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ABSTRACT

As one of the most influential laws in human-computer inter-
action for decades, Fitts’ law quantitatively models human
pointing behaviors. However, the majority of Fitts’ law ex-
periments have been conducted in a laboratory environment,
which lends doubt to its validity in a real-world GUI (Graph-
ical User Interface) context. This paper attempts to stress-
test Fitts’ law in the “wild”, namely, under natural web
browsing environments, instead of restricted laboratory set-
tings. In our study, more than 1,000 users’ mouse movement
data are collected passively, during their online sessions of
web browsing. Our analysis shows that, the averaged point-
ing times follow Fitts’ law very well, with linear correlation
above 98%. However, in unaveraged raw data, we observe
considerable deviations from Fitts’ law, with a 46.40% mean
absolute deviation from predicted values. Based on the pre-
dicted pointing time from Fitts’ model, we further classify
the pointing actions into fast, medium, and slow movements.
We observe that, in natural browsing, a fast movement has a
different error model from the other two movements. This is
different from previous findings in restricted environments.
A complete profiling on user pointing performance should
be done in more details, for example, constructing different
error models for slow and fast movements.

1. INTRODUCTION

Web browsing is mainly driven by target acquisition — the
movement of a pointing device, such as a mouse, touchpad,
and stylus, to an on-screen target. The ability to quantify
the way these pointing actions are performed has been stud-
ied heavily before. The previous research works have helped
us better understand the effect human motor control has
on pointing actions, with applications ranging from the de-
sign of more efficient graphical user interfaces (GUIs) [3], to
the creation of accurate pointing devices |16], and human
biometrics security [33}, 47].

Fitts’ law [14] is a classic and well-studied law, which
quantifies pointing actions in terms of the size, distance,
and time to reach the target. The most common formula-
tion of Fitts’ law comes from [30] and is referred to as the
“Shannon formulation”:

A
MT=a+b~log2(W+1>. (1)
In Eq. [T the log term is known as the index of difficulty
(ID). Fitts’ law describes a linear relationship between the
mean time to complete the pointing action (MT) and the
index of difficulty (ID) of the pointing task, which includes
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the distance to the target (A) and the width of the target
in the direction of movement (W). The parameters a and b
are environment- and user-specific.

This law has been one of the most widely used and most
well-respected formulas in human-computer interaction, but
it represents an idealized view of pointing actions. Nearly
all of the experimental results currently in the literature re-
garding Fitts’ law have been performed in extremely clinical
settings — on a blank background, a single target square
or circle appears, and a user must move the cursor from a
starting position to the target as quickly as possible. This
style of pointing, however, is not typical of real-world GUI
applications. Typically, there are many potential targets
on the screen at once. The environment is full of distrac-
tions, instead of a blank white screen, and the user spends
time considering his or her next move, instead of pointing as
quickly as possible. All of these environmental factors might
affect the amount of time it takes for a user to complete a
pointing action. There is very little research detailing how
well Fitts’ law applies, if at all, in such scenarios.

Moreover, Fitts’ law is not merely a single equation in a
vacuum. The law describes a linear model of human point-
ing actions, and a model cannot be defined by its mean
alone. Other side metrics such as the standard deviation or
variance of the model should also be considered when dis-
cussing Fitts’ law, but the majority of the current literature
seems to focus exclusively on the mean as presented by the
common formulation.

This paper attempts to answer the question: how well
does Fitts’ law truly model real human pointing tasks in web
browsing? We examine Fitts’ law in a natural web browsing
environment to determine its validity outside of a structured
experimental setting. This is accomplished through a data
set collected from 1,047 users’ natural mouse traces on a
real-world website. The major contributions of this work
are summarized as follows:

e an application of the Fitts’ law formula to pointing
actions in a natural web browsing environment, in-
volving a large-scale data collection from 1,047 real-
world users on an Internet forum (Section [3.1)), to as-
sess Fitts’ law’s applicability to typical GUIs outside
of an experimental setting (Section ;

e an observation that in web browsing, fast movements
have a different error model from slow movements,
which deviates from previous laboratory studies. We
speculate that this is partially due to the open-loop
nature of fast movements (Section [£.2));



e a comparison of Fitts’ law results for natural brows-
ing using two different pointing devices — physical
mouse and laptop touchpad — to determine whether
the choice of pointing device has an effect on the linear
relationship described by Fitts’ law (Section ;

e an analysis of the standard deviation of Fitts’ law cal-
culations of mean pointing time, to better understand
the variance present in the Fitts model (Section [4.4)).

The remainder of the paper is organized as follows. Sec-
tiondescribes the background of Fitts’ law and web brows-
ing behavior, and surveys related work. Section [3]details our
data collection and processing. Section E| evaluates the va-
lidity of Fitts law under natural web browsing, along with
its proposed error model. Section [5| discusses several Fitts’
law related issues. Section |§| concludes the paper.

2. BACKGROUND AND RELATED WORK

A large number of research works have been conducted to
learn web browsing behaviors, with the goal of measuring
user interests |6, 28] 36|, web page quality [39], search qual-
ity |1, [21], predicting user demographic [20], and providing
personalization [40]. The existing studies are heavily based
on information of pageview activities, including pageview
paths, time spent on webpages, frequencies of webpage vis-
iting, etc. By contrast, in this paper, we explore human
browsing behavior from a different perspective: the kinetics
of user point-and-click actions in web browsing. Our work
is useful in complementing previous works to better model
user browsing behavior in a more comprehensive manner.

We focus on studying Fitts’ law, one of the most influential
laws in human-computer interaction research for decades.
Essentially, Fitts’ law reveals the length of time it takes to
perform a task with a pointing device such as a mouse. For
instance, how long does it take to move the mouse cursor to
a particular position on the screen. It is expressed as in Eq.
The significance of Fitts’ law is that it provides quantita-
tive information regarding the accumulated time of multiple
perceptual-motor feedback cycles for users to interact with
a system using a pointing device.

Fitts’ law is closely related with several theories on sub-
movement analysis, and the major ones, in chronological
order, consist of, the iterative corrections model (8| 24, the
tmpulse variability model [35] (also known as the Schmidt’s
law), and the optimized initial impulse model |32] (also known
as the Meyer’s law). A comprehensive review of the three
models can be found in [34]. The first two models empha-
size on either solely feedback control or solely initial impulse,
while the third model (the Meyer’s law) combines these two
views, and gave a satisfactory explanation supported by em-
pirical evidence. Therefore, the underlying message from
Fitts’ law is an optimal planning of human motor-control
bounded by speed-accuracy tradeoﬂﬂ In another word, even
in a task as simple as reaching for a target, human motor
skill automatically balances the speed and accuracy in an
optimal way, with an outcome of target-reaching both accu-
rately and rapidly.

Note that Schmidt’s and Meyer’s laws can serve as inde-
pendent models for pointing actions, and they are closely

'In presence of speed-accuracy tradeoff, one cannot accu-
rately aim for a target with no error while moving extremely
fast.
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Figure 1: Step-wise movement towards target [11]

related to Fitts’ law. The former is for rapid pointing, and
the latter constitutes a more generalized law (combining
both Fitts” and Schmidt’s laws). However, in terms of ap-
plication, Schmidt’s and Meyer’s laws require submovement
analysis at low level, while Fitts’ law only involves measure-
ments (i.e., total movement time, total distance, and target
size) without any submovement-level variables. Therefore,
due to its simplicity and ease-of-use, along with its success
in many aiming-related experiments |2, (23] |25] [26] |29} |34],
we have chosen Fitts’ law as the focus of this study, instead
of the other laws. And our objective is to specifically verify
if Fitts’ law alone is applicable for modeling daily pointing
actions with computer mice in a natural web browsing envi-
ronment.

Here for simplicity, we present the first model, i.e., the it-
erative corrections model, proposed by Crossman and Good-
eve [8] in 1963. This is not a perfect model in itself, but
it especially reveals how the logarithmic term in Fitts’ law
came from perceptual-motor feedback loops. Figure[I]shows
how the movements in each step get gradually smaller as the
target gets closer, involving discrete cycles of sensing and
movement [11].

It is assumed that each of submovement reduces the dis-
tance to the target geometrically, that is, it moves a constant
fraction 1 —r of the remaining distance. Each of them takes
the same time ¢. When remaining distance is such that the
error circle of the remaining movement is less than the size
of the target then we get inside the target. When the target
has been reached:

w

N
A=
" 2

Solving for N:

1 2A
N=—"log, 2.
log, 1/r 082 Wy

The time required for completing all submovements are:

t t
log, —.
log, 1/r + log, 1/r 082

This especially explains the logarithmic term in Fitts’ law.

A large body of prior works have been dedicated to Fitts’
law, since it was first proposed in 1954 [14]. Seminal works in
the HCI (human-computer interaction) community include
4], 38|, [43], [45], etc. However, only a few of existing
literatures concern with real-life pointing behaviors, based
on unobtrusively collected data.

T =Nt=



Chapuis et al. |[7] are among the first to notice the need
to stress-test Fitts’ law in natural GUI settings. They ques-
tioned if one can apply the Fitts’ law obtained from con-
trolled laboratory experiments to characterize the pointing
activities “in the wild”. Their underlying motivation is the
same as ours, pointing “in the wild” involves far more cogni-
tive processes than in a controlled laboratory setting, such
as deciding what is the target, coping with possible interfer-
ence from the field environment or planning for higher-level
tasks. In their field study of 24 users, the results indeed
deviate from those in controlled laboratory environments.

Slijper et al. applied Bayesian statistics to model hand
movements, drawn from a large-scale collection of users’
daily mouse movements. Human arm movements are found
to be strongly correlated to prior experience, making them
predictable via Bayesian statistics analysis. Thus, Slijper et
al. achieved their primary goal, which is to predict hand
moving directions by utilizing the directional distribution.

Hust et al. conducted another field study on the eval-
uation of real-life pointing performance for motor-impaired
people. High variance is found within each participant, im-
plying that it is insufficient to measure performance based
on a single laboratory session. However, as target width and
distance are not captured in the data collection, the theme
of their study is not focused on the evaluation of Fitts’ law.
Moreover, since the experimented subjects are with motor
impairments, it is unclear if a healthy person will still display
considerable variance.

More recently, the differences between the natural and
laboratory controlled mouse movements are further acknowl-
edged in Gajos et al.’s work [17]. They found that, many of
those mouse pointing movements “in the wild” are affected
by extraneous factors, which include, for example, decid-
ing what task to perform next and searching for the right
user interface element. Motivated by this observation, the
authors unobtrusively collected mouse pointer trajectories
from 18 participants. A classifier is then trained to discrim-
inate between deliberate, targeted mouse pointer movements
and those movements that are distracted.

Meanwhile, Evans and Wobbrock developed the In-
put Observer, a novel tool to passively collect user input
data, from which they measured both text entry and mouse
pointing performance “in the wild”. With regard to pointing
performance, the authors carefully measured target size and
pointing errors by utilizing crowdsourcing. In the process
of raw pointing data, a novel segmentation technique is em-
ployed to identify each trial, and further, outlier removal is
used to damp the noise. As a result, the pointing perfor-
mances “in the wild” are measured to be very close to that
from laboratory studies, in terms of average pointing error,
movement time, and throughput. However, in their work,
only a small subset of collected data (~11% of pointing data)
are considered in order to obtain laboratory-quality results;
by contrast, in this paper, as our goal is to see if Fitts’ law
works well in regular web browsing activities, there is mini-
mal data filtering done.

Overall, our paper significantly differs from these previ-
ous works in terms of scale. Whereas the largest data set of
the previous studies includes 24 volunteer users, our study
involves two orders of magnitude more human users. There
are more than 1,000 participants who are real-world Inter-
net users, and their pointing actions are recorded while us-
ing a web browser. Moreover, we solely focus on pointing
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Figure 2: Layout of the webpage for data collection.
Text links are highlighted by red boxes.

behaviors in web browsing, while the previous works study
pointing data from many different applications at the client
side.

3. DATA COLLECTION

This paper includes two different data sets, obtained un-
der two different circumstances, for the purposes of two dif-
ferent types of measurements. The data sets are described
below, followed by an explanation of how the data is pro-
cessed into a meaningful form.

3.1 Data Sets

In order to assess Fitts’ law in a real-world setting, we
first collect data outside of controlled laboratory conditions.
More than 1,000 unique Internet users’ mouse movements
are recorded by JavaScript code embedded on a web forum

EI , and submitted passively via AJAX requests to the web

server. Figure 2] shows the layout of the website homepage.
Based on the vBulletin template, the webpage has a simple
outlook comprised of text links stacked vertically. Icons and
images are present too, but not visually prominent as text
links. It is impossible to know about online users’ biograph-
ical information (gender, age, education background), and
there is no guarantee on the amount of data collected for
a certain user (a forum user could be logged in for a long
time with frequent mouse activities, or could perform just
one click and then leave). On the other hand, the breadth of
this corpus represents a large sample of real Internet users
browsing naturally, as they were free to browse webpages
without being interrupted. Thus, it is ideal for studying
how well Fitts’ law models natural pointing behavior when
using a web browsing application.

The second data set is collected to study the effect on
Fitts’ law of pointing actions using different pointing de-
vices. This data collection is conducted in a controllable en-
vironment. Ten people are invited personally to participate
in the second set of data collection. They use two differ-
ent pointing devices, mouse and touchpad, to interact with

2 The website is generated from vBulletin forum software,
and has a similar layout as https://www.vbulletin.com/
forum/forum.php. In addition, we do not argue that this is
a representative website, but it suffices as a case study for
exploring the Fitts’ law in the wild.
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GUIs. During the data collection, the users’ activities are
performed naturally without any interference. Their point-
ing actions are recorded using the RUI tool [27].

3.2 Data Processing

The raw mouse movements are represented as the tuples
of timestamp and Cartesian coordinate pairs. Each tuple is
in the form of (ACTION-TYPE, ¢, x,y, TARGET-TYPE), where
ACTION-TYPE is the mouse action type (a mouse-move or
mouse-click), t is the timestamp of the mouse action, z is
the x-coordinate, y is the y-coordinate, and TARGET-TYPE is
the type of clicked target (a text link, text, image, or form
element). All timestamps are collected in milliseconds, and
coordinates in pixels.

These raw data points then are further processed to ex-
tract the pointing actions. Here we choose to consider only
point-and-click actions with a text link target, because the
overwhelmingly dominant majority of pointing targets in the
forum website are text links. A point-and-click is defined
as a continuous movement followed by a click. A continu-
ous movement is defined as a sequence of movement with
little to no pause between the beginning and end of the
movement. Here “little to no pause” means that the time
lapse is less than 100 milliseconds between any two adja-
cent mouse records. Here 100-millisecond is an empirical
threshold, which is roughly the shortest time scale of hu-
man perception [5]. The time for a point-and-click action
is measured from the first mouse-move event to the last
mouse-move event. In our data collection algorithm, raw
mouse records are only generated with either mouse-move
or mouse-click events. Therefore, with respect to a pointing
action with multiple pauses, as long as the period of zero-
velocity is less than 100ms (which is true in most cases),
multiple submovements are still preserved as one point-and-
click. We only choose point-and-click actions because a
movement that ends in a pause (rather than a click) could
just be the user idly “shaking” the mouse cursor or moving
it out of the way on the screen. These types of actions do
not have a definite target, so they are not covered by Fitts’
law. Conversely, if a user clicks at the end of the movement
within a web browser, highly likely it is clicking on a text
link at the forum website, and thus we can assume that the
pointing action has an aiming target—the text link. Note
that our collected pointing data are associated with click-
ing on text-links, as missing the target would fail to send a
server request. The only exception here is when a user clicks
on a text-link accidentally while aiming for a different GUI
target, but this is very unusual. Therefore, we assure that
each collected point-and-click action within a web browser
has a definite target and is error-free.

For each of these point-and-click actions, we calculate the
time to complete the pointing action as the difference in
timestamp from the first mouse-move event to the last one
before the click. The ID is then calculated from the dis-
tance, the difference in Cartesian coordinates between the
beginning of the movement and the click, and the target
size. It is important to measure the target size as accurately
as possible. Several models have been proposed to extend
Fitts’ law to two dimensional targets. It has been evaluated
by [30} |44] that one of the best model is this formula:

T=a+b-loga 1),
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min(W, H)
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Figure 3: ID vs. Mean Time plotted for the forum
users’ data set. The linear correlation is over 98%.
Every data point in the figure is averaged over 180
raw data points.

where min(W, H) is the the smaller dimension of the height
(H) and width (W) of a rectangle target. This model reflects
the wide founded intuition that the smaller of H or W should
dominant overall performance. For this experiment, we filter
all point-and-clicks so that only those with a text-link as
target are considered. Of all clicks, 17 pixels is the font
height of the text hyperlink, which is the smaller dimension
of the text link as a clicking target. For this very reason, we
choose 17 pixels as a universal target width for all clicks on
a text link.

To get the mean movement time M T in Fitts’ formula Eq.
raw data must be averaged. We group the time to point
values by ID into buckets of width 0.5, then each bucket is
averaged to produce a single mean time (MT) point on the
graph.

4. EVALUATION

Fitts’ law describes a linear relationship between the in-
dex of difficulty (ID) of a pointing task and the mean time
(MT) to complete that task. We may not know the val-
ues of parameters a and b ahead of time, but we know the
fit should be linear. Thus, to evaluate how well Fitts’ law
applies on a given data set, we plot the MT vs. ID of the
pointing actions extracted from the data set. We calculate
the correlation coefficient (r) for each plot to measure how
closely it fits a linear function. An r value of close to 1.0
means perfectly linear data (100% linear correlation), while
an r value of close to 0.0 means completely random data
(0% linear correlation)ﬁ

4.1 Fitts’ Law in Natural Browsing

How well does Fitts’ law apply in a natural web browsing
environment? To answer this question, we evaluate the lin-
earity of the first data set, containing 1,047 real-world forum
users’ data. Figure [3[shows the mean movement time (MT)
as a function of I D, where error bars show the standard de-

3The correlation coefficient can actually range from -1 to
1; an 7 value close to -1.0 would mean the data perfectly
fits a line with negative slope (i.e., an inverse relationship).
All data discussed in this paper has a positive slope (i.e., a
direct relationship).
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ative deviation from Fitts’ prediction, from raw
movement times of natural web browsing. His-
togram bars denote the portion of E¢ with values in
the corresponding block. Below the histogram is the
scattering of raw data, where the location of dense
area (between -50% and +50%) indicates the most
probable values of Eg.

viation of movement time. The data fit a linear regression
with 7 showing a 98.28% correlation, which strongly sug-
gests that the forum data follows Fitts’ law. We can safely
conclude from this that Fitts’ law is robust enough to have
real-world applications, not just under contrived laboratory
situations. The a and b coefficients are 48.00 ms and 145.84
ms/bits, respectively. Here the non-zero value of parameter
a is partially due to fact that Fitts’ law does not apply to
movements with very low IDs [g].

However, without averaging, Fitts’ law has a poor fit.
Given an actual raw movement time Te, we define percentage
error to measure the relative deviation to the Fitts’ predic-
tion MT":

Te— MT

Ey = 100% x UT (2)
A perfect prediction from Fitts’ law corresponds to Fo, = 0.
The larger the absolute value of Ey is, the more T. devi-
ates from Fitts’ prediction. Figure [4] shows the probability
density of percentage error Ey, (defined in Eq. , with the
scattering of raw data in the lower panel. The vertical line at
Ey = 0% (means zero error) indicates a perfect prediction.
The percentage errors from Fitts’ law to raw data span from
-100% to 350%, and are highly concentrated between -50%
and +50%. This wide range of scattering in terms of per-
centage error demonstrate, when applied to natural brows-
ing, Fitts’ prediction is not very accurate and a proper error
model should be taken into account.

To measure the average deviation from Fitts’ model, we
define the mean absolute percentage error (MAPE) as:

100%
M= ; Z

i=1

Te; — MT;

MT; ’ 3)

where n is the number of data points, Te; is the ith ac-
tual movement time, and MT; is the Fitts’ prediction cor-
responding to the ID of ith data point. By averaging all
5,270 raw records, we have an MAPE of 46.40%. This is
a significant deviation and cannot be ignored. In other
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Figure 5: Mean absolute percentage error (MAPE)
drops exponentially with the increase of cluster size.
A cluster size S means every S raw data are clus-
tered and averaged. Note that above 40 actions per
cluster, MAPE stabilizes at around 10%.

words, when estimating user movement time on webpages
using Fitts’ model, one should take into account a relative
error of around +46.40%.

Of course, the above deviation from Fitts’ model are all
based on raw data points, not averaged ones as in Fitts’
original definition. And from a practical point of view, if
one intends to utilize Fitts’ law as a model on raw data,
it is crucial to ask: how should raw data be clustered and
averaged? How would the size of clusters affect the accuracy
of Fitts’ law?

As in our case ID is continuous, we have to partition
the observations along the ID axis before averaging raw
movement time T.s. The raw data (represented as pairs
(ID,Te)) are clustered and averaged by groups of size S,
ranging from 1 to 50. For instance, a group size of 10 means
every 10 adjacent records in the assorted data are averaged.
(In Evans and Wobbrock’s work [13], a more sophisticated
clustering technique is employed; by contrast, as our goal
is not to produce laboratory-quality results, but to verify
if Fitts’ law works well in web browsing, we choose a rela-
tively straightforward and simple clustering method.) Intu-
itively, when more data are included for averaging in each
group, the closer the averaged data should be to the Fitts’
predicted values, which leads to a smaller mean absolute
percentage error (MAPE). Figure [5 plots MAPE as a func-
tion of cluster size, with its value from 1 to 50. It confirms
our expectation, and furthermore, MAPE drops with an ex-
ponential rate with the increasing number of actions in a
cluster. Note that with a cluster size of above 40, MAPE
stabilizes at around 10%.

4.2 Error model

In fact, the large deviation of raw movement time from
Fitts’ prediction is mentioned in many previous studies |7}
11| under laboratory settings, but few of them elaborate in
details on this issue. And it is learned that the deviation
from Fitts’ model is due to endpoint variability in human
movement. More specifically, the spread of hits in aimed
movement forms a Gaussian distribution about the target
center (8} 14, [18] (30, 41, |46].

An error in aimed pointings occurs when a user misses
a target. Errors are the outcome of endpoint variability.
An error model aims to predict error rates — the probability
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of missing a target — given the index of difficulty ID and
the movement time. Intuitively, a higher ID (meaning a
more difficult pointing task) and a shorter movement time
(meaning a faster pointing action), lead to a higher error
rate.

In particular, Wobbrock et al. |42 derived an error model
from Fitts’ law itself, based on the assumption that distance
from endpoint to target center forms a Gaussian distribu-
tion. They evaluated their error model through a series of
controlled experiments, and it is proved to be a very well fit.
By employing the “effective movement time” from [41}, |42],
Fitts’ law (Eq. |[1) can be rewritten as

A
T. = b-1 — 41, 4
atbetog, (- +1) (@
where We, is the effective target width coincident with the
actual (unaveraged) movement time 7. Solving for W, we
have

We:%.
27 —1

()

Introducing W, allows for mathematically growing or shrink-
ing the effective target, to correspond to a actual movement
time. Under the heuristic that W, follows a normal distri-
bution about the real target width, Wobbrock et al. are able
to derive an accurate error model for laboratory controlled
movements.

In this paper, we intentionally follow Wobbrock’s error
model as a guideline to examine if pointing actions “in the
wild” can be interpreted with the same error model in labo-
ratory studies. And we find that, different from laboratory
results, in a natural browsing environment, fast movements
have a different error model from slower movements. To
further understand the high uncertainty of the actual move-
ment time T, with respect to Fitts’ prediction (shown in Fig-
ure {4)), we define three categories of movements: one is with
better pointing performance (i.e., shorter movement time)
than Fitts’ prediction (fast movements), one is with nomi-
nal performance comparative to Fitts’ prediction (medium
movements), and the third one with worse performance than
Fitts’ prediction (slow movements)EI They are defined as

4This is in the same spirit with Card, Moran & Newell’s di-
vision of three imaginary humans according their HCI per-
formance: Fastman, Slowman and Middleman [5].
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follows:

Ty < 0.9 — fast movements;
09<Ty <11 — medium movements;
Ty > 1.1 — slow movements.

Our choice of the boundary values above is based on the hu-
man users’ perception of fast, medium, and slow movements.
Given the near-perfect fit on the average movement time (re-
fer to Fig. , the Fitts’ predicted value is set as the nominal
case. Thus, fast movement corresponds to moving towards a
target faster than Fitts’ prediction (better pointing perfor-
mance); slow movement is with a slower average speed than
Fitts’ prediction (worse pointing performance); and medium
movement is the average case in accordance with Fitts’ pre-
diction (typical pointing performance). And our intention of
dividing into the three categories is to explore how the range
of deviation from Fitts’ law affects their error models. Of all
5,084 raw data records, there are 45.44% fast movements,
12.84% medium movements, and 41.72% slow movements.
Faster and slower movements have distinct nature, because
of the difference in closed-loop and open-loop movements [18,
30, 42]. An aimed movement by human consists of multiple
loops of feedback from neural system (to determine the next
submovment) and constant motor fine-tuning. Open-loop
movements are without fine-tuning, while close-loop move-
ments are in contrast with careful fine-tuning. Setting Fitts’
prediction as a standard bar, we speculate that faster move-
ments are more prone to open-looped.

For each of the categories, we calculate the effective width
We by Eq. |5l and examine its statistical properties. We ap-
ply the values of parameters a and b we get in Section
Note that in Eq. [5} for those records with T. < a, which
implies a very quick point-and-click, W. < 0. We first fil-
ter out those records with a negative W., which represent
3.53% of all data. Figure @plots the distribution of effective
width We.. As we can see from the CDF curve for all move-
ments, it does not readily follow a normal distribution as
prior works assumed. The same applies to fast movements
as one category. Figure [7] shows the distributions for slow
and medium movements, which are Gaussian-shaped, with
medium movements more Gaussian-like. Overall, it is clear
that fast movements follow a completely different statistical
model from other two categories, which implies a different
error model.

The derivation of the Fitts’ law error model from Wob-
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Figure 8: ID vs. Mean Time plotted for all col-

lected physical mouse traces and all touchpad traces.
Each data point in the figure is a result of averaging
180 raw data records. Note that the linear corre-
lation is similar for both devices (over 98% in both
cases).

brock et al. [42] then becomes:

+z
P(E)=1- [ f@)dr,

—z

where

W Te—a
— 2.066— (2 : —1),
i A

and f(x) is the probability density function of the distance
from target center, which is not necessarily a normal distri-
bution.

Regarding the observed distinction between faster and
slower movements, it is evident that Fitts’ law does not
model fast movements well. Rather, faster movements tend
to be dominated by initial impulse, which is more fit into
Schmidt’s law [35].

4.3 Effect of Pointing Device

How does the choice of pointing device affect Fitts’ law?
While many early Fitts’ law studies were performed using
a stylus [15], recent studies have used many other pointing
devices, including physical mice [4]. Does this choice affect
the accuracy of the Fitts model? What about the use of
a laptop touchpad? To answer this question, we evaluate
the linearity of the second data set, containing both phys-
ical mouse and touchpad traces from across 10 people, for
a total of 8 mouse traces and 7 touchpad traces. Figure
shows the combined physical mouse data plotted along-
side the combined touchpad data. The physical mouse data
show a linear correlation of 99.71%, a nearly perfect linear
fit. The touchpad data matches the physical mouse data for
low ID pointing tasks, but diverges somewhat for high ID
pointing tasks. However, its r value still shows a 98.04%
linear correlation, strongly suggesting that Fitts’ law accu-
rately models pointing tasks with either type of pointing
device. The close similarity between their correlation coef-
ficients indicates that the choice of pointing device does not
impact the law’s applicability — again, showing that Fitts’
law is robust to different real-world environments.

The divergence of touchpad data at high ID values implies
that, in reaching for a distant hyperlink (which leads to a
high ID), touchpad is different from a traditional mouse. In
the case of using touchpad, a user tend to make multiple
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Figure 9: ID vs. Mean Time plotted for User

1’s physical mouse trace and touchpad mouse trace.
Each data point in the figure is a result of averaging
10 raw data records.
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Figure 10: ID vs. Mean Time plotted for User

2’s physical mouse trace and touchpad trace. Each
data point in the figure is a result of averaging 10
raw data records.

swipes before reaching a distant target. While using a tra-
ditional mouse would usually be completed in a single swipe.
In the touchpad data, what we have recorded as “continuous
movement” is actually the last swipe, in which the user is
likely to speed up, and that makes MT smaller than Fitts
predicted.

One can also compare the traces recorded from one indi-
vidual on two different pointing devices, for those users who
recorded both physical mouse and touchpad data. There are
three such users. Figure[J]shows the results of plotting User
1’s mouse and touchpad traces. The relationship shows a
similar trend as in the combined case — the data matches
at low ID values but diverges at high ID values. However,
the data still appears to be mostly linear.

Figure [I0] shows the results of plotting User 2’s single
mouse trace and touchpad trace. Here, the mouse trace
is linear as expected, but touchpad trace diverges greatly,
even showing a downward nonlinear curve at high ID val-
ues. This shows that even for a single user, environmental
factors can cause a difference in pointing actions from trace
to trace, but when averaged the pointing actions all fit the
Fitts model.

Figures[TT] [[2 and [[3] show the results of plotting User 3’s
single mouse trace and two touchpad traces. All of this user’s
data follows a tightly correlated strong linear relationship.
This shows that it is possible for a user’s pointing actions
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Figure 11: ID vs. Mean Time plotted for User 3’s
physical mouse trace and touchpad trace #1. Each
data point in the figure is a result of averaging 10
raw data records.

using a touchpad to very closely match his or her pointing
actions using a physical mouse. Thus, the use of different
pointing devices does not break the Fitts model.

Note that the two users in our measurement above point
faster with touchpad than mouse (refer to Figs. El and .
This somewhat deviates from the observation of previous
works 12} 31], where users point slightly faster with mouse
than touchpad. Two reasons might apply here. Firstly, in
our measurement, a user’s movements are confined in the
browser window. As touchpad is a friendly environment
for short-range movement (i.e., one finger stroke), it is no
surprise to see some faster pointings with touchpad than
mouse within the browser window. Secondly, both touchpad
and mouse devices have been greatly improved than two
decades ago (when previous experiments [12] 31] are done),
and thus it is quite possible that the observation made two
decades ago does not hold nowadays in some scenarios.

4.4 Standard Deviation of Movement Time

The Fitts’ law formula describes the mean time to com-
plete a pointing action, and thus Fitts’ law research in gen-
eral focuses mainly on metrics involving the mean. However,
a model is not defined solely by its mean value; there are also
other considerations to take into account. For the purposes
of this paper, we focus specifically on the standard deviation
(and, by extension, the variance) of the time to complete a
pointing action given by the Fitts’ model under a natural
web browsing environment.

To analyze the variance present in the Fitts model, we
perform the same Fitts’ law calculations on the first data
set containing 1,047 forum users’ traces. This time, how-
ever, we plot the I D of the pointing task versus the stan-
dard deviation of the time to complete the pointing action,
rather than the mean time to point. Figure shows the
results. Clearly, Fitts’ law describes not only a linear rela-
tionship between I'D and the mean pointing time, but also
a linear relationship between ID and the standard devia-
tion of pointing time. In other words, the higher the I D
of a pointing task, the more variance there is in the time
it takes different users to complete such a task. This can
be explained by signal-dependent noise in human neuromo-
tor systems [19], which increases with the growth of control
signal strength.
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Figure 12: ID vs. Mean Time plotted for User 3’s
physical mouse trace and touchpad trace #2. Each
data point in the figure is a result of averaging 10
raw data records.
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Figure 13: ID vs. Mean Time plotted for User 3’s
touchpad traces #1 and #2. Each data point in the
figure is a result of averaging 10 raw data records.

S. DISCUSSION

In this section, we discuss four related issues of Fitts’ law
in the context of web browsing: firstly, we derive an analyti-
cal estimate on the inaccuracy in our distance measurement,
and further show that the caused inaccuracy is minor over-
all; secondly, in acknowledge of the difference between web
browsing and traditional Fitts’ law experiments, we provide
a guideline on how to apply Fitts’ law to web browsing;
thirdly, as touchscreen (on mobile phones and tablets) has
become increasingly popular for web browsing, we discuss if
it is possible to extend Fitts’ law to touchscreens; lastly, we
present the Fitts related parameters for certain users, and
preliminarily explore the possibility of user profiling.

5.1 Inaccuracy on Distance Measure

In our experiment, the distance to the target (A4 in Eq.
is measured as the distance from beginning of the continu-
ous movement to the clicked endpoint. However, ideally A
should be the distance from starting position to the center
of the target. Due to human movement variance, the clicked
endpoint could not be exactly at the target center. In fact, it
has been found in previous works (8}, |14} |18 [30} |41}, [46] that
distance of the endpoint to the target center forms a normal
distribution. Therefore, in our measurement, inaccuracy on
the true distance A occurs especially when clicking on long
hyperlinks. Figure [[5] shows that, when clicking on a very
long link, a user could either take path #1 to the left of the



Correlation Movement Categories
User Gender a [ms] b [ms/bits] RZ MAPE Slow  Medium Fast Device
# 1 Male 6.28 117.14 0.933 41.73% 41.33% 13.68%  44.99% Mouse
# 2 Male 103.08 138.05 0.919 28.18% 40.13% 19.11% 40.76% Mouse
# 3 Male -21.68  242.52 0.936 33.24% 43.80% 14.60% 41.61% Mouse
# 4 Female 7.09 194.50 0.971 34.80% 32.65% 16.41% 50.94% Mouse
#5 Female 50.52 118.74 0.963 42.59% 41.54% 13.03%  45.42% Mouse
Table 1: Fitts Law Related Parameters for Users of Mouse
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Figure 14: ID vs. Standard Deviation of Fitts’ law
calculations for the forum users’ data set. Note the
linear relationship.

target center, thus rendering an underestimated distance;
or he/she could take path #2, resulting in an overestimated
distance. Overall, we believe that the inaccuracy on distance
in our experiment is minor, since a typical webpage should
be dominated by short links which only contain one or two
words.

In particular, when link length is much less than the true
distance to target center, the deviation of our measurement
to the true distance is negligible. We denote D as the hor-
izontal width of the target link, A as the true distance to
target center, they are illustrated in Figure For a certain
actual click action, we denote the distance from the clicked
endpoint to target center as d. Angle 6 is angle between the
line of true distance and the line of actual path taken. The
relative error of measured distance A’ to the true distance
Ais

_ A=A
0A = 1 . (6)
From the law of cosines, we have
A =\/A24d2>—2A-d-cosb. (7)
Therefore,
A_A/ 2
(54 = A0
A2 4 (A2 +d* —2A-d-cosb)
= e
2AVA2 +d2 —2A-d-cosf
_ YE
_ d .2 d
=24 (Z) 2 1 cos @
d
72\/1+(Z)272-—-cos9. (8)

Figure 15: Click inaccuracy.

In case of clicking on short links with a horizontal length
D, we assume D < A. For a successful click, we have d <
D/2. Thus D <« A means d < A, or d/A — 0. Define
e =d/A, Eq. [§| becomes

(6A)> =2 —2\/14¢e2 — 2 -cosf +&° —2e-cosf. (9)

As we can see, since || cosf|| < 1, when € — 0, which corre-
sponds to short links, € - cos§ — 0 as well. Therefore, the
relative error of our distance measure §A — 0.

5.2 Guidelines on Applying Fitts’ Model to Web
Browsing

From our experiments, we learn that the way one can ap-
ply Fitts’ law to web browsing is different from what previ-
ous works describe for restricted laboratory settings. There-
fore, we summarize a suggested guideline on how to apply
Fitts’ law model in web browsing as follows:

1. Data Collection: Besides x-y coordinates and times-
tamps, target types must be recorded as well, as it is
needed to measure the target width.

2. Clustering and Averaging: Sort all records with
increasing IDs, choose a proper cluster size S (our
results show that S > 40 yields optimal results), then
average every S raw data.

3. Linear Regression: Plot the averaged ID and MT
pairs, fit them in a straight line, and calculate parame-
ters a and b. Note that they are user- and environment-
specific.

5.3 Possible Extension to Touchscreens?

Touch screen in tablets and mobile phones has become an
increasingly popular device for web browsing. However, with
a touch screen, to reach for a link on a webpage, users usu-
ally slide and tap. This is very different from using mice and



Correlation

Movement Categories

User Gender a [ms] b [ms/bits] R? MAPE  Slow  Medium  Fast  Device
# 6  Male 27.70 226.34 0.925 30.80% 32.91% 16.08% 51.01% Mouse
# 6  Male 121.04 97.32 0.851 41.65% 41.64% 12.79%  45.57% Touchpad
# 7 Male 26.84 101.51 0.933 46.22% 37.52% 13.12% 49.36% Mouse
# 7 Male 14.88 118.45 0.874 44.63% 41.52% 13.35% 45.13% Touchpad
# 8 Female 61.57 167.51 0.931 39.98% 40.56% 17.46%  41.97% Mouse
# 8 Female 108.64 65.83 0.678 49.01% 38.59% 10.68% 50.73% Touchpad

Table 2: Fitts’ Law Related Parameters for Users of Both Mouse and Touchpad

touchpad, which always involves continuous cursor move-
ments before clicking. Although one can do a deliberately
structured Fitts’ law test as in |9], we believe that there is no
regular pointing behavior under natural browsing in a mobile
device or tablet. And even in |9)’s Fitts’ law results [10], we
can see that the data points with an iPhone are very noisy,
and thus lack a linear pattern, especially compared to those
with mice and touchpad.

5.4 User Profiling by Fitts’ Parameters

As we mentioned in Section 1, the two constants a and
b in Fitts’ law formula Eq. [ are affected by both the user
and the environment factors. Those two constants, along
with other Fitts law related parameters, such as correlation
coeflicient, mean absolute percentage error (MAPE), per-
centage of slow, medium, and fast movements, how do they
differ from user to user under the same environment? And
how are they affected by different environments given a same
user? If the parameters are more affected by users than by
environmental factors, then it would be possible to predict
which user group an online user belongs to. For example, it
may be possible to make a good guess about if the user online
is male or female, right-handed or left-handed, age ranges, or
even education backgrounds. This could be very useful for
online authentication because for a certain website, such as
online banking or student account, the registered users are
relatively stable. Here we present preliminary results from
our controlled data set, on how the parameters are affected
by different users and environments.

Table[1| shows Fitts’ law related parameters for all 5 users
using mice. There are 3 male users and 2 female users. We
can see that, with respect to dividing user groups, male vs.
female as an example, there is no strong indication in any of
the parameters for gender differences. For example, female
user #5 is very similar to male user #1 in all parameters,
except for parameter a; but a alone cannot reflect gender
differences as female user #4’s a is very close to that of
male user #1.

Which of the two factors, user or environment, plays a
major role in affecting Fitts’ law related parameters? To
answer this question, we look at the mouse and touchpad
data of the same user. Table [2| shows the parameters for
3 users with both mouse and touchpad data. In the table,
we can see the diverging effects of changing environments
for different users. For example, both user #6 and #8’s
parameters are greatly affected by changing from a mouse
to touchpad, while user #7’ parameters are relatively stable
regardless of using mouse or touchpad.

Overall, from the preliminary results, there is no definite
line in dividing different user groups; and the changing of
environments has different effects on different users. How-
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ever, the size of our controlled data set, 10, may be too
small to draw a definite conclusion. Moreover, the parame-
ters we explored cannot capture all characteristics of human
mouse movements in web browsing. It is possible that other
kinetic-related metrics are able to differentiate user groups.
We leave this for future works.

6. CONCLUSION AND FUTURE WORK

This paper examined the Fitts’ model in the context of
natural web browsing. Mouse movement data from over
1,000 real-world Internet users was collected via Javascript
embedded on a web forum, and the analysis showed a linear
relationship between the ID and MT of the task with over
98% correlation, suggesting strong evidence that Fitts’ law
extends well to web browsing behavior.

In addition, we evaluated the deviation in raw movement
time from Fitts’ predicted MT, especially the error model
proposed by previous works. From the raw data, there ex-
ists a large deviation from Fitts’ predicted values, with a
46.40% mean absolute deviation. We further divided all
movements into three categories by the Fitts’ predicted MT"
slow, medium, and fast movements. And fast movements
were shown to have an error model different from the other
two categories, which indicates their open-looped nature.

Moreover, this paper examined the effect of differing point-
ing devices on the Fitts model. Pointing data was collected
from 10 people variously using physical mice and laptop
touch pads. The analysis showed that both devices had a
strong linear relationship between ID and MT (over 98%
correlation in both cases), and that the results were nearly
identical at low I D values, yet diverged slightly at high 1D
values.

Finally, this paper discussed other Fitts’ Law considera-
tions, namely the standard deviation in Fitts’ Law calcula-
tions. The forum data set was analyzed and the standard
deviation of MT plotted against I D. The result showed that
Fitts’ Law also describes a linear relationship between 1D
and standard deviation, implying that variance in time to
point increases as I D increases.

There are a number of possible directions for our future
work. We plan to conduct a large-scale user data collection,
with their demographic information known. Then, we plan
to further verify the possibility of classifying users into dif-
ferent groups (gender, age, handedness, etc) based on Fitts’
law parameters. We also plan to explore the possibility to
detect web bots by checking if the mouse movement pattern
follows Fitts’ law.
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