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(a) Constant- and Dual-Threshold Dwell keyboards (CTD and DTD) (b) Multi-Threshold Dwell keyboard (MTD)

Figure 1: We compared three keyboard designs: (a) The conventional Constant-Threshold Dwell (CTD) keyboard uses a single
dwell threshold of 450 ms. The Dual-Threshold Dwell (DTD) keyboard reduces the dwell threshold for the first selection of
a letter to 300 ms but increases the threshold to 500 ms for immediately following selections of that same letter, avoiding
unintentional “double clicks” of the same letter. (b) The Multi-Threshold Dwell (MTD) keyboard additionally uses a third,
further reduced, dwell threshold of 200 ms for up to three letters that are likely next targets. These keys are highlighted and
enlarged. The spacebar is also assigned an even shorter threshold of 100 ms.

Abstract
Dwell-based text entry seems to peak at 20 words per minute
(WPM). Yet, little is known about the factors contributing to this
limit, except that it requires extensive training. Thus, we con-
ducted a longitudinal study, broke the overall dwell-based selec-
tion time into six different components, and identified several
design challenges and opportunities. Subsequently, we designed
two novel dwell keyboards that use multiple yet much shorter
dwell thresholds: Dual-Threshold Dwell (DTD) andMulti-Threshold

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
CHI ’25, April 26-May 1, 2025, Yokohama, Japan
© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-1394-1/25/04
https://doi.org/10.1145/3706598.3713781

Dwell (MTD). The performance analysis showed that MTD (18.3
WPM) outperformed both DTD (15.3 WPM) and the conventional
Constant-Threshold Dwell (12.9 WPM). Notably, absolute novices
achieved these speeds within just 30 phrases. Moreover, MTD’s
performance is also the fastest-ever reported average text entry
speed for gaze-based keyboards. Finally, we discuss how our chosen
parameters can be further optimized to pave the way toward more
efficient dwell-based text entry.

CCS Concepts
• Human-centered computing→ Text input; Interaction tech-
niques; Pointing devices; Virtual reality.
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1 Introduction
Entering text with one's eye gaze, which we call simplygazehere,
has been investigated for a long time and is widely used in assistive
gaze technologies [40, 59]. The most natural and common selection
technique used in gaze keyboards and other gaze selection systems
is dwelling, i.e., �xating one's gaze on a target for a certain dwell
time [21, 29, 53, 59, 60, 79]. We refer to the required �xation time
as thedwell (time) threshold. However, compared to button-based
interfaces, dwell requires substantially more time to make a success-
ful selection [62] and is thus typically perceived to be unnaturally
slow [45, 81]. Although a longer dwell threshold slows down selec-
tion, shorter dwell results in unintentional non-target selections,
i.e., increases the Midas Touch problem [34, 67, 88].

While previous work demonstrated text entry speeds of up to
� 20 words per minute (WPM), this speed was only achievable with
a fairly low dwell threshold of 300 ms, which required extensive
training of users to shorten their �xations accordingly [53, 59, 60,
72]. Even after signi�cant training, this speed still came at the cost of
unintentional selections, requiring participants to make substantial
error corrections as indicated by the high keystrokes per character
(KSPC) measure (¡ 1”18) [21, 53, 72]. More importantly, there are
indications that 20 WPM seems to be the maximum reachable for
dwell-based text entry systems [31, 38, 53, 72], as evidenced by the
plateauing performance of such systems and the shifting focus of
researchers toward swipe-based gaze typing, e.g., [16, 31, 38, 41].

Still, we believe there is more to dwell than meets the eye as little
is known about what factors contribute to the 20 WPM limit. It is
well known that dwell selection performance is constrained by the
need to �xate on the target for the duration of the dwell threshold
[32]. Thus, previous work has explored di�erent avenues to reduce
this threshold. This includes but is not limited to adjusting the dwell
threshold based on users' preference [21, 53, 72], their characteris-
tics and performance [32, 59, 64, 66, 77, 89], and di�erent features
of the user interface [28, 59, 64, 69, 70]. To better understand dwell,
researchers have also explored the components of dwell selection
time, e.g., the time taken to point at the target [10, 24, 60, 72], to
activate it with dwell [60], and then to exit the target [89]. How-
ever, these di�erent components were investigated independently
of each other, and the �ndings of the respective works are hard
to compare due to di�erences in methodology, e.g., using dwell
with or without varying dwell threshold, considering text entry
or other applications, and/or testing either novice or trained users
[10, 24, 60, 72, 89]. Thus, there is a gap in the literature as no one
has systematically explored at a granular level how components of
dwell selection time improve with training.

To address this gap, we conducted an 8-day longitudinal text
entry study with a static dwell threshold of 450 ms, i.e., the con-
ventional Constant-Threshold Dwell (CTD) keyboard shown in

Figure 1a, with novices. In contrast to previous dwell-based longitu-
dinal text entry studies [53, 59, 72], we kept the dwell time constant
throughout the eight days to separate the learning associated with
dwell selection without confounding it by the learning required for
a variable/adjustable dwell time. Through the longitudinal study,
we identi�ed several design opportunities around challenges asso-
ciated with the di�erent components of the dwell selection time.
For example, we veri�ed that the burden of the (unnaturally long)
450 ms dwell threshold [45, 81] becomes more and more dominant
as time progresses. We also veri�ed that the time required to exit
a key after successful selection with dwell can be substantial for
novices and even approaches the dwell threshold. This, in turn,
makes inadvertent �double clicks� more likely, particularly when
the dwell threshold is reduced to 300 ms, making 300 ms dwell text
entry systems practically unusable for novices, as demonstrated by
our results and previous work [21, 44, 53, 59, 67, 72, 73].

By identifying suitable dwell thresholds that could prevent un-
intentional double clicks, we then designed two novel keyboards:
Dual-Threshold Dwell (DTD) and Multi-Threshold Dwell (MTD;
Figure 1). DTD, similar to CTD, uses a static dwell threshold. How-
ever, DTD increases the dwell threshold forrepeatedselections of
the same letter: while the �rst selection of a letter uses a dwell
threshold of 300 ms, any immediately successive selections of the
same letter require an increased dwell threshold of 500 ms. This
means that to select two `O's (e.g., to type �ZOOM�), the �rst `O'
takes 300 ms, but the second `O' takes 500 ms to select. MTD extends
DTD by reducing the dwell threshold for the most likely letters:
up to three such letters are highlighted and enlarged based on a
word prediction algorithm. These likely letters can be selected in
just 200 ms, while for other letters (except for repetitions of the last
letter) the dwell time threshold is still 300 ms. For the spacebar, the
threshold is also reduced even further to 100 ms.

Finally, we compared the CTD, DTD, and MTD keyboards in
a user study. Absolutenovicescould type with an average dwell
threshold of 313.4 ms and 233.9 ms, reaching 15.3 WPM and18.3
WPM with DTD and MTD, respectively. Not only were DTD and
MTD signi�cantly faster than CTD (12.9 WPM) while also requir-
ing fewer error corrections compared to previous work [21, 53, 72],
but it took novices only 30 phrases to reach this level of performance.
MTD's exhibited performance is also thefastest among previous
gaze-based keyboards in terms of its average text entry speed, with a
last session/block WPM that is competitive even with multimodal
approaches (Table 4). Thus, our results highlight the importance
of better understanding the components of dwell to improve text
entry performance. In summary, we make the following main con-
tributions:

(1) A longitudinal analysis of dwell selection, which systemati-
cally investigates the di�erent components of selection time
and how they are a�ected by training.

(2) Two novel designs for dwell-based keyboards, Dual-Threshold
Dwell (DTD) and Multi-Threshold Dwell (MTD), which ad-
dress common problems and bottlenecks of conventional
Constant-Threshold Dwell (CTD) keyboards.

(3) Evaluation results illustrating the utility of using multiple
thresholds in dwell keyboards.

https://doi.org/10.1145/3706598.3713781
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2 Literature Review
2.1 The Apparent 20 WPM Typing Speed Limit
Here, we review previous work on gaze-based text entry and its
learnability.

2.1.1 Dwell-Based Text Entry.Dwell-based gaze keyboards for
novices typically use dwell thresholds of 450�1000 ms, resulting
in typing speeds between 5-10 WPM [44, 59]. To enhance their
e�ciency, ’pakov and Miniotas [89] analyzed the time it takes for
users to exit a key after it has been selected with di�erent dwell
thresholds, ranging from 300-900 ms. They found substantial varia-
tion in the exit time across users. Thus, they proposed an algorithm
to select a user's dwell threshold based on their previous exit times,
resulting in an average dwell threshold of 533 ms and 12.1 WPM.
We also measure Exit Time (ET) in Study 1. However, instead of
measuring the ET for di�erent dwell thresholds, we analyzed how
training with the same dwell threshold a�ects ET and then used
this to guide the design of two novel keyboards, DTD and MTD.
EyeBoard [66] and EyeBoard++ [77] changed dwell thresholds dy-
namically for the entire keyboard based on a user's performance.
Yet, the demonstrated speed was just 5.02 WPM for EyeBoard and
9.63 WPM for EyeBoard++.

Majaranta et al. [53] conducted a longitudinal study where par-
ticipants were allowed to adjust the dwell threshold according to
their preference. Eleven participants typed on a QWERTY keyboard
over ten separate days, with each day/session lasting 15 minutes.
The �ndings demonstrated a notable improvement in typing speed,
increasing from 6.9 WPM in the initial session to 19.9 WPM in
the �nal one. Furthermore, the average dwell threshold decreased
substantially from an initial average of 876 ms to 282 ms in the
10th session. Even more extensive training in a longitudinal study
with 19 �fteen-minute sessions over several days was conducted
by Räihä and Ovaska [72]. Similar to Majaranta et al.'s study [53],
their [72] participants were allowed to adjust the dwell threshold in
the �rst 10 sessions, also yielding similar results: an average typing
speed of about 20 WPM with dwell thresholds set between 240 and
340 ms.

Although decreasing the dwell time achieved a speed of 20 WPM
[53, 72], the shorter dwell thresholds increased the Midas Touch
problem, i.e., the unintentional selection of non-targets [57, 67].
This, in turn, increased the KSPC from 1.09 in the �rst to 1.18 in the
last session [53] as users needed more corrective actions to �x the
typos. An even higher average KSPC of about 1.25 was reported by
Räihä and Ovaska [72].

Räihä and Ovaska [72] also discovered that theslack, i.e., the
time needed to �nd and �xate on a key, remains relatively consis-
tent across di�erent dwell times, accounting for a portion of the
total key selection time. The slack was� 300 ms for users undergo-
ing training and� 250 ms for trained users. However, the authors
imposed �slack�, i.e., a minimum wait time, of 150 ms between
consecutive selections of the same key to avoid inadvertent double
clicks of that key. Similarly, we also make consecutive selections
of the same key harder in DTD and MTD by increasing the dwell
threshold of these consecutive selections to 500 ms.

Diaz-Tula and Morimoto [21] also allowed participants to adjust
their dwell time. However, their main contribution was the AugKey

system that �augments� keys with a pre�x, allowing continuous
review of the text typed, and su�xes, providing word predictions to
speed up typing. In an evaluation, participants typed signi�cantly
faster (16.7 WPM) while requiring fewer corrections (� 0.8 KSPC)
with AugKey compared to two other baseline conditions.

To improve the performance of dwell-based systems, Mott et al.
[59] experimented with dynamically adjusting the dwell threshold
proportional to the likelihood of a given key. Their approach made
it more di�cult to select keys that are less likely while making
it easier to select more likely keys. The authors argue that this
should not disrupt users' typing rhythm, despite the dwell threshold
changing for every key press. Yet, even after training participants
in a longitudinal study, the maximum average speed of 13.7 WPM
(334 ms dwell threshold) stayed far below the 20 WPM mark. This
suggests that an always-changing dwell threshold may potentially
be disruptive. In contrast, our MTD keeps the dwell thresholds
more consistent by using a 200 ms threshold for a few likely letters
and 300 ms for all others.

2.1.2 Dwell-Free Text Entry.Addressing the apparent plateauing of
the performance of dwell-based systems, and to avoid the burden of
a lengthy dwell threshold, several dwell-free approaches have been
proposed. Urbina and Huckauf's pEYEwrite [87] used bigrams and
word prediction, which yielded 13.47 WPM. Patidar et al.'s improved
pEYE (pie) layout [67] demonstrated 6.1 WPM. Bee and Andre's
Quikwriting [ 8] yielded 7.8 WPM. Sarcar et al.'s EyeK [78] achieved
6 WPM. Morimoto and Amir's context switching (CS) interface [57]
with a duplicated QWERTY keyboard yielded 12 WPM. In later
work [58], the original CS keyboard (13.4 WPM) outperformed two
alphabetically ordered CS keyboards: single-line (8.7 WPM) and
dual-line (9.5 WPM).

Dasher [90] is a popular text entry method in the literature.
However, there is currently no consensus on its speed [41]. Previous
studies [38, 76] report a range of 16�26 WPM, where 26 WPM
was achieved by just a single user. Averaging across the range of
results, we agree with previous work [38] in that Dasher's typical
maximum performance is most likely comparable to the 20 WPM
demonstrated by previous dwell-based studies [53, 72].

Recent gaze-based text entry research has shifted focus to gaze-
based swipe typing. The primary reason for this shift is the work by
Kristensson and Vertanen [38], where the authors showed that if a
�perfect recognizer� is employed, swipe typing can reach 46 WPM.
In swipe typing, users have to look at or near the vicinity of the
target key, then move over to the next target key, and so on, without
having to stop to dwell over each key. In other words, looking at
each letter of the target word one key at a time enters that word.
However, without a �perfect recognizer�, the challenge for such
systems is to identify when the gaze path started and ended during
typing [16].

Pedrosa et al.'s [68] solution to this problem was to �lter out
letters inadvertently chosen from the sequence of letters the user
gazed at. This �ltering was done with the help of a word prediction
algorithm. Evaluation of this dwell-free system, Filteryedping, re-
sulted in participants typing at an average of 15.95 WPM. EyeSwipe
[41] took a di�erent approach by requiring users to explicitly mark
the �rst and last letters of the intended word using target reverse
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crossing [24]. Similar to Filteryedping [68], the system then short-
lists and suggests a set of candidate words using the gaze path and
the �rst and last letters. A user study demonstrated 11.7 WPM after
30 minutes of practice. A similar study [39] with gaze and press-
ing a button on a touchscreen device for the �rst/last characters,
named TAGSwipe, showed that TAGSwipe achieved a typing speed
of 15.5 WPM in comparison to EyeSwipe (8.84 WPM) and dwell
(8.48 WPM).

Several other solutions to identify the �rst/last character have
been proposed. This includes pressing and holding a physical but-
ton [92], employing probabilistic algorithms [16], `nod' and `shake'
head gestures [25], and dwell and context switching [42]. So far, the
fastest speed in the literature was achieved by Hedeshy et al. [31]:
in Hummer, users signpost word boundaries by humming continu-
ously from the start to the end of their gaze path. Hummer showed
a commendable speed of 20.5 WPM, outperforming EyeSwipe (12.0
WPM) after participants typed just 30 phrases with each technique.

Yet, users are limited by the word prediction algorithm with
swipe keyboards and thus can only type dictionary/corpus words.
While we also use word predictions like swipe keyboards and other
work [1, 2, 28, 51, 59, 70], users can still type whatever they need
with MTD at relatively high speeds (i.e., similar to the speed of DTD),
including but not limited to names, passwords, special characters,
numbers, and transliterations of a di�erent language. In swipe
keyboards, users must also constantly switch their attention back
and forth between typing and searching for the target word in the
list of predicted words. Not only does this switching and searching
add cognitive load [9], but users also waste valuable time in the
process [1]. In contrast, MTD compensates for this time loss by
implicitly incorporating word predictions into the natural �ow of
typing.

2.2 Improving Dwell Selection E�ciency
Dwell selection performance is limited by the requirement of dwelling
the gaze over the target for the entirety of the dwell threshold [32].
Thus, and as discussed in the previous subsection, researchers have
investigated how this dwell threshold can be reduced by adjusting
it based on di�erent criteria [21, 28, 53, 59, 66, 70, 72, 77, 89].

Researchers have also attempted to reduce dwell thresholds be-
yond text entry systems. Penkar et al. [69] adjusted the dwell thresh-
old depending on the size of the buttons. In addition to adapting
to the type of the button, Nayyar et al. [64] took a user-speci�c
approach to dynamically adjust the dwell threshold. Isomoto et
al. [32] used Fitts' law estimates to reduce the dwell threshold. An
evaluation of their technique revealed an average dwell threshold
of just 86.7 ms but at the cost of an error rate of 10.0%. This high
error rate limits the applicability of this technique for many use
cases, including text entry.

To reduce the Midas Touch problem, i.e., unintentional selec-
tions, Becker [7] suggested assigning higher dwell thresholds for
similar-looking targets. Isomoto et al. [33] investigated machine
learning techniques to predict users' intent to avoid inadvertent
dwell activations. MacKenzie and Zhang [51] used letter prediction
to predict and highlight 3 letters, similar to our MTD. They used
this prediction to steer the gaze cursor away from unlikely letters

and toward likely letters to improve pointing and, therefore, reduce
typos.

2.3 Learnability in Text Entry
Human learning substantially improves text entry performance
over time [35]. For this reason, the most valid way to evaluate text
entry systems is to train participants over a signi�cant period, i.e.,
through longitudinal studies [61]. Analyzing the learnability of a
system by �tting a regression based on the power law of learning
through the longitudinal WPM data and using this learning curve to
predict expert user performance is also common in the literature [13,
14, 35, 47, 49, 61, 63, 65]. The other approach to predicting expert
performance is model-based approaches, such as those building on
the KLM model [12] or similar variants [46, 74]. However, these
works primarily focus on movement time, and therefore text entry
speed by modeling visual search [35, 50, 80], human memory [3],
and other factors [17� 20]. Instead of directly focusing on typing
speed overall, we focus on the di�erent components of each dwell
interaction, i.e., at a more granular level, with the overall objective
of designing better dwell-based (text entry) systems.

3 User Study 1 � Longitudinal
As mentioned, little is known about what factors contribute to the
20 WPM limit achievable by dwell-based text entry systems [38, 53,
72]. To address this issue, we systematically investigated the time
components of dwell-based selection and how these components
improve with training by conducting an 8-day longitudinal study in
Virtual Reality (VR). We chose to conduct the study in VR because
the eye trackers in today's VR headsets are fairly easy to use and
calibrate, while also providing overall good performance. Moreover,
previous work [73] found that gaze-based text entry is a viable
input method for VR, with a novice typing speed (9.36 WPM) that is
in line with �ndings of non-VR-based gaze typing studies (typically
5-10 WPM) [44, 59].

3.1 Keyboard Design
Figure 1a shows our keyboard design. This keyboard layout was
designed based on related work [29, 58, 61, 71, 73, 79]. The width
and height of each key were set to 3°, and we decided to use a 1.5°gap
between keys to avoid unintended triggering of neighboring keys
in case of low tracking accuracy [61, 73]. Like in some smartphone
keyboard layouts, the backspace key was added next to the `M' key
in the QWERTY layout. The spacebar was 43.5°wide and 3°high.
The keyboard was world-�xed in VR and its center was placed two
meters away from the participant at eye level, i.e., well out of arms'
reach.

We consistently used a novice-friendly dwell time threshold of
450 ms [44, 59] throughout the 8-day experiment. Whenever the
user's gaze cursor came in contact with a key, the system high-
lighted that key in blue and started an animation showing the
progress of the dwell timer [55]. When the dwell threshold was
reached, the key was selected, and users were given con�rmatory
auditory and visual feedback, highlighting the key in green for
100 ms [85]. To encourage participants to improve their speed, we
showed them the typing speed for their last completed phrase.
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3.2 Apparatus
The study was conducted on a computer with an i7-12700H pro-
cessor, 16 GB RAM, and an RTX 4060 graphics card using Unity.
We used the Meta Quest Pro VR headset, which has a resolution
of 1800� 1920 pixels per eye, 95.57°(diagonal) FOV, and a 90 Hz re-
fresh rate. Before every session, the eye tracker was calibrated and
validated using Meta's built-in calibration and validation methods.

3.3 Procedure
On the �rst day, participants signed a consent form and completed
a demographic questionnaire about their age, gender, and QW-
ERTY typing experience. Subsequently, they performed their �rst
15-minute session, where they typed randomly selected phrases
from MacKenzie and Soukore�'s corpus [48] (500 phrases with
minimum, maximum, and average phrase lengths of 16, 43, and
28.6 characters, respectively). These 15-minute training sessions
continued for seven more days, with the last session being on the
eighth day. To account for weekends, we allowed gaps of up to two
days between sessions within a 12-day window.

If the participants were in the middle of typing a phrase when
the 15-minute timer expired, the session was ended by the software
only upon the completion of that phrase. Participants ended every
phrase by typing an extra �space�. They were instructed to correct
any mistakes they noticed immediately, i.e., within the current
word, but to ignore errors that occurred two or more words back
[53, 58, 61, 63, 87]. Also, to speed up the typing process, participants
were discouraged from looking back at the (partially) typed phrase,
i.e., they were instructed to keep in mind what they had typed so
far and what to type next. We also told them to take as long as
they needed to memorize each target phrase and (if needed) its
spelling before entering it (and this time was not counted). Once
they started typing the phrase, they were asked to �nish it as fast
as possible.

Following previous work [53, 72, 76, 86] and to minimize partic-
ipants' (eye) fatigue, we limited a session to 15 minutes. The eight
15-minute sessions yielded a total training time of (8� 15 = 120
minutes =) 2 hours, which is comparable to related works (Table 4).

3.4 Performance Metrics
We chose the following metrics to evaluate performance in the
longitudinal study:

� Words per minute (WPM), which is the average number of
words typed every minute. Here, the de�nition of a word is
the sequence of any �ve characters [4] including spaces but
excluding backspaces. For example, �A DAY� is one word,
and �THE� is 0.6 words.

� Keystrokes per character (KSPC)represents the average num-
ber of keys selected to (correctly) type a single character.
More precisely, KSPC is the ratio of the total number of keys
selected to the length of the typed text [83]. This means that
KSPC includes the number of times the backspace key was
hit.

� Minimum String Distance Error Rate (MSD ER), where MSD
is the minimum amount of changes required � insertions,
deletions, and substitutions � to convert one string to another.
Here, we use the MSD ER metric formulation proposed by

Figure 2: The Components of Dwell Selection � Exit Time
(ET; yellow), Pointing Time (PT; green), On Target Time (OTT;
blue), Drop-o� Time (DOT; red), and Drop-o�s (DOs). Here,
`R' and `G' are the last and next selected keys, respectively,
e.g., while typing �TARGET�. Exactly one DO is shown.

Soukore� et al. [84] to compute the di�erence between the
target and the typed text.

In addition to the above metrics commonly used to evaluate text
entry systems, we further analyzed the data by breaking down the
actions involved in a dwell-based selection of each letter, step-by-
step (Figure 2):

(1) Exit Time (ET): ET, following previous work [89], is de�ned
as the time taken to exit the key after it has been selected.
Technically, this is the time from when a key was selected
until the �rst time the gaze leaves the key.

(2) Pointing Time (PT): The next step is pointing at the next key.
Thus, PT represents the time participants take to point to the
next selected key after the gaze cursor has left the previously
selected key. Unlike previous work [10, 24, 60, 72], we do
not include the ET in the PT to enable more �ne-grained
analysis. Note that, because participants could have made
one or more mistakes, the two selected keys might not be
the same as the target keys.

(3) Activation Time (AT): The �nal step in key selection is acti-
vation. AT represents the time taken to activate a key after
the �rst time the gaze reached that key. We break AT down
into On Target Time (OTT) and Drop-O� Time (DOT), with

�) = $)) ¸ �$) (1)

where,
(a) On Target Time (OTT)is the whole time spent by par-

ticipants dwelling on a key to select it. The motivation
for measuring the OTT is that jitter is inevitable in eye-
tracking [9] and is the primary cause for (undesired) reset-
ting of the (450 ms) dwell timer [30]. Thus, the time users
have to dwell on a key can, in reality, be larger than the
(450 ms) dwell threshold.

(b) Drop-o� Time (DOT)is the time participants lost due to
jitter. In other words, this is the time lost due to involun-
tarily falling o� the selected key after the gaze cursor had
reached the key for the �rst time.
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(a) (b) (c)

Figure 3: Study 1 results for (a) WPM, (b) KSPC, and (c) MSD ER by Sessions. The error bars show the standard error of means.

Further,Total Time (TT)is the combined time required to select
a key and is de�ned as:

)) = �) ¸ %) ¸ �) = �) ¸ %) ¸ ¹ $)) ¸ �$) º (2)

Finally, to better understand how eye-tracking jitter a�ects se-
lection time, we also analyzed:

� Drop-O�s (DOs), i.e., how many times the gaze fell o� the
selected key after reaching it.

3.5 Participants
We recruited 9 novice participants (6 males, 3 females), aged 28.2
� 4.99 years, who all had no visual impairments or corrected-to-
normal vision and at least 9 years of QWERTY typing experience.
None of the participants had prior experience with eye-tracking.
They were remunerated with the equivalent of US $15 in the local
currency for every set of four 15-minute sessions and an additional
$15 for completing the study.

3.6 Results
3.6.1 WPM, KSPC, and MSD ER.Participants' average typing speed
started at 11.6� 1.77 WPM (mean� SD) in the �rst session and

reached 14.8� 1.63 WPM in the last one (see Figure 3a). The fastest
participant typed at 16.9� 1.30 WPM in session 7.

The data was analyzed in SPSS 29 using repeated measures (RM)
ANOVA with Sessionas the independent variable andU = .05.
The data was considered to be normal when Skewness (S) and
Kurtosis (K) values were between� 1”5 [27, 56]. Upon violation of
Mauchly's sphericity test, we applied Huynh-Feldt correction where
n Ÿ 0”75. We transformed the data using ART [91] for dependent
variables that did not have a normal/log-normal distribution. Post-
hoc analyses were conducted using the Bonferroni method.

One-way RM ANOVA identi�ed a signi�cant di�erence between
the sessions for WPM (� 4”26•34”1 = 21.4,? Ÿ .001,[ 2 = 0”728). While
post-hoc analysis revealed several signi�cant di�erences between
sessions, we highlight that there was no signi�cant improvement in
typing speed starting from the 6th session onwards, i.e., we started
to see signs of the performance plateauing.

Participants improved their average KSPC from 1.043� 0.082
in the �rst session to 1.013� 0.045 in the last session (Figure 3b),
with the di�erences being overall signi�cant (� 7•56 = 2.52,? Ÿ .05,
[ 2 = 0”240). However, post-hoc analysis did not identify signi�-
cant di�erences between sessions. MSD ER improved from 1.32�
3.30% to 0.32� 1.14% (Figure 3c), with overall signi�cant di�erences

Table 1: Study 1 results for average Exit Time (ET), Pointing Time (PT), On Target Time (OTT), Drop-o� Time (DOT), Activation
Time (AT), Total Time (TT), and Drop-o�s (DOs) over the eight sessions.

Exit
Time (ET)

Pointing
Time (PT)

On Target
Time (OTT)

Drop-o�
Time (DOT)

Activation
Time (AT)

Total
Time (TT)

Drop-o�s
(DOs)

Session
Time

(s)
% of
TT

Time
(s)

% of
TT

Time
(s)

% of
TT

Time
(s)

% of
TT

Time
(s)

% of
TT

Time
(s)

#

1 0.220� 0.10 22.1% 0.168� 0.24 16.8% 0.531� 0.16 53.2% 0.079� 0.21 7.87% 0.609� 0.34 61.1% 0.997� 0.43 0.498� 1.09
2 0.229� 0.09 23.9% 0.139� 0.20 14.5% 0.524� 0.16 54.5% 0.068� 0.19 7.11% 0.592� 0.32 61.6% 0.961� 0.40 0.478� 1.08
3 0.230� 0.09 24.0% 0.133� 0.19 13.9% 0.527� 0.16 54.9% 0.070� 0.21 7.27% 0.597� 0.35 62.1% 0.961� 0.42 0.518� 1.19
4 0.208� 0.09 22.7% 0.129� 0.19 14.1% 0.519� 0.15 56.7% 0.059� 0.19 6.47% 0.578� 0.31 63.2% 0.915� 0.40 0.444� 1.08
5 0.203� 0.08 23.7% 0.107� 0.16 12.4% 0.507� 0.13 59.2% 0.040� 0.13 4.71% 0.547� 0.24 63.9% 0.857� 0.30 0.339� 0.87
6 0.188� 0.08 22.3% 0.102� 0.14 12.1% 0.508� 0.13 60.2% 0.046� 0.15 5.44% 0.554� 0.26 65.6% 0.844� 0.32 0.376� 0.99
7 0.177� 0.08 21.7% 0.096� 0.13 11.8% 0.503� 0.12 61.7% 0.039� 0.13 4.79% 0.542� 0.24 66.5% 0.815� 0.29 0.317� 0.84
8 0.171� 0.08 21.4% 0.095� 0.13 11.9% 0.499� 0.12 62.4% 0.034� 0.12 4.27% 0.533� 0.23 66.7% 0.799� 0.27 0.280� 0.81

( 1 � ( 8 0.049 24.7% 0.073 36.7% 0.032 16.1% 0.044 22.4% 0.076 38.5% 0.199 0.218
Average 0.203 22.8% 0.121 13.6% 0.515 57.6% 0.054 6.09% 0.569 63.7% 0.894 0.406
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