] [101, 124] [0.047, 0.157]

#8 IDmv2 (combined) MT = a+b log2

(√( A
M

)2
+ c
( A

V

)2
+1
)

336 130 0.036
0.970 291

381 121 0.104
0.947 301[295, 377] [121, 140] [0.012, 0.059] [330, 431] [109, 132] [0.051, 0.158]

In summary, we recommend UI designers to use IDmv2 (com-
bined). The time prediction model for different motor and
visual widths was built for the first time from our experiment,
and our results extended the knowledge of previous studies.

EXPERIMENT 2: EFFECTS OF INTERVAL BETWEEN DIS-
TRACTORS AND TARGET
Navigation bars sometimes have intervals between items such
as in Figure 1b. When M > V in Figure 5, there seem to be
intervals; however, the motor width of the target touches those
of the distractors. In Experiment 2, the target does not touch
the distractors in either motor or visual width (Figure 2c).
In Experiment 1, when there were intervals, the participants
could predict that the motor width is larger than the visual
width. However, in Experiment 2, because there were intervals
between the motor widths, participants could not predict it.
On the basis of Equation 9, we presumed that increasing the
intervals decreased the movement time; that is, we presumed
that pointing performance depends on the size of the intervals.

The apparatus, participants, and measurements were the same
as in Experiment 1.

Task, Design, and Procedure
In this experiment, the task (Figure 2c) included the intervals
(I) between the target and distractors in addition to the task of
Experiment 1. The participants had to do the same actions as
in Experiment 1: they clicked on the blue start area and then
aimed for the green target while avoiding the white distractors.

The variables of A, M, and V were the same as those in Ex-
periment 1. Unlike in Experiment 1, there were always the
distractors (i.e., always Distractor = True). The I was 0, 20,
40, or 70 pixels (0, 3.41, 6.82, or 11.94 mm, respectively)

The orders of A, M, V , and I were randomized. One set
consisted of 2A×4M×4V ×4I = 128 trials. After an intro-
ductory practice set, each participant completed seven sets
to produce experimental data. A total of 10,752 trials (i.e.,
2A×4M×4V×4I×7 sets×12 participants) were conducted,
which required approximately 35 min per participant.

RESULTS
Among the 10,750 trials (there were 2 outliers), 382 errors
occurred (3.55%). We analyzed the data by using repeated-
measures ANOVA with Bonferroni correction as the p-value

Figure 13. DT vs. A, M, V , and I.

Figure 14. M×V × I for DT .

adjustment method. The independent variables were A, M, V ,
and I, and the dependent variables were the same as those in
Experiment 1.

Dwell Time
We observed the main effects for A (F1,11 = 14.57, p <

0.01,η2
p = 0.57), M (F3,33 = 21.58, p < 0.001,η2

p = 0.66),
and I (F3,33 = 33.01, p < 0.001,η2

p = 0.75) not V (F3,33 =

0.62, p = 0.61,η2
p = 0.053). Figure 13 shows the results

of the post-hoc test. We also observed the interactions for
V × I (F9,99 = 4.27, p < 0.001,η2

p = 0.28) and M ×V × I
(F27,297 = 1.78, p < 0.05,η2

p = 0.14). When M and V were
small for M×V × I, the differences between Is were signifi-
cant (Figure 14).

Movement Time
We observed the main effects for A (F1,11 = 114.77, p <

0.001,η2
p = 0.91), M (F3,33 = 160.12, p < 0.001,η2

p = 0.94),
and I (F3,33 = 4.57, p < 0.01,η2

p = 0.29) not V (F3,33 =

2.33, p = 0.092,η2
p = 0.17). Figure 15 shows the results

of the post-hoc test. We also observed the interactions
for M ×V (F9,99 = 5.42, p < 0.001,η2

p = 0.33) and V × I
(F9,99 = 2.34, p < 0.05,η2

p = 0.18). For M×V , increasing
M increased the differences between V s (Figure 16 left). For
V × I, when V = 40, the differences between Is were signifi-
cant (Figure 16 right).
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Figure 15. MT vs. A, M, V , and I.

Figure 16. M×V and V × I for MT .

Standard Deviation of x-coordinate
We observed the main effects for M (F3,33 = 136.63, p <

0.001,η2
p = 0.93), V (F3,33 = 3.12, p < 0.05,η2

p = 0.22), and
I (F3,33 = 3.04, p < 0.05,η2

p = 0.22) not A (F1,11 = 2.81, p =

0.12,η2
p = 0.20). Figure 17 shows the results of the post-hoc

test. We also observed the interaction for M×V (F9,99 =

3.49, p < 0.001,η2
p = 0.24). Regarding M×V , increasing M

increased the differences between V (Figure 18).

Error Rate
We observed the main effects for A (F1,11 = 7.89, p <

0.05,η2
p = 0.42), M (F3,33 = 24.72, p < 0.001,η2

p = 0.69), V
(F3,33 = 3.53, p < 0.05,η2

p = 0.24) and I (F3,33 = 5.66, p <

0.01,η2
p = 0.34). Figure 19 shows the results of the post-hoc

test. We also observed the interactions for M× I (F9,99 =

2.04, p < 0.05,η2
p = 0.16) and A×M× I (F9,99 = 2.50, p <

0.05,η2
p = 0.18). For A×M×I, increasing the size of I almost

always increased the error rate (Figure 20).

Model Fitting
As shown in Figure 15, we found that increasing the I between
the target and distractors decreased MT . We also found the
interactions for M×V and V × I on MT . In addition, we
observed that M and I had larger effects than V . Thus, we
presume that the relationship between M and V is similar to
that between I and V .

We can obtain a model (Equation 12) by adding I in a similar
form to M to Model #8 in Table 1. The range of I is presumed
to be [0,∞]; thus, if we simply add I to the model, division by
zero occurs when I = 0. On the basis of a previous study [33],
we added ‘0.0049’, which can be rounded to ‘0.00’ due to
preventing division by zero.

Figure 17. SDx vs. A, M, V , and I.

Figure 18. M×V for SDx.

Figure 19. Error rate vs. A, M, V , and I.

MT = a+b1 log2

(√( A
M

)2
+ c
( A

V

)2
+1
)
+b2 log2

(√( A
I+0.0049

)2
+d
( A

V

)2
+1
)

(12)

Hereafter, b1, b2, and d are also regression constants.

Considering that the effect of V was slight, the term d
( A

V

)
may not contribute much to the model fitness. In addition,
because the interaction for A× I was not observed and it is
convenient that the model is consistent with Model #8 in
Table 1, Equation 12 is converted as follows.

MT = a+b1 log2

(√( A
M

)2
+ c
( A

V

)2
+1
)
+b2 log2

( 1
I+0.0049 +1

)
(13)

In this Equation, when I = 0 for example, the logarithm term
including I becomes b2 log2 (1/0.0049+1); thus, it is a con-
stant. In addition, when I = ∞, the logarithm term becomes
b2 log2 (1); thus, it vanishes. That is, Equation 13 is consistent
with Model #8 in Table 1. Moreover, in the original Fitts’ task
where M =V and I = ∞ (there are no distractors), Equation 13
can be approximated to Equation 4. Although Equation 9 can
consider the position of the distractors, all distractors need to
have the same ID as that of the target. In Experiment 2, the
distractors have the same motor and visual width as that of
the target, i.e., the distractors’ ID differ from the target’s ID.
Thus, we newly built the model that can consider the interval
between the target and distractors instead of Equation 9.

We verified adjusted R2 and AIC of all candidate models (Ta-
ble 2). In the candidate models, we used ‘+1‘ versions. The
IDmvi2 model showed the highest R2 and lowest AIC. The
difference between the AIC values of IDmvi1 and IDmvi2 was
small. However, because IDmvi2 has fewer constants and is

Figure 20. Error rate vs. A×M× I.
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Table 2. Model fitting for all conditions (N = 128). All regression constants a, b1, c, d, and b2 with 95% CIs [lower, upper].
Model Equation a b1 c d b2 adj. R2 AIC

#1 IDm2 MT = a+b1 log2
( A

M +1
) 374 111

0.924 1234[351, 397] [105, 117]

#2 IDmv2 (combined) MT = a+b1 log2

(√( A
M

)2
+ c
( A

V

)2
+1
) 314 123 0.054

0.954 1172[292, 337] [118, 128] [0.038, 0.071]

#3 IDmvi1 MT = a+b1 log2

(√( A
M

)2
+ c
( A

V

)2
+1
)
+b2 log2

(√( A
I+0.0049

)2
+d
( A

V

)2
+1
) 307 123 0.055 -0.082 0.99

0.957 1166[284, 329] [118, 128] [0.038, 0.072] [-0.082, -0.082] [0.28, 1.69]

#4 IDmvi2 MT = a+b1 log2

(√( A
M

)2
+ c
( A

V

)2
+1
)
+b2 log2

( 1
I+0.0049 +1

) 311 123 0.054 1.74
0.957 1165[289, 333] [118, 128] [0.038, 0.070] [0.56, 2.92]

Table 3. Model fitting for three experiments of previous studies. All regression constants a, b, and c with 95% CIs [lower, upper].
Model Equation

Experiment in [36] (N = 24) Experiment 1 in [35] (N = 32) Experiment 2 in [35] (N = 32)
a b c adj. R2 AIC a b c adj. R2 AIC a b c adj. R2 AIC

#1 IDm2 MT = a+b log2
( A

M +1
) 263 159

0.901 258
486 112

0.861 336
381 115

0.975 291[111, 414] [134, 183] [417, 554] [94.6, 129] [356, 406] [109, 121]

#2 IDmv2 (combined) MT = a+b log2

(√( A
M

)2
+ c
( A

V

)2
+1
)

140 192 0.0086
0.980 222

399 129 0.087
0.914 323

362 117 0.16
0.977 291[-74.6, 103] [179, 205] [0.0061, 0.011] [329, 469] [113, 145] [0.025, 0.15] [331, 393] [111, 123] [-0.033, 0.36]

consistent with Model #8 in Table 1 and Equation 4, IDmvi2 is
the best of the candidate models.

The model fitness of IDe (N = 128) was MT = 229+145IDe
with R2 = 0.870; thus, using the effective width also showed
a sufficient fit in Experiment 2.

Discussion
As shown in Figure 15, we found that enlarging I between the
target and distractors decreased MT . However, enlarging I
increased the spread of the clicked positions (SDx) and error
rate (Figures 17 and 19). Thus, a UI designer can provide wide
intervals to allow users to perform operations more quickly but
less accurately. In addition, the dwell time was not a U-shaped
function. This is not consistent with that found by Usuba et
al. [35] but matches that from Experiment 1. That is, when
users do not know the size of the motor width in advance, the
dwell time may not be a U-shaped function.

We constructed a model (Model #4 in Table 2) that can con-
sider the intervals between the target and distractors, and
the model showed the highest adjusted R2 and lowest AIC.
In terms of the equation form, the model is consistent with
Model #8 in Table 1 constructed on the basis of the results from
Experiment 1. However, the predicted MT may not be con-
sistent with the results of Experiment 1. In Experiment 1, as
shown in Figure 8, although the difference between Distractor
was not significant for MT , MT when Distractor = True was
smaller than that when Distractor = False. However, accord-
ing to Equation 13, the predicted MT when Distractor = True
(i.e., I = 0) was larger than that when Distractor = False (i.e.,
I = ∞). Thus, we believe that to apply our model to wide
ranges of conditions, it should be refined. On the other hand,
comparing Model #4 in Table 2 with Equation 9, both mod-
els show that increasing the interval between the target and
distractors decreases the movement time. That is, enlarging I
does not necessarily decrease MT ; thus, we believe that there
is a threshold for the effect of I.

In summary, although there are some limitations, we con-
structed a model that can consider the difference between
motor and visual widths and the intervals between the target
and distractors on the basis of the results from Experiments 1
and 2.

MODEL FITTING FOR DATA OF EXISTING STUDIES
Usuba et al. also conducted experiments in which participants
clicked on the target with different motor and visual widths;
one experiment involved a small target width [36] and the oth-
ers involved a larger one [35]. We verified whether our model,
i.e., IDmv2 (combined), shows a good fit for their data. Their
studies also found that movement time is affected strongly
by motor width and slightly by visual width. The results of
their studies are similar to ours; thus, we believe that IDmv2
(combined) can predict movement time for their data more
accurately.

Table 3 shows the model fitness for Experiment in [36], Exper-
iment 1 in [35], and Experiment 2 in [35]. Except for the data
of Experiment 2 in [35], IDmv2 (combined) showed larger R2

and lower AIC. In Experiment 2 in [35], the range of motor
width by each visual width depended on the value of the visual
width. As Usuba et al. mentioned in that paper, because the
effect of visual width depended on the range of the motor
width (the effect of visual width decreased), the original Fitts’
law showed high R2. Thus, the results may also depend on
the experimental condition. On the other hand, considering
the difference in AIC, IDmv2 (combined) did not show a worse
fit for Experiment 2 in [35]. In summary, IDmv2 (combined)
showed good fits for the data of three previous studies, which
empirically support it.

LIMITATION AND FUTURE WORK
Our IDmvi2 (combined) can provide UI designers with the
optimal motor width, visual width, and intervals in terms of
movement time; however, we did not find the optimal values
in terms of total user performance. In Experiments 1 and
2, increasing the visual width or increasing the intervals in-
creased the error rate; however, our model shows the opposite;
increasing the visual width or increasing intervals decreased
movement time. That is, in interfaces based on our model,
users can perform pointing operations faster but may become
frustrated. In addition, if a navigation bar has larger intervals
between items, the navigation bar also becomes larger; the
distance to each item is also larger, and the total movement
time in the navigation bar may become longer. Constructing a
model considering total user performance is for future work.

Our model showed good fits for five experimental datasets (two
internal dataset and three external dataset), which supports
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that its high fitness is not overfitting. That is, our model was
shown to be empirically correct.

In actual GUIs, such as those in Figure 1, for example, the
positions of distractors are vertical or horizontal, the visual
width by each object differs, and the objects have certain
height. Our model is a baseline model and for 1D pointing
tasks. More practically, it should be refined to consider the
above factors.

CONCLUSION
We conducted two experiments to investigate the effect of
distractors and intervals between the target and distractors.
On the basis of the results, we constructed a model that can
consider motor and visual widths and intervals. Our model
shows good fits for not only the data of our two experiments
but also those of three previous studies. That is, it allows
designers to adjust motor and visual widths and intervals on
the basis of the movement time. We also found that even
when there are distractors and intervals, Fitts’ law using the
effective width shows a good fit. Thus, researchers can also
compare input devices that have different accuracy in such a
situation. We expect that in modeling studies, including ours,
any pointing operations and situations can be modeled, and all
users can explore GUIs without frustration.

REFERENCES
[1] Johnny Accot and Shumin Zhai. 1997. Beyond Fitts’

Law: Models for Trajectory-based HCI Tasks. In
Proceedings of the ACM SIGCHI Conference on Human
Factors in Computing Systems (CHI ’97). ACM, New
York, NY, USA, 295–302. DOI:
http://dx.doi.org/10.1145/258549.258760

[2] Johnny Accot and Shumin Zhai. 2003. Refining Fitts’
Law Models for Bivariate Pointing. In Proceedings of
the SIGCHI Conference on Human Factors in
Computing Systems (CHI ’03). ACM, New York, NY,
USA, 193–200. DOI:
http://dx.doi.org/10.1145/642611.642646

[3] Jos J. Adam, Robin Mol, Jay Pratt, and Martin H.
Fischer. 2006. Moving Farther but Faster: An Exception
to Fitts’s Law. Psychological Science 17, 9 (2006),
794–798. DOI:
http://dx.doi.org/10.1111/j.1467-9280.2006.01784.x

PMID: 16984297.

[4] David Ahlström. 2005. Modeling and Improving
Selection in Cascading Pull-down Menus Using Fitts’
Law, the Steering Law and Force Fields. In Proceedings
of the SIGCHI Conference on Human Factors in
Computing Systems (CHI ’05). ACM, New York, NY,
USA, 61–70. DOI:
http://dx.doi.org/10.1145/1054972.1054982

[5] Hirotugu Akaike. 1974. A new look at the statistical
model identification. IEEE Trans. Automat. Control 19,
6 (December 1974), 716–723. DOI:
http://dx.doi.org/10.1109/TAC.1974.1100705

[6] Motoyuki Akamatsu, I. Scott Mackenzie, and Thierry
Hasbroucq. 1995. A comparison of tactile, auditory, and

visual feedback in a pointing task using a mouse-type
device. Ergonomics 38, 4 (1995), 816–827. DOI:
http://dx.doi.org/10.1080/00140139508925152 PMID:
7729406.

[7] Caroline Appert, Olivier Chapuis, and Michel
Beaudouin-Lafon. 2008. Evaluation of Pointing
Performance on Screen Edges. In Proceedings of the
Working Conference on Advanced Visual Interfaces (AVI
’08). ACM, New York, NY, USA, 119–126. DOI:
http://dx.doi.org/10.1145/1385569.1385590

[8] Nikola Banovic, Tovi Grossman, and George
Fitzmaurice. 2013. The Effect of Time-based Cost of
Error in Target-directed Pointing Tasks. In Proceedings
of the SIGCHI Conference on Human Factors in
Computing Systems (CHI ’13). ACM, New York, NY,
USA, 1373–1382. DOI:
http://dx.doi.org/10.1145/2470654.2466181

[9] Xiaojun Bi, Yang Li, and Shumin Zhai. 2013. FFitts
Law: Modeling Finger Touch with Fitts’ Law. In
Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (CHI ’13). ACM, New
York, NY, USA, 1363–1372. DOI:
http://dx.doi.org/10.1145/2470654.2466180

[10] Renaud Blanch and Michael Ortega. 2011.
Benchmarking Pointing Techniques with Distractors:
Adding a Density Factor to Fitts’ Pointing Paradigm. In
Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (CHI ’11). Association
for Computing Machinery, New York, NY, USA,
1629–1638. DOI:
http://dx.doi.org/10.1145/1978942.1979180

[11] Ana C. Bradi, Jos J. Adam, Martin H. Fischer, and Jay
Pratt. 2009. Modulating Fitts’s Law: the effect of
disappearing allocentric information. Experimental
Brain Research 194, 4 (2009), 571–576. DOI:
http://dx.doi.org/10.1007/s00221-009-1733-5

[12] Xiang Cao, Jacky Jie Li, and Ravin Balakrishnan. 2008.
Peephole Pointing: Modeling Acquisition of
Dynamically Revealed Targets. In Proceedings of the
SIGCHI Conference on Human Factors in Computing
Systems (CHI ’08). ACM, New York, NY, USA,
1699–1708. DOI:
http://dx.doi.org/10.1145/1357054.1357320

[13] Stuart K. Card, William K. English, and Betty J. Burr.
1978. Evaluation of Mouse, Rate-Controlled Isometric
Joystick, Step Keys, and Text Keys for Text Selection on
a CRT. Ergonomics 21, 8 (1978), 601–613. DOI:
http://dx.doi.org/10.1080/00140137808931762

[14] Géry Casiez, Daniel Vogel, Qing Pan, and Christophe
Chaillou. 2007. RubberEdge: Reducing Clutching by
Combining Position and Rate Control with Elastic
Feedback. In Proceedings of the 20th Annual ACM
Symposium on User Interface Software and Technology
(UIST ’07). ACM, New York, NY, USA, 129–138. DOI:
http://dx.doi.org/10.1145/1294211.1294234

10

http://dx.doi.org/10.1145/258549.258760
http://dx.doi.org/10.1145/642611.642646
http://dx.doi.org/10.1111/j.1467-9280.2006.01784.x
http://dx.doi.org/10.1145/1054972.1054982
http://dx.doi.org/10.1109/TAC.1974.1100705
http://dx.doi.org/10.1080/00140139508925152
http://dx.doi.org/10.1145/1385569.1385590
http://dx.doi.org/10.1145/2470654.2466181
http://dx.doi.org/10.1145/2470654.2466180
http://dx.doi.org/10.1145/1978942.1979180
http://dx.doi.org/10.1007/s00221-009-1733-5
http://dx.doi.org/10.1145/1357054.1357320
http://dx.doi.org/10.1080/00140137808931762
http://dx.doi.org/10.1145/1294211.1294234


[15] Olivier Chapuis and Pierre Dragicevic. 2011. Effects of
Motor Scale, Visual Scale, and Quantization on Small
Target Acquisition Difficulty. ACM Trans. Comput.-Hum.
Interact. 18, 3, Article 13 (Aug. 2011), 32 pages. DOI:
http://dx.doi.org/10.1145/1993060.1993063

[16] Olivier Chapuis, Jean-Baptiste Labrune, and Emmanuel
Pietriga. 2009. DynaSpot: Speed-dependent Area
Cursor. In Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems (CHI ’09). ACM,
New York, NY, USA, 1391–1400. DOI:
http://dx.doi.org/10.1145/1518701.1518911

[17] Andy Cockburn and Philip Brock. 2006. Human On-line
Response to Visual and Motor Target Expansion. In
Proceedings of Graphics Interface 2006 (GI ’06).
Canadian Information Processing Society, Toronto, Ont.,
Canada, Canada, 81–87.
http://dl.acm.org/citation.cfm?id=1143079.1143093

[18] Andy Cockburn, Carl Gutwin, and Saul Greenberg.
2007. A Predictive Model of Menu Performance. In
Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (CHI ’07). ACM, New
York, NY, USA, 627–636. DOI:
http://dx.doi.org/10.1145/1240624.1240723

[19] Edward R.F.W. Crossman. 1956. The measurement of
perceptual load in manual operations. Ph.D.
Dissertation. University of Birmingham.

[20] E. R. F. W. Crossman and P. J. Goodeve. 1983. Feedback
control of hand-movement and Fitts’ law. The Quarterly
Journal of Experimental Psychology Section A 35, 2
(1983), 251–278. DOI:
http://dx.doi.org/10.1080/14640748308402133

[21] Heiko Drewes. 2010. Only One Fitts’ Law Formula
Please!. In CHI ’10 Extended Abstracts on Human
Factors in Computing Systems (CHI EA ’10). ACM,
New York, NY, USA, 2813–2822. DOI:
http://dx.doi.org/10.1145/1753846.1753867

[22] Paul M Fitts. 1954. The information capacity of the
human motor system in controlling the amplitude of
movement. Journal of experimental psychology 47, 6
(1954), 381.

[23] Tovi Grossman and Ravin Balakrishnan. 2005. The
Bubble Cursor: Enhancing Target Acquisition by
Dynamic Resizing of the Cursor’s Activation Area. In
Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (CHI ’05). ACM, New
York, NY, USA, 281–290. DOI:
http://dx.doi.org/10.1145/1054972.1055012

[24] Carl Gutwin. 2002. Improving Focus Targeting in
Interactive Fisheye Views. In Proceedings of the
SIGCHI Conference on Human Factors in Computing
Systems (CHI ’02). ACM, New York, NY, USA,
267–274. DOI:
http://dx.doi.org/10.1145/503376.503424

[25] Errol R. Hoffmann. 2013. Which Version/Variation of
Fitts’ Law? A Critique of Information-Theory Models.
Journal of Motor Behavior 45, 3 (2013), 205–215. DOI:

http://dx.doi.org/10.1080/00222895.2013.778815

PMID: 23581725.

[26] Errol R. Hoffmann, Colin G. Drury, and Carol J.
Romanowski. 2011. Performance in one-, two- and
three-dimensional terminal aiming tasks. Ergonomics 54,
12 (2011), 1175–1185. DOI:
http://dx.doi.org/10.1080/00140139.2011.614356

PMID: 22103725.

[27] Paul Kabbash and William A. S. Buxton. 1995. The
“Prince” Technique: Fitts’ Law and Selection Using
Area Cursors. In Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems (CHI ’95).
ACM Press/Addison-Wesley Publishing Co., New York,
NY, USA, 273–279. DOI:
http://dx.doi.org/10.1145/223904.223939

[28] I. Scott MacKenzie. 1989. A Note on the
Information-Theoretic Basis for Fitts’ Law. Journal of
Motor Behavior 21, 3 (1989), 323–330. DOI:
http://dx.doi.org/10.1080/00222895.1989.10735486

PMID: 15136269.

[29] I. Scott MacKenzie. 1992. Fitts’ Law As a Research and
Design Tool in Human-computer Interaction.
Hum.-Comput. Interact. 7, 1 (March 1992), 91–139.
DOI:http://dx.doi.org/10.1207/s15327051hci0701_3

[30] I. Scott MacKenzie, Abigail Sellen, and William A. S.
Buxton. 1991. A Comparison of Input Devices in
Element Pointing and Dragging Tasks. In Proceedings of
the SIGCHI Conference on Human Factors in
Computing Systems (CHI ’91). ACM, New York, NY,
USA, 161–166. DOI:
http://dx.doi.org/10.1145/108844.108868

[31] Robert Pastel. 2006. Measuring the Difficulty of
Steering Through Corners. In Proceedings of the
SIGCHI Conference on Human Factors in Computing
Systems (CHI ’06). ACM, New York, NY, USA,
1087–1096. DOI:
http://dx.doi.org/10.1145/1124772.1124934

[32] Xiangshi Ren, Jing Kong, and Xing-Qi Jiang. 2005.
SH-Model: A Model Based on Both System and Human
Effects for Pointing Task Evaluation. IPSJ Digital
Courier 1 (2005), 193–203. DOI:
http://dx.doi.org/10.2197/ipsjdc.1.193

[33] R. William Soukoreff and I. Scott MacKenzie. 2004.
Towards a standard for pointing device evaluation,
perspectives on 27 years of Fitts’ law research in HCI.
International Journal of Human-Computer Studies 61, 6
(2004), 751 – 789. DOI:http://dx.doi.org/https:
//doi.org/10.1016/j.ijhcs.2004.09.001 Fitts’ law 50
years later: applications and contributions from
human-computer interaction.

[34] Xiaojun Su, Oscar Kin-Chung Au, and Rynson W.H.
Lau. 2014. The Implicit Fan Cursor: A Velocity
Dependent Area Cursor. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems
(CHI ’14). ACM, New York, NY, USA, 753–762. DOI:
http://dx.doi.org/10.1145/2556288.2557095

11

http://dx.doi.org/10.1145/1993060.1993063
http://dx.doi.org/10.1145/1518701.1518911
http://dl.acm.org/citation.cfm?id=1143079.1143093
http://dx.doi.org/10.1145/1240624.1240723
http://dx.doi.org/10.1080/14640748308402133
http://dx.doi.org/10.1145/1753846.1753867
http://dx.doi.org/10.1145/1054972.1055012
http://dx.doi.org/10.1145/503376.503424
http://dx.doi.org/10.1080/00222895.2013.778815
http://dx.doi.org/10.1080/00140139.2011.614356
http://dx.doi.org/10.1145/223904.223939
http://dx.doi.org/10.1080/00222895.1989.10735486
http://dx.doi.org/10.1207/s15327051hci0701_3
http://dx.doi.org/10.1145/108844.108868
http://dx.doi.org/10.1145/1124772.1124934
http://dx.doi.org/10.2197/ipsjdc.1.193
http://dx.doi.org/https://doi.org/10.1016/j.ijhcs.2004.09.001
http://dx.doi.org/https://doi.org/10.1016/j.ijhcs.2004.09.001
http://dx.doi.org/10.1145/2556288.2557095


[35] Hiroki Usuba, Shota Yamanaka, and Homei Miyashita.
2018a. Pointing to Targets with Difference Between
Motor and Visual Widths. In Proceedings of the 30th
Australian Conference on Computer-Human Interaction
(OzCHI ’18). ACM, New York, NY, USA, 374–383.
DOI:http://dx.doi.org/10.1145/3292147.3292150

[36] Hiroki Usuba, Shota Yamanaka, and Homei Miyashita.
2018b. User Performance by the Difference Between
Motor and Visual Widths for Small Target Pointing. In
Proceedings of the 10th Nordic Conference on
Human-Computer Interaction (NordiCHI ’18). ACM,
New York, NY, USA, 161–169. DOI:
http://dx.doi.org/10.1145/3240167.3240171

[37] Hiroki Usuba, Shota Yamanaka, and Homei Miyashita.
2019. Touch Pointing Performance for Uncertain
Touchable Sizes of 1D Targets. In Proceedings of the
21st International Conference on Human-Computer
Interaction with Mobile Devices and Services
(MobileHCI ’19). ACM, New York, NY, USA, Article
20, 8 pages. DOI:
http://dx.doi.org/10.1145/3338286.3340131

[38] Aileen Worden, Nef Walker, Krishna Bharat, and Scott
Hudson. 1997. Making Computers Easier for Older
Adults to Use: Area Cursors and Sticky Icons. In
Proceedings of the ACM SIGCHI Conference on Human
Factors in Computing Systems (CHI ’97). ACM, New
York, NY, USA, 266–271. DOI:
http://dx.doi.org/10.1145/258549.258724

[39] Charles E. Wright and Francis Lee. 2013. Issues Related
to HCI Application of Fitts’s Law. Human–Computer
Interaction 28, 6 (2013), 548–578. DOI:
http://dx.doi.org/10.1080/07370024.2013.803873

[40] Shota Yamanaka. 2018a. Effect of Gaps with Penal
Distractors Imposing Time Penalty in Touch-Pointing
Tasks. In Proceedings of the 20th International
Conference on Human-Computer Interaction with
Mobile Devices and Services (MobileHCI âĂŹ18).
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