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Figure 1: The two keyboard layouts.

ABSTRACT
To identify if novel/unfamiliar keyboard layouts like OPTI can out-
perform QWERTY, lengthy training through longitudinal studies
is typically required. To reduce this logistical bottleneck, a popular
approach in the literature requires participants to type the same
phrase repeatedly. However, it is still unknown whether this ap-
proach provides a good estimate of expert performance. To validate
this method, we set up a study where participants were tasked
with typing the same phrase 96 times for both OPTI and QWERTY.
Results showed that this approach has the potential to estimate
expert performance for novel/unfamiliar keyboards faster than the
traditional approach with different phrases. Yet, we also found that
accurate estimates still require training over several days and, there-
fore, do not eliminate the need for a longitudinal study. Our findings
thus show the need for research on faster, easier, and more reliable
empirical approaches to evaluate text entry systems.
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1 INTRODUCTION
Today, text entry has become an essential part of people’s lives, e.g.,
for texting on smartphones, emailing, and writing reports and other
documents. It also provides an alternative way to communicate
for people with limited muscle control. [23, 35, 39, 42]. In most
cases, text is entered using either a physical keyboard or a soft
keyboard. Even though several more or less optimal layouts have
been proposed [45], the QWERTY layout still dominates text entry
to this day [13, 52].
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The primary reason for this is that the QWERTY layout has
been widely available for over a century and therefore is habitually
used in people’s daily lives [52]. Thus, users are familiar with the
QWERTY layout and the text entry speed they can achieve with
it. Both facts make QWERTY also the most appropriate baseline
for research on the evaluation of novel keyboard layouts. Previous
work [31] has shown that theoretically more optimal keyboards
can demonstrate significant benefits over QWERTY, but only after
lengthy training. More specifically, users needed, on average, a
total of 4 hours of practice with a novel keyboard layout, OPTI, to
achieve the same text entry speed as with QWERTY. In the context
of touch-based typing [31, 45], OPTI has been predicted to be about
30% faster than QWERTY; yet this point would only be reached
after an average of 17 hours of training. Thus, it is not easy to
convince regular smartphone and computer users to invest the
effort associated with such extensive training, especially when the
current typing speed of QWERTY is already deemed acceptable for
most contexts.

Nevertheless, for interactionmodalities/techniques that are more
challenging to use, such as eye-gaze-based pointing and brain-
computer interfaces for people with limited muscle control [23, 35,
39, 42], optimal layouts can potentially have a proportionally higher
impact on text entry speeds and might thus be worth the effort of
learning a new layout. Further, as discussed above, investigations
of unfamiliar layouts suffer from a major methodological bottle-
neck, as demonstrating the expert performance potential of a given
method requires that novices, i.e., first-time or beginner-level users
of a system, be trained over a substantial amount of time, with some
using up to 7.5 hours of each participant’s time over 14 days, e.g.,
[10, 12, 13, 15, 19, 20, 22, 25–28, 31, 36, 38, 46, 53, 57]. Thus, running
such studies is logistically expensive, especially when comparing
novel/unfamiliar layouts to QWERTY [10, 31], or worse yet, when
comparing several different layouts within the same study.

To reduce the logistical burden of a longitudinal study, some re-
searchers have used an approach that requires participants to only
type the sameword(s)/phrase(s) repeatedly, e.g., [8, 9, 16, 54, 57]. Yet,
this approach of estimating expert performance by repeatedly typ-
ing the same phrase, although popular in the literature [16, 54, 57],
has not been validated before. More specifically, it is still unknown
if repeatedly typing the same phrase provides a good estimate of
expert-level text entry performance for a given keyboard layout. To
address this gap in the literature, we investigated here whether this
approach provides a good estimate of a layout’s potential perfor-
mance with expert users. For this, and similar to previous work
[31], we compared OPTI and QWERTY by tasking participants to
type the same phrase repeatedly. Our main contribution here is to
show that repeatedly typing the same phrase approach does not
accurately estimate expert-level text entry performance within a
single day’s training. Still, this approach potentially produces good
estimates, but only through a (comparatively shorter) longitudinal
study that still takes multiple days.

2 LITERATURE REVIEW
2.1 Evaluation Methods for Text Entry Systems
For any keyboard layout, a key difference between novices and
experts is that experts can find keys faster as they are more familiar

with the layout, incurring a (much) reduced average visual search
time [32, 48]. Thus, and as mentioned above, text entry studies
typically train novice users over a significant amount of time. One
approach trained participants through multiple sessions on the
same day, e.g., [13, 15, 22, 25–27, 38, 57]. Another, more externally
valid approach is collecting data from trained users over several
days, e.g., [10, 12, 19, 20, 28, 31, 36, 53], i.e., through a longitudinal
study. See [21] for a comprehensive literature review of such studies.

One early longitudinal study was conducted by MacKenzie and
Zhang [31], where the authors designed a theoretically more op-
timal novel keyboard interface, called OPTI, and compared it to
QWERTY. Five participants typed by tapping the screen using a
stylus on each of these keyboards. A single session was comprised
of two typing rounds lasting 20-22 minutes each – one for each
keyboard. The 20 sessions were separated by at least two hours
but no more than two days. The average typing speed for OPTI
increased from 17.0 words per minute (WPM) in session 1 to 44.3
WPM at the end. Similarly, QWERTY started at about 27.5 WPM
and ended at about 40 WPM in session 20. Participants were able
to type faster with OPTI starting from the 11th session, i.e., after
about 4 hours of practice. Still, although participants experienced
about 7 hours of practice with OPTI through the 20 sessions, this
does not guarantee that they are experts. Thus, the authors then
extrapolated the data using the power law of learning [20, 29] up
to the 50th session and suggested Equation 1 and 2 for QWERTY
and OPTI, respectively.

WPMQWERTY = 27.597 × Session0.1237, 𝑅2 = 0.9802 (1)

WPMOPTI = 17.24 × Session0.3219, 𝑅2 = 0.9974 (2)

In Equation 1 and 2, 𝑆𝑒𝑠𝑠𝑖𝑜𝑛 is the number of 20-22 minute train-
ing sessions, and 𝑅2 is the squared correlation coefficient. These
equations predict that after 17 hours of practice, QWERTY and
OPTI have the potential to reach 44.8 WPM and 60.7 WPM, respec-
tively. Thus, MacKenzie and Zhang [31] showed (in the context
of touch-based keyboards) that theoretically more optimal layouts
start to show significant benefits over QWERTY only after lengthy
training.

In the domain of gaze-based keyboards, and to improve the speed
of dwell-based systems, Majaranta et al. [36] conducted a longi-
tudinal study where the participants were given the flexibility of
adjusting the dwell time required to select a key. Eleven participants
typed on a QWERTY keyboard for ten 15-minute sessions on ten
separate days. Results showed that the typing speed increased from
6.9 WPM to 19.9 WPM in the final session. Also, the average dwell
time decreased from 876 ms to 282 ms on average. However, due to
the shorter dwell time, participants suffered more from the “Midas
Touch” problem [55] as evident in the keystrokes per character
(KSPC) results which increased from 1.09 in the first to 1.18 in the
last session [36], as users needed more corrective actions to arrive
at the correct result.

To bypass the burden of longitudinal studies, mathematical mod-
els of text entry performance (e.g., [20, 29, 32, 33, 49]) and empirical
studies based on a system that simulates a perfect recognizer [22]
have been used to predict expert performance. For touch-based
text entry, Rick [45] developed a mathematical model for stroke-
based (or swipe-based) typing based on Fitts’ law using empirical
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data to predict expert-level performance on different keyboard lay-
outs. Using this model, Rick [45] evaluated 22 existing layouts, e.g.,
QWERTY, Fitaly, Dvorak, OPTI I and II, Metropolis I and II, Quik-
writing, and others, for both tapping and stroking/swiping. These
layouts were also compared with two novel ones, named Square
OSK and Hexagon OSK. These two layouts were generated based
on the proposed model, i.e., optimized for swipe-based typing. The
model predicted that stroking/swiping can achieve faster typing
speeds compared to tapping for all 24 keyboard layouts. For ex-
ample, stroking/swiping can achieve a 17.3% gain over tapping for
QWERTY. Still, a much higher typing speed could be achieved if a
“more suitable” layout is used, e.g., OPTI II is predicted to be 29.5%
faster than QWERTY.

Magnien et al. [34] introduced an approach that provides visual
clues to novices to help them speed up. After a user has typed a few
characters, the system bolds the next few most likely characters,
reducing the visual search space. Results showed that this approach
can significantly reduce text entry time. Yet, this approach is not
representative of expert behavior, as users still need to search for
the next key in the middle of typing a word.

To avoid longitudinal studies, a popular approach employed by
researchers requires participants to type the same word(s)/phrase(s)
repeatedly, e.g., [8, 9, 16, 54, 57]. Although some of these studies [8, 9,
16, 57] also focused on investigating layout learning, they explicitly
used the approach of repeatedly typing the same word(s)/phrase(s)
to estimate expert performance. However, repeatedly typing a single
phrase typically does not represent the character frequency of the
used language, e.g., English, well, and thus, this approach cannot
robustly evaluate real keyboard usage. To partially address this
issue, Yu et al. [57] employed a slightly improved version where
every participant was given a different phrase to repeatedly type 12
times. Still, Jokinen et al. [20] speculated that, although repeatedly
typing the same word “may” perform better than QWERTY [8, 9],
typing a phrase may not.

To validate Jokinen et al.’s [20] speculation about whether re-
peatedly typing the same phrase can actually predict expert-level
performance, we replicated MacKenzie and Zhang’s [31] study.
Yet, instead of performing a longitudinal study and using differ-
ent phrases, we tasked participants to type the same phrase 96
times over 8 sessions on the same day. We chose MacKenzie and
Zhang’s study [31] for two reasons. First, this choice allowed us to
compare our results with the findings of a more externally valid
longitudinal study and thus, helped validate the repeatedly typing
the same phrase approach. Also, this study utilizes a touch-based
input technique that still applies for smartphone-based text entry
today, unlike, e.g., work on T9 [43].

2.2 Touch-Based Text Entry
Previous work introduced a variety of innovative text entry tech-
niques for touch-based typing [1], including hand-posture adap-
tive keyboards [5, 17], tap-stroke hybrid keyboards [3], key-target
resizing keyboards [18], gesture keyboards [2, 7, 37, 44, 59], and
keyboards with different layouts [8, 14, 19, 58]. Yet, the focus of
such studies is typically either on improving typing speeds or on
novel text entry techniques. In contrast, we do not (a priori) aim
to find a better touch-based text entry system. Instead, we take

advantage of the ubiquity of touch-based systems to validate the
approach of repeatedly typing the same phrase using MacKenzie
and Zhang’s [31] work.

3 USER STUDY
Here, we describe the details of our study and how we designed
and evaluated the two keyboard layouts used by MacKenzie and
Zhang [31], OPTI and QWERTY, with the approach of typing the
same phrase repeatedly.

3.1 Apparatus and Keyboard Designs
Participants used their own smartphones to perform the experi-
mental task since this allowed us to recruit remote participants
easily and ensured that participants were using a device that they
were most comfortable and experienced with from their day-to-day
usage.

As our intent was to ensure comparability with MacKenzie and
Zhang [31]’s work, we aimed to match their work as closely as pos-
sible. Thus, we purposely did not consider typing disambiguation
methods, such as a model of the tap positions [45] or a language
model [24], as this could confound the results.

Participants entered text with the OPTI and QWERTY layout in
landscape mode. To be able to fit both layouts reasonably well onto
the screen, we ensured that the devices had a display that was at
least 6" diagonally. To fit the keyboard into such a 6" screen, we
still had to set the key sizes to be 0.2 cm smaller than the original
design by MacKenzie and Zhang [31], i.e., the keys were 0.8 × 0.8
cm. As suggested by Fitts’ law [6, 11, 40, 41, 47] and previous work
[32, 56], this slight decrease in size should not significantly impact
the results.We also introduced a gap of 0.1 cm between keys to avoid
unintended selections when the user touches the edge between two
keys and provided auditory feedback through a subtle click for each
key ‘hit’. Instead of the ‘F1’ key of the original OPTI layout, and
just like any smartphone QWERTY keyboard layout, we added a
backspace key beside the character ‘M’ for QWERTY to support
error correction. The Android app for the study was developed
using Unity. Figure 1 shows the design of the two keyboard layouts.

3.2 Participants and Procedure
Eight participants (7 male), aged 31.4 ± 5.21 years, took part in the
study. They were recruited via word of mouth and ads over social
media platforms and email and were compensated with $15 for their
participation. All participants had over nine years of experience
with typing on a physical/soft QWERTY keyboard, but none had
experience with the OPTI keyboard prior to this study.

Participants started by filling out a consent form and a demo-
graphic questionnaire which included questions regarding their age,
gender, and experience using OPTI and QWERTY layouts. Then,
they typed using both OPTI and QWERTY, presented in counter-
balanced order, i.e., we used a within-subjects experimental design
with just one independent variable – the two keyboard layouts.
Each participant typed the same phrase 96 times in eight sessions
(i.e., 12 times per session) for each of the two layouts. Participants
were instructed to type in an extra space once they were done
typing a phrase to clearly denote the end of that phrase. Partici-
pants rested for 2 minutes between sessions. The chosen phrase
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was selected randomly from MacKenzie and Soukoreff’s set [30]
(comprises 500 phrases in total with the minimum, maximum, and
average phrase lengths being 16, 43, and 28.6 characters, respec-
tively). We followed Yu et al.’s approach [57] and ensured that every
participant was given a different/unique phrase to transcribe to
increase the validity.

Instead of a stylus [31], participants used the index finger of their
dominant hand to type. They were also asked to correct mistakes
immediately but to ignore mistakes that occurred two or more
letters back, simply to avoid too many corrections, i.e., to avoid
affecting their typing speed too much. The task was performed
sitting in a chair, and participants held the phone with their non-
dominant hand. Between the two keyboard conditions, participants
rested for at least 5 minutes. At the end of the typing task, we
conducted a short semi-structured interview where participants
shared their typing experience with the two keyboard layouts. In
total, the study took about an hour per participant.

3.3 Performance Metrics
We used the following metrics to evaluate text entry performance:

• Words per minute (WPM), which is the total number of words
typed per minute, where a single word comprises a sequence
of any 5 characters including spaces [4].

• Keystrokes per character (KSPC), which is the ratio of the
number of keys selected to the length of the typed text [50].
In other words, KSPC is the number of key selections re-
quired to (correctly) type a single character, including the
extra keystrokes required for error correction, i.e., when the
backspace key was hit.

• Minimum String Distance Error Rate (MSD ER), where MSD is
the minimum number of insertions, deletions, and substitu-
tions required to transform one string into another. We use
the formulation of the MSD ER metric introduced by Souko-
reff and MacKenzie [51]. Unlike MacKenzie and Zhang’s
study [31] where only the error rate was reported, which
suffers from limitations (see [50, 51]), we chose to report the
MSD ER metric.

4 RESULTS AND DISCUSSION
The results of the study are shown in Table 1 and Figure 2. As can
be seen in Figure 2a, although repeatedly typing the same phrase
improved participants’ performance for OPTI, the data for OPTI
never approached the performance with QWERTY. In other words,
participants’ typing speed using the OPTI layout was always below
the typing speed achieved using QWERTY throughout the eight
sessions.

As per Table 1 and Figure 2a, participants started at an average
typing speed of 19.1 ± 5.85 WPM in the first and ended with 31.0 ±
8.64 WPM in the last session with OPTI, which was also the fastest
average typing speed across participants. The fastest individual
participant typed at an average speed of 41.1 ± 5.12 WPM on the
8th session with OPTI. Participants achieved 33.7 ± 6.37 WPM on
the first and 33.0 ± 5.94 WPM on the last session using QWERTY.
The highest typing speed of 36.7 ± 6.15 WPM for QWERTY was
achieved by the participants on the 4th session (see Table 1). The

fastest participant was able to reach an average typing speed of
42.6 ± 7.87 WPM on the 4th session with QWERTY.

For both keyboard layouts, we did not observe noteworthy trends
in terms of KSPC and MSD ER. Other than a few exceptions, i.e.,
sessions 1 and 3-5 in Figure 2b, and sessions 3 and 8 in Figure 2c, the
curves for both keyboards seemed to be quite similar to each other.
Also, average MSD ER for both OPTI and QWERTY were all below
2% throughout the eight sessions (see Figure 2c), showing that the
participants were quite careful on both the keyboards layouts [24].

When referencing our results with Equation 1 and 2 [31], the
average typing speed of the last session is equivalent to 4.3 (20-
22 minute) sessions for QWERTY and 6.2 sessions for OPTI (see
Table 1). For QWERTY, where the fastest session was not the last,
we estimate that it would take 10 sessions to reach speeds of 36.7
WPM, as achieved in the 4th session. This shows that repeatedly
typing the same phrase for about 30 minutes can – at best – achieve
comparable results to 3.67 hours of normal/traditional training (i.e.,
training with different phrases) with a known, i.e., QWERTY, or
2.27 hours of traditional training with an unknown keyboard layout,
in this case, OPTI.

In contrast to our work, MacKenzie and Zhang [31] found that
OPTI outperformed QWERTY starting from the 11th (20-22 minute)
session and eventually reached 44.3 WPM in session 20, with QW-
ERTY achieving 40 WPM on the same session. The typing speed of
our participants did not even get close to the expert performance
reported by MacKenzie and Zhang [31] for either keyboard. The
results of our study thus indicate that – although repeatedly typ-
ing the same phrase improves performance – this approach is not
suitable for reliably estimating expert performance for unfamiliar
keyboard layouts. Thus, our results validate Jokinen et al.’s [20]
speculation that repeatedly typing a phrase on an unfamiliar layout
like OPTI does not demonstrate that it can surpass QWERTY’s
performance, at least not with a single day’s training. More impor-
tantly, the approach of repeatedly typing the same phrase does not
come close to a good estimate of expert-level text entry performance
with a single day’s training.

The change in typing speed over time for OPTI in Figure 2a
showed an increasing trend until session 6. From there onwards, the
curve completely flattened out. This is evidence that running more
sessions probably would not have increased OPTI’s performance
any further. As for the trend of the curve for QWERTY in Figure 2a,
the typing speed slightly increased from the 1st to the 4th session.
However, a decreasing trend can be observed from the 5th session
onwards.

One participant in the semi-structured interview mentioned
that “the task very quickly got boring and frustrating as it seemed
like it was never going to end.” Another explained “My mind kept
wandering off. It was very hard to continuously keep my concentration
on the task.” Similarly, another participant shared “After a couple
of sessions, QWERTY was especially hard as there was no challenge
associated with the task, ... , unlike OPTI, where I felt there was still
scope for improvement.” Others also shared similar feedback about
the experimental task. Given these insights, we believe that the
downward trend of QWERTY’s typing speed starting from the 5th
session is directly associated with the fatigue of the participants
and the lack of challenge in the experimental task. This opens up
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Table 1: WPM results for each session and using Equation 1 and 2, the corresponding number of (22 minute) Training Sessions
and Training Time required to reach that WPM when different phrases are typed for training.

Typing Speed
(WPM)

Projected No. of
Training Sessions

Projected Training
Time (hours)

Session OPTI QWERTY OPTI QWERTY OPTI QWERTY
1 19.1 ± 5.85 33.7 ± 6.37 1.4 5.0 0.50 1.83
2 22.9 ± 7.01 36.0 ± 6.35 2.4 8.6 0.89 3.14
3 25.4 ± 7.11 35.1 ± 6.12 3.3 7.0 1.23 2.56
4 25.7 ± 7.24 36.7 ± 6.15 3.5 10.0 1.27 3.67
5 27.9 ± 8.08 35.5 ± 5.76 4.5 7.6 1.64 2.80
6 31.0 ± 7.97 34.4 ± 7.73 6.2 5.9 2.28 2.16
7 30.8 ± 7.86 34.1 ± 5.6 6.1 5.5 2.22 2.03
8 31.0 ± 8.64 33.0 ± 5.94 6.2 4.3 2.27 1.57

(a) (b)

(c)

Figure 2: (a) WPM, (b) KSPC, and (c) MSD ER results over eight sessions of typing the same phrase. The error bars show the
standard error of means.

the question of whether this fatigue impacted the results for the
flattening trend of OPTI starting from the 6th session as well.

To analyze this we fit a regression based on the power law of
learning through the WPM data [20, 29, 31], see Figure 3, which
gave us the following two equations:

WPMQWERTY = 35.684 × Session−0.016, 𝑅2 = 0.0517 (3)

WPMOPTI = 15.64 × Session0.3273, 𝑅2 = 0.9596 (4)
In Equation 3 and 4, a single 𝑆𝑒𝑠𝑠𝑖𝑜𝑛 is comprised of repeatedly

typing the same phrase 12 times, and 𝑅2 represents the squared
correlation coefficient. As per the 𝑅2 value in Equation 4, approxi-
mately 96% of the variance is accounted for in the fitted learning

model, which means that the model is a very good prediction of
user behavior. Equation 4 predicts that it would require ≈ 24 ses-
sions (289 repetitions, 8 sessions per day = 4 days) of typing the
same phrase repeatedly with OPTI before participants can reach
the typing speed of 44.3 WPM which was reported by MacKenzie
and Zhang [31] to take twenty (20-22 minute) normal/traditional
(i.e., training with different phrases) training sessions (i.e., 20 days)
of training. In other words, although repeatedly typing the same
phrase is predicted to be able to provide a good estimate of expert
performance and can do so faster than traditional training, this
approach would still require training participants over several days
and would therefore not eliminate the need for a longitudinal study.
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Figure 3: WPM over eight sessions along with an extrapola-
tion of the learning curve to the 30th session.

Yet, repeatedly typing the same phrase on a known layout, i.e.,
QWERTY, had detrimental effects on learning, as evident by the neg-
ative exponent (i.e., -0.016) and a very small 𝑅2 value in Equation 3.
Therefore, we suggest avoiding studies that involve repeatedly typ-
ing the same phrase task for more than 4 sessions, i.e., 48 repetitions,
for QWERTY or any layout already very well known by a partic-
ipant. Overall, our analysis based on the power law of learning
showed that the observed flattening trend in typing speed of OPTI
from the 6th session and the decreasing trend of QWERTY from
5th session onwards are most likely due to the fatigue associated
with the experimental task.

Researchers had previously used the repetitive phrase typing
approach either with complete novices, e.g., [54], or with users
who were first trained for a small number of sessions using the
traditional approach of typing different phrases and then typing the
same phrase for a few more sessions, e.g., [9, 16, 57]. In our study,
we chose the first method [54], which uses only a single phrase
repetitively, as we wanted to investigate an approach that might
reach expert performance faster. Further, we ensured that the total
number of repetitions performed by participants in our study was a
lot larger than the combination of phrases and repetitions typically
employed by other studies [9, 57].

5 CONCLUSION AND FUTUREWORK
Here we experimented with the popular approach of repeatedly
typing the same phrase and investigated if it provides a good es-
timate of a keyboard layout’s potential performance with expert
users. Results showed that this approach has the potential to esti-
mate expert performance for novel/unfamiliar keyboards; however,
only after lengthy training spanning several days. Thus, although
shorter than compared to the traditional approach of training users
with different phrases, a longitudinal study is still inevitable. We
also found that repeating the typing task too many times for a
known keyboard layout, like QWERTY, has detrimental effects
on the results as participants tend to lose concentration and get
mentally tired faster than with an unfamiliar keyboard layout. We
believe that our findings demonstrate the need for further investiga-
tion on finding a faster, easier, and more reliable empirical approach
to evaluate text entry systems.

In the future, we plan to investigate how repeatedly typing the
same word compares to repeatedly typing the same phrase and the

traditional approach of training users with different phrases/words.
Also, it would be interesting to investigate in the future how the
two approaches to repetitive phrase typing, i.e., with or without
prior training using the traditional approach, relate to each other.
Finally, although using different phrases for different participants
for the repetitive typing task increases external validity, the chosen
phrases could potentially have a confounding effect on the results,
which also requires further research.
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