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ABSTRACT

CCS CONCEPTS

QWERTY is the primary smartphone text input keyboard confguration. However, insertion and substitution errors caused by hand
tremors, often experienced by users with Parkinson’s disease, can
severely afect typing efciency and user experience. In this paper,
we investigated Parkinson’s users’ typing behavior on smartphones.
In particular, we identifed and compared the typing characteristics
generated by users with and without Parkinson’s symptoms. We
then proposed an elastic probabilistic model for input prediction.
By incorporating both spatial and temporal features, this model
generalized the classical statistical decoding algorithm to correct insertion, substitution and omission errors, while maintaining direct
physical interpretation. User study results confrmed that the proposed algorithm outperformed baseline techniques: users reached
22.8 WPM typing speed with a signifcantly lower error rate and
higher user-perceived performance and preference. We concluded
that our method could efectively improve the text entry experience
on smartphones for users with Parkinson’s disease.

• Human-centered computing → Text input; Accessibility.
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1

INTRODUCTION

As the world population’s average age increases, Parkinson’s disease has become a challenge for more and more people. In 2020,
the number of Parkinson’s patients reached 10 million 1 . Parkinson’s disease is a long-term nervous system disorder that mainly
afects the motor system. The most common symptoms are the
"pill-rolling" hand tremor (between 4 – 6 hertz) and muscle rigidity/stifness [42]. As a result, Parkinson’s patients usually fnd fne
motor movements (e.g., grabbing spoons and pressing buttons) diffcult. Interacting with touchscreen devices is a major challenge for
users with Parkinson’s disease, specifcally, inaccurate input and
accidental touches signifcantly limit their interaction performance
1 https://www.parkinson.org/understanding-parkinsons
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and experience [13, 20–24]. For example, when typing on smartphone QWERTY keyboards, inexperienced users with the hand
tremor could only type 4.7 words per minute (WPM) [23], about
11% of the speed of young adults [2].
To improve the text entry performance of users with these symptoms, researchers have proposed several techniques (e.g., keyboard
layout optimization [11, 27–30], dynamic accessibility confguration [34], tutoring system on a 9-key keyboard [8, 9] and strokegesture text input methods [17, 36, 43]). Although these solutions
have been proven to be useful for the motor impaired on various
platforms (e.g., tablet, mobile phone), they either targeted beginners
or required interface layout modifcation, causing users to face a
potentially steep learning curve [47]. This paper instead focuses
on the touch-based software QWERTY keyboard among experienced Parkinson’s users, the most dominant text entry method on
smartphones, according to our user survey.
Since Goodman et al. introduced the language model to software
keyboards [7], the statistical decoding method has been widely
deployed and proven efective in various text entry scenarios [31,
32, 44, 48]. The statistical decoding method maps touchpoints’ 2D
coordinates, also known as the touch model, to the word they most
likely represent, known as the language model. However, as we
will show in this paper, users with Parkinson’s disease sufer from
signifcantly higher insertion and omission errors that can not be
handled by classical statistical decoding methods [4, 6]. To correct
these types of errors, researchers have proposed pattern matching [12] or machine learning based approaches [37, 40] with their
penalties tuned manually or trained by machine. These methods
lack physical interpretability, which is difcult to generalize to
other scenarios like ours. To the best of our knowledge, there is no
existing work that explored an efective statistical decoding method
for software QWERTY keyboard to support users with Parkinson’s
disease.
This paper presents and evaluates a smartphone QWERTY keyboard for users with Parkinson’s disease using an elastic probabilistic model. We frst conducted a user survey to explore how
users input text in a daily scenario, including the most widely used
keyboard layout and typing posture. Then we investigated and
compared the typing behaviors generated by both Parkinson’s and
non-Parkinson’s users. Finally, we proposed an elastic probabilistic model to correct all major types of errors while maintaining
direct physical interpretation by incorporating spatial-temporal
features. In a second user study, we evaluated the performance
versus two baseline models: the basic language model (BLM) [7]
and elastic pattern matching (EM) [12]. Results showed that our
method achieves signifcantly higher typing speed (22.8 WPM),
26.8% and 14.6% faster than BLM and EM respectively; as well as
lower word-level error rate (8.0%), 7.1% (5.5%) lower than BLM (EM)
and keystrokes per character (1.06), 7.8% (5.5%) lower than BLM
(EM). Finally, users ranked our method to be the best in terms of perceived accuracy, speed, error correction performance, confdence,
and overall preference. This paper’s contributions include:
1. We built and analyzed the touch model of experienced Parkinson’s users on the software QWERTY keyboard, including both
temporal and spatial features.
2. We propose a smartphone QWERTY keyboard for users with
Parkinson’s disease based on the elastic probabilistic model.
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3. We proved the high text entry performance and usability of
our method against baselines through an in-lab, controlled user
evaluation study.

2

RELATED WORK

In this section, we describe related work including studies describing the efect of Parkinson’s symptoms, text entry methods for users
with Parkinson’s disease, classical statistical decoding methods, and
related error auto-correction methods.

2.1

Efect of the Parkinson’s Symptoms

Parkinson’s disease causes multiple motor impairments such as
hand tremors, muscle rigidity/stifness etc. [42] However, these
symptoms can also occur in other elderly people [13, 21] resulting
in difculty interacting with touchscreens [21, 23]. To understand
the efects of these symptoms, researchers investigated users’ interaction behavior with touchscreen phones [13, 20–23]. They found
that symptoms such as hand tremors and muscle stifness have a
signifcantly negative efect on touchscreen interaction tasks, including target selection (especially small targets) [13, 20, 21], text
entry [21, 22], and object manipulation (e.g., zoom in/out) [22].
Recently, Nunes et al. [24] investigated Parkinson’s users’ tap,
swipe, multiple-tap, and drag gesture performance through a user
study composed of 39 Parkinson’s participants. They observed relatively poor small keys (79.83% for 7.0mm key width) tap accuracy.
Further, Nicolau and Jorge analyzed the text entry performance
of elderly citizens with diferent severity hand tremors [23]. They
found relatively high error rates compared with young adults due
to the hand tremor. They suggested future work to use temporal
and spatial features to increase text entry performance. However,
Nicolau and Jorge studied users with no experience using smartphone touchscreens. As touchscreens become more ubiquitous,
we have observed elder people interacting with them much more
frequently [36], which leads to diferent usage habits and touch behavior. This motivates our work to enhance text entry performance
for experienced users with Parkinson’s disease.

2.2

Text Entry Methods for Parkinson’s Users

Text entry is one of the most challenging tasks on smartphones
among elderly people with Parkinson’s symptoms [22, 23, 26], signifcantly harming their user experience. When typing on smartphone QWERTY keyboards, inexperienced Parkinson’s users could
only input 4.73 words per minute (WPM) [23], about 11.7% of the
speed of non-Parkinson users [17]. Therefore, researchers have
explored solutions to solve this problem [3, 9, 9, 27–30, 34]. Rodrigues et al. found that highlighting the next most likely letter
for a predicted target word or providing candidate words did not
improve the text entry performance [27, 28] for the elderly without
touchscreen experience. Researchers also explored the text entry
tutoring system [8, 9], which automatically detects input stumbles
and provides instructions that help users resolve them independently. They showed that an assistive typing application increased
typing speed by 17.2% and reduced input stumble incidence by
59.1%. Shari Trewin described a keyboard that dynamically selfadjusts the confguration features, including key repeat delay, key
repeat rate, and debouncing time for accessibility [34]. Specifcally
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targeted at hand tremors, Sarcar et al. found that users with fnger
tremor and dyslexia can achieve 4.68 WPM (14.20% error rate) on
a standard QWERTY keyboard and 5.35 WPM (10.61%) on their
optimized T9 keyboard [29, 30]. Jabeen et.al [11] proposed a new
keyboard layout for Parkinson’s users to input Chinese characters,
achieving an average input speed of 3.88 WPM. Other researchers
explored stroke-gesture text input on touchscreens [17, 36, 43], considering that sliding helps reduce fnger oscillation [17, 38]. For
example, EdgeWrite used an assistive piece of hardware to guide
stroke input [43] and users achieved 6.6 WPM text input performance.
Although these solutions have been proven useful for motor
impaired users on various platforms (e.g., tablet, mobile phone), they
either targeted beginners or modifed interface layouts with could
result in a signifcant learning barrier [47]. Therefore, in contrast
to prior work, we focused our study on the common tap-based
software QWERTY keyboard, the dominant text entry method on
touchscreen phones among experienced Parkinson’s users.

2.3

Classical Statistical Decoding Algorithm

The classical statistical decoding algorithm is a probabilistic model
that calculates the likelihood of each word in a pre-defned dictionary according to the user’s input and recommends the word
with the highest likelihood. This algorithm was frst proposed by
Goodman et al. [7], which yields:
P(W |I ) ∝ P(I |W ) × P(W )
(1)
Where I is a series of input points, W is a candidate word, P(W )
quantifes the probability of W , and P(I |W ) models the noise in
users’ typing behavior. So far, this statistical decoding algorithm has
been proven efective in many smart keyboard techniques (e.g.,[4,
6, 39, 40, 44]).
The principled probabilistic theory, which enables the calculation
to be interpreted as a probability, is an advantage of the classical statistical decoding algorithm. Therefore, the algorithm can be easily
incorporated with a language model or other input channels (e.g.,
accelerometer [5, 25]). Further, the calculation of P(I |W ) can be simplifed to Equation 2 by assuming that touchpoints are independent
of each other. As a result, the classical statistical decoding method
models spatial touchpoint distribution (ofset and spread of size)
for each individual key using Bivariate Gaussian distribution [2, 7].
A language model can calculate the a list of probable next characters for each touchpoint. However, the classical statistical decoding
algorithm can not correct insertion or omission errors [4, 6], which
are common among users with the hand tremor.
P(I |W ) =

N
Ö

P(Ii |Wi )

(2)

i=1

2.4

Correcting Insertion and Omission Errors

Pattern matching, which calculates the “distance” between the input pattern and the pattern of candidate words then recommends
the word with the smallest distance, is one major approach for correcting insertion and omission errors. Pattern matching is the key
algorithm for gesture keyboards [14, 46]. By comparison, less work
has applied it to typing [12, 15]. The merit of pattern matching
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is that the calculation is based on the shape of the word patterns,
therefore, is not restricted by the number of input points. However,
the computed distance metric is usually nontrivial to be interpreted
as probability [14]. Therefore, researchers have to use empirically
determined parameters to incorporate it with language models.
To our knowledge, only a limited number of studies used machine
learning based methods to correct insertion and omission errors [37,
40]. These were achieved by introducing corresponding penalties
that were trained using machine learning or tuned manually (as
opposed to summarized). Therefore, these methods lack physical
interpretability and require initial calibration [37].

3

TEXT ENTRY OF PARKINSON’S USERS IN
DAILY LIVES

We conducted a survey to explore how Parkinson’s users input text
on their smartphones daily. Specifcally, we are interested in typing
posture and keyboard layout.
We interviewed 16 participants (7 males, 9 females) with Parkinson’s disease. Their average age was 67.9 (s.d. = 10.6), the participants, on average, have had the disease for 8.4 years (s.d. = 7.6),
and were at stage 2.5 (s.d. = 1.5) of Parkinson disease 2 . We conducted surveys over online video calls so that participants could
demonstrate their daily-used typing postures and keyboard layouts.
First we asked: "What kind of text input method you use in a daily
scenario?" If the answer included a software keyboard we asked
following two questions: 1) "Which layout do you utilize when
entering text on your smartphone keyboard?" 2) "What typing postures do you use in daily lives? Please rate the frequency of usage
(5-point Likert scale, 4 - all the time, 0 - never)." Each participant
was given a 5 USD gift card as compensation.

3.1

Results

Among the participants, 13/16 used a QWERTY keyboard for entering text on their smartphones, while 3/16 used voice assistants
for text entry. Surprisingly, although T9 keyboard has larger key
sizes than QWERTY keyboards, none of the participants chose T9
for text entry. Through the interview, P1, P6, P7, P8, P12, and P13
commented that they can type faster/with more comfort on the QWERTY keyboard; P2, P6, P9, P14, and P15 commented that they have
gotten used to the QWERTY keyboard layout after using it for many
years. P3, P10, and P16 commented that the QWERTY keyboard
layout was the default when they started to use the smartphone.
We studied fve diferent postures that are common among the 13
participants as illustrated in Figure 1: 1) one hand holding the phone
in the air while the other hand’s index fnger types; 2) one hand
holding the phone on a stable surface (i.e., table) while the other
hand’s index fnger types; 3) place the phone on a stable surface
(i.e., table) while one index fnger type; 4) two-thumbs typing in
the air; and 5) place the phone on a stable surface (i.e., table) while
two index fngers type.
Figure 1 shows the frequency of diferent typing postures. Noticeably, one index fnger typing was preferred by Parkinson’s users
over two-thumb typing, which is diferent from non-Parkinson’s
users [2]. This result aligns with prior work [22, 23, 35] regarding dexterity impaired users’ preferred typing posture. Specifcally,
2 https://www.healthline.com/health/parkinsons/stages
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Figure 1: Frequency of diferent typing postures. Error bar
indicates one standard error.

Figure 2: (A) Experiment platform, shows the target string
and the current entered text in asterisk. (B) Typing posture
adopted by all the participants.

4.1
12/13 participants chose posture (1) as the most frequently used
typing posture. During the interview, P1, P3, P7, P8, P10, P12, P13
and P16 mentioned about reasons being the hand tremor and the
stifness issues. Therefore they preferred using the other hand to
hold the phone steady. P2 and P12 both commented that “I feel
uncomfortable and stif typing with two hands ” ; Moreover, postures
(2) and (3) all used a surface (i.e., table) to provide stable support for
the phone, which “was very helpful to relieve the shaking problem
from the hand tremor” (P1-P2, P7-P10, P12) “helpful towards the
fatigue after typing for a while” (P3, P10, P14).
In conclusion, we believe that it is important to optimize the
current QWERTY keyboard on smartphones for Parkinson’s users
since it is still the most dominant text entry method. Parkinson’s
users prefer a one-index-fnger typing posture rather than twothumb typing [23] due to the hand tremor and stifness. They prefer
to place the phone on a stable surface (i.e., table, leg) to relieve the
fatigue and hand tremor problems. Therefore, we deploy on a oneindex-fnger typing posture in our studies.

4.2

We conducted a user study to investigate Parkinson’s users’ typing behavior on smartphone keyboards and compared it to that of
non-Parkinson’s young adults. As a result of the previous section’s
fndings, we chose the QWERTY keyboard layout in this study. Also,
to ensure that we observed the most intrinsic user typing pattern
without bias towards any specifc input prediction algorithm, we
used asterisk feedback (Figure 2) as with other works [2, 44]. We
were interested in not only users’ typing speed and touchpoint
distribution, but also their error patterns (e.g., frequency and spatial/temporal features).

Apparatus and Platform

We used a Google Pixel 3A phone (PPI = 441) in this study, with
each pixel measuring 0.057mm. Figure 2 showed the experiment
platform. Similar to commercial keyboards, we rendered each key
on the keyboard to be 6mm(W ) × 9mm(H ). During typing, the
platform showed asterisk feedback upon each touch.

4.3
4 MODELING THE TYPING BEHAVIOR

Participants

We recruited 8 Parkinson’s users (3 females, 5 males, all righthanded) with a mean age of 60.5 (s.d. = 9.2, distributed between
47 and 72) from a local Parkinson’s foundation. 7/8 participants
were diagnosed with moderate or severe tremor symptoms in both
hands. The remaining participant had a slight hand tremor symptom
in his left hand. We also recruited 8 non-Parkinson young adults
(5 females, 3 males, all right-handed ) with a mean age of 23.6
(s.d. = 3.7) as our control group. All 16 participants utilized a
QWERTY keyboard for smartphone text entry in their daily lives.
Each participant was compensated with 20 USD.

Experiment Design and Procedure

We used a between-subject design in this study, with Hand Tremor
(with vs. without) as the only factor. Upon arrival, each participant provided his or her age, Parkinson’s disease history, and hand
tremor severity. Then they spent several minutes familiarizing themselves with the experiment platform. Each participant completed
two blocks of text entry tasks during the study, each consisting
of 25 phrases randomly sampled from the Mackenzie and Soukoref phrase set [19]. A 5-minute break was enforced between the
two blocks. We frst confrmed with all the Parkinson’s users that
posture (1) and (2) (see Figure 1) were the most frequently used postures. However, to avoid muscle fatigue during this study, we asked

Table 1: Error rate of diferent typing error categories.

Parkinson’s
Mean Error Rate
SD

Insertion
yes
no
6.63% 0.25%
1.24% 0.08%

substitution
yes
no
12.38% 3.47%
5.12% 1.05%

Omission
yes
no
1.13% 0.17%
0.33% 0.08%

Transposition
yes
no
0.10% 0.07%
0.04% 0.04%

Overall
yes
no
20.24% 3.96%
5.66% 1.17%
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Figure 3: the density distribution of unintentional repetitive touches (orange) and regular intentional touches (blue).
all the 16 participants to adopt posture (2) with a table where they
can rest their arms. When entering each phrase, the participants
were asked to “type as quickly and accurately as possible” [23], and
not to correct any errors.

4.4

Results

We collected 9,441 and 9,112 touch points from Parkinson’s users
and non-Parkinson’s users, respectively. As hand tremors may cause
various kinds of typing errors (e.g., insertion and omission), we
manually labeled all the collected touch points with the target
characters. Firstly, we mapped touchpoints to characters using the
nearest distance to each key’s centroid. Then, three annotators
discussed and labeled the input string by comparing it to the target
string, with the help of the video recording. We discarded data
points that were not successfully labeled totalling 197 (2.1%) and
134 (1.4%) for Parkinson’s and non-Parkinson’s users respectively.
All metrics are normally distributed (p > .05) based on the ShapiroWilk test. We used independent samples t-test (with Cohen’s d) for
statistical tests and reported a signifcant diference with p < .05.
4.4.1 Text Entry Speed. We measured the text entry speed in Words
Per Minute (WPM), which was calculated using the formula in [18]:
WPM =

|T | − 1
1
× 60 ×
S
5

(3)

where |T | denotes the length of target phrase, S denotes the time interval in seconds between the frst and the last touch when entering
the phrase.
Our results show that the average speed of Parkinson’s and
non-Parkinson’s users were 19.8 WPM (s.d. = 6.9) and 29.4 WPM
(s.d. = 8.9) respectively. As expected, Parkinson’s users reached
signifcantly lower text entry speed than non-Parkinson’s users
(t 14 = −4.64, d = 2.3, p < .001). Our results difer from prior
work [2, 17] evaluating the typing performance on both elder (22.8
WPM) and young groups (36.34 WPM). This is because we didn’t
take the SPACE character into consideration. When counting the
SPACE character, we observed similar typing speed with prior work.
However, inexperienced users with a hand tremor can only achieve
4.73 WPM [23], which indicates the necessity for this user study
modeling experienced Parkinson’s user’s typing behavior.

4.4.2 Typing Errors. Table 1 showed the error rate of diferent
types of typing errors. Overall, the error rate of participants with
and without Parkinson’s was 20.2% and 4.0%, respectively.
We analyzed the error rate of diferent types of typing errors. We
found similar results as prior work [23] including that substitution
and omission are the two most common typing errors in a mobile
device text entry. Further, compared with non-Parkinson users,
Parkinson users yielded signifcant more insertion (t 14 = 14.5, d =
7.3, p < .001), substitution (t 14 = 4.8, d = 2.4, p < .001), and
omission errors (t 14 = 8.0, d = 4.0, p < .001), but not transposition
errors (t 14 = 1.5, p = .16).
When comparing our results with prior work [23], we observed
smaller overall error rate (20.24% v.s. 25.97%). Specifcally, our results yielded a higher substitution error rate (12.38% v.s. 7.80%) and
a higher insertion error rate (6.63% v.s. 5.50%), but a lower omission error rate (1.13% v.s. 12.65%). We believe the reasons for this
discrepancy are: 1) experience in using the QWERTY keyboard; 2)
cognitive issues; 3) keyboard size. Hugo Nicolau and Joaquim Jorge
studied elder users with hand tremors who had no experience using
the QWERTY keyboard on smartphones. Further, they concluded
that forgetfulness and coordination issues caused the high omission error rate they observed. Finally, Nicolau and Jorge studied
mobile keyboards in the landscape mode because they are larger
than portrait mode. However, in our study, all participants use the
QWERTY keyboard layout on their smartphones during daily life
without reported cognitive issues. Further, participants in our study
were familiar with the keyboard in portrait mode notwithstanding
smaller key size.
4.4.3 Unintentional Repetitive Touch. Our results indicate that unintentional repetitive touches caused most of the insertion errors
observed (480/613 = 78.3%). We noticed that unintentional repetitive touches have a relatively shorter time interval and shift from
the last touch coordinate, whereas regular touches exhibited more
diverse spatial-temporal correlation. To model this, we adopted
Gaussian kernel density estimation (KDE) to estimate the probability density function — P H (x) of time interval (x 1 = T (Ii , Ii−1 ))
× distance (x 2 = D(Ii , Ii−1 )) of two adjacent touch points — Ii and
Ii−1 respectively, as Equation 4 shows:
P H (x) =

1 Õn
K (x − xi )
i =1 H
n

(4)
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Figure 3 shows the density distributions of unintentional repetitive touches in orange contours and regular intentional touches
in blue contours. The centroid of unintentional repetitive touches
density distribution is 2.4 mm and 185 ms. Compared with users
without a hand tremor [10], hand tremors caused a longer distance
between adjacent touches. Further, touch time interval aligns with
the frequency (4 - 6 Hz) of the hand tremor in Parkinson’s disease.
Hugo Nicolau and Joaquim Jorge found similar results on the time
interval [23].
Our work proves the feasibility of leveraging the spatial-temporal
features to classify unintentional repetitive touches from regular
touches. Results indicate that there are distinguishable distributions
among these two types of touches, implying that we can flter out
unintentional repetitive touches. We utilized second-order Gaussian
kernel as our kernel function — K. The KDE bandwidth — H are
counted from the unintentional repetitive touchpoints and regular
touchpoints as 0.24 and 0.40.

4.4.4 Touch Point Distribution. Figure 4A and B illustrate the collective touchpoints merged from all Parkinson’s and non-Parkinson’s
participants over a 1:1 sized keyboard. Similar to prior work [2, 41],
even for Parkinson users, the endpoints for each key roughly followed a 2-dimensional Gaussian distribution. We report the results
for the space key separately because it is diferent from the alphabetical keys in both form and function.
Systematic Ofset. We defne systematic ofset as the distance
between the touch point cloud centroid and the target key center.
A positive ofset in x and y dimension indicated that the users
hit to the right and bottom of the target key center, respectively.
Figure 4C and D show the average ofsets among the alphabetic
keys for Parkinson’s and non-Parkinson’s users.
Users tended to touch to the lower-right of the key center. The
average Ofsetx of Parkinson’s users and the non-Parkinson’s users
was 1.19 mm (s.d. = 0.59) and 0.57 mm (s.d. = 0.33) respectively,
and Ofsety was 0.82 mm (s.d. = 0.23) and 0.43 mm (s.d. = 0.22)
respectively. Parkinson users yielded signifcantly greater Ofsetx
(t 50 = 4.7, d = 1.3, p < .001) and Ofsety (t 50 = 6.2, d = 1.7, p <
.001) than non-Parkinson’s users, confrming that they had more
difculty performing fne motor control tasks.
For Parkinson users, Ofsetx tended to be smaller for keys on
the right side of the keyboard. The average Ofsetx of left-end keys
(‘Q’, ‘A’ and ‘Z’) and right-end keys (‘P’, ‘L’ and ‘M’) were 1.55 mm
(s.d. = 0.36) and 0.67 mm (s.d. = 0.44), respectively. A signifcant
efect of side on Ofsetx was found (t 24 = 5.6, d = 2.2, p < .001).
However, we did not fnd such efect on Ofsety (t 24 = 0.4, p = .71).
For non-Parkinson users, there was no signifcant efect of side on
either Ofsetx or Ofsety .
Spread of Touch Point. To measure spread size, we calculated
SDx and SDy , the standard deviations of the touch point locations
in the x and y directions. The average SDx and SDy across all
keys were 1.17 mm (s.d. = 0.13) and 1.14 mm (s.d. = 0.10) for
Parkinson’s users, and were 1.00 mm (s.d. = 0.13) and 0.97 mm
(s.d. = 0.11) for non-Parkinson’s users. Parkinson’s users yielded a
signifcantly wider spread on touch points on both x (t 50 = 4.7, d =
1.3, p < 0.001) and y (t 50 = 5.8, d = 1.6, p < 0.001) directions (see
Figure 4).
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Space Key. Similar to other keys, users tended to touch to the
lower-right of the space key center. The average Ofsetx of Parkinson’s users and the non-Parkinson’s users was 2.42 mm and 1.63

Figure 4: (A) Touch point distribution across all Parkinson’s users. (B) Touch point distribution across all nonParkinson’s users. (C) Systematic ofset of each key across
all Parkinson’s users. (D) Systematic ofset of each key
across all non-Parkinson’s users. We show 95% confdence
ellipses over a 1:1 outline on each key.
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5.2

Figure 5: One example demonstrating diferent error types
highlighted in diferent colors.

mm respectively, and Ofsety was 2.17 mm and 0.76 mm respectively. Parkinson users have greater SDx and SDy than non-Parkinson’s
users on the space key. The average SDx of Parkinson’s users and
the non-Parkinson’s users was 15.87 mm and 10.44 mm respectively,
and SDy was 5.36 mm and 4.35 mm respectively.
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5.1

Problem Defnition

We frst revisit input prediction problem: Given a series of touch
input points I = I 1 I 2 ...In , for each candidate word W = W1W2 ...Wm
in a predefned language model, calculate the probability P(W |I ).
According to Bayesian rule, the key is to calculate P(I |W ) (see
Equation 1). Notice that m and n can be unequal when assuming
insertion/omission errors may occur. Therefore the major challenge
is to deduce the equation of calculation for each specifc category
of typing errors.
Based on diferent mappings between Ii and Wj , typing errors
can be categorized into four kinds, as illustrated in Figure 5:
(1) Insertion Error: a redundant touch Ii that does not map to
any of the target characters.
(2) Omission Error: a character Wj that does not map to any
of the input touch points.
(3) Substitution Error: a touch Ii for character Wj , but landed
on other keys.
(4) Transposition Error: swap touches Ii−1 and Ii for characters Wj−1 and Wj .

Algorithm Deduction

To calculate the probability P(I |W ), we frst assign Pi , Po , Ps and Pt
to the probability of insertion, omission, substitution and transposition errors, respectively. In practice, these values can all be easily
calculated based on the user’s typing data. Assuming that the mapping between I and W is known (i.e., we can determinately label
all kinds of typing errors), the calculation of P(I |W ) is intuitive:
We defne Fi, j as the conditional probability for I = I 1 I 2 ...Ii and
W = W1W2 ...Wj , where 1 ≤ i ≤ n and 1 ≤ j ≤ m, then we can
calculate the value of Fi, j as:

 Fi−1, j × Pi (Ii |Ii−1 )



 Fi, j−1 × Po

Fi, j =
Fi−1, j−1 × (1 − Po ) × Ps (Ii |Wj ) × Pcon




F
2
 i−2, j−2 × (1 − Po ) × Pt r ans

ELASTIC PROBABILISTIC MODEL

In this section, we propose an elastic probabilistic model to predict users’ input when various types of typing errors exist at the
same time. As mentioned in Related Works section, the classical
statistical decoding algorithm can only compute the probability of
diferent words whose length was identical to the input sequence
(e.g. [7, 44]), which limited the usability of such techniques, especially when the frequency of these types of errors were relatively
high (e.g. for Parkinson’s users). And although some algorithms can
handle insertion/omission errors by introducing penalties (e.g., VelociTap [37]), the value of the parameters was manually optimized,
which was not designed to have a direct physical interpretation.
Our goal is to generalize the classical statistical model based on
probabilistic theory, which will introduce two advantages: 1) All the
parameters have direct physical interpretation, which can be easily
calculated (as opposed to be trained) based on collected user data;
2) The calculated result can be interpreted as “probability”, making
it possible to incorporated with other signal data (e.g. accelerator
data [5]).
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where
Pcon =



1 − Pt
1

else

and
Pt r ans =

if Ii−1 matches Wj−1



Pt
0

if Ii−1 Ii = Wj Wj−1
else

(5)

(6)

(7)

Given that F 0,0 = 1, we can iteratively use Equation 5 to calculate
P(I |W ) = Fn,m . It is easy to fnd that the calculation of Fi, j generalized the classical statistical decoding algorithm [7] based on
probabilistic theory, therefore the result has direct physical interpretation. Specifcally, if we assume that Pi = Po = Pt = 0 (i.e.,
there are no insertion/omission/transposition errors), Equation 5
would degenerate to Equation 2.
So far, we have assumed that the mapping between I and W is
known. However, in practice, the mapping should be inferred by the
algorithm. To achieve this, we used dynamic programming similar
to Levenshtein distance [16]: upon each touch input, we update Fi, j
as the highest value of the four possibilities. To accelerate the realtime computation speed, we can build a tree based on the corpus
and use incremental computing and pruning techniques (e.g., beam
pruning) to avoid repetitive searches and prune impossible results.

5.3

Dynamic Parameter Adjustment

Equation 5 generalized the classical statistical decoding algorithm
to correct insertion, omission and transposition errors. However,
a limitation of this model is that the probability of diferent types
of errors are fxed, which ignores some useful features exhibited
in user’s typing behaviors. For example, in Figure 3, unintentional
repetitive touches and regular touches are highly distinguishable
based on spatial-temporal features. To achieve this, we further
improved EPM by dynamically calculating Pi based on the input as
′
′
Peu (x) + Pi . Pi represents a fxed insertion error rate (133/9244 =
1.44%) that excludes all unintentional repetitive touches. Peu (x) is
calculated as:
ωPu (x)
(8)
Pu (x) + Pr (x)
Where Pu (x) and Pr (x) represent the probability density function
of unintentional repetitive touches and regular touches (Equation
Peu (x) =
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4). x = [T (Ii , Ii−1 ), D(Ii , Ii−1 )]. ω denotes as the weight (5.19%,
480/9244) counted from the unintentional repetitive touches.

6

USER EVALUATION STUDY

In this section, we describe a user study designed to compare
and evaluate the performances of the proposed auto-correction
techniques. Then we report the major results and fndings of our
method versus other baseline auto-correction methods. We used
RM-ANOVA (p < .05) with the Tukey post-hoc analysis and (partial)
eta squared as the efect size for parametric analysis. We utilized
Friedman test (p < .05) and Wilcoxon signed-rank test (p < .05) for
non-parametric analysis. We compared the typing speed, character
error rate, word-level error rate, keystrokes per character, and user
feedback. All metrics fall into a normal distribution (p > .05) using
the Shapiro-Wilk test.

6.1

Participants

We recruited 8 participants with Parkinson’s disease (3 females, 5
males, all right-handed) with an average age of 59.9 (s.d. = 7.0). All
participants were regular users of the QWERTY keyboard on their
smartphones. 3 (4) of the 8 participants have severe (moderate) hand
tremor symptoms. The remaining participant was treated with deep
brain surgery and has slight hand tremor symptoms. 4 participants
attended our prior study. Each participant was compensated 30
USD.

6.2

Experiment Design

We used a within-subjects single-factor design, with Technique being the only factor. Specifcally, we tested four diferent techniques:
EPM with dynamic parameter adjustment feature (D-EPM), EPM
with constant error probabilities (C-EPM), basic language model [7]
(BLM) and elastic pattern matching (EM) [12, 15, 45]. For language
model, we used the top 60,000 words and their corresponding frequencies in the American National Corpus frequency data [1]. In
our implementation, we set Ps to 12.38%, Po to 1.13%, and Pt to
0.1% according to the typing data from section 4 for C-EPM and
′
D-EPM. We set Pi to 6.63% for C-EPM and Pi to 1.44% for D-EPM
(see section 4.4.2).
We chose the Basic Language Model as the frst baseline, as it
is the most widely adopted algorithm. We adopted the Bayesian
decoding algorithm (zero-order) proposed by Goodman et al. [7].
This method assumes that the user manually corrects insertion,
omission, and transposition errors. Therefore, it could only correct
substitution errors. To establish a more cutting-edge technique for
other typing errors, we built another baseline method — elastic
pattern matching.
Elastic Pattern Matching was the second baseline. It has been
proved efectively correct typing errors caused by the motor impairment [12]. Elastic Pattern Matching calculates the similarity
between candidate words and the user touch sequence through
pattern matching. To measure the similarity, we utilized a weighted
minimum string distance (wMSD) score proposed by [12].
Our keyboard interface allowed Users to tap on the top 5 candidate words to select. Further, they are free to correct the input or
not. We took mis-taps into the calculation for all metrics.
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6.3

Procedure

First, we introduced participants to the purpose of the user study
and text entry application on the Google Pixel 3A smartphone. We
only informed them that we want them to experience our keyboard without telling them there is a diference among methods.
We then collected information using a background information
survey, including participant age, gender, keyboard layout, and
typing posture. Participants were instructed to experience four
auto-correction techniques during the warm-up session. Finally,
they fnished two test sessions covering all four auto-correction
methods. Each session comprised 25 sentences, which were randomly sampled from the phrase set proposed by Mackenzie and
Soukoref [19]. We then repeated another four test sessions. The order of auto-correction method was counter-balanced among users.
We instructed the participants to “type as quickly and accurately
as possible”. The candidate words and characters in the current
word were shown in plain text. We asked all participants to take
a 5-minutes break between each session. The experiment lasted
around 60 minutes in total. Therefore, we obtained 4 methods × 2
repeats × 25 sentences = 200 sentences for each participant.
All participants completed a survey directly following each autocorrection method. We did not mention any method diference
among sessions. They were free to change their previous ranked
scores. After the experiment, participants were asked to revise
the fnal scores of all four surveys. We asked them to rank the
following 5 questions in a 7-point Likert scale (1: strongly disagree,
4: neutral, 7: strongly agree): 1. I think I can type accurately using
this keyboard; 2. I think I can type fast using this keyboard; 3. This
keyboard would correctly predict the word I’m typing; 4. I spend
less mental efort to tap each key accurately; 5. I prefer using this
keyboard.

6.4

Typing Speed

Figure 6 compares participants’ typing speed while using 4 autocorrection methods. Results show that D-EPM achieves the highest
typing speed with an average of 22.8 WPM (s.d. = 10.0) while BLM,
EM and C-EPM achieve 18.0 (s.d. = 9.5), 19.9 (s.d. = 10.4), and 21.3
(s.d. = 9.0) WPM respectively. All participants achieved a higher
average typing speed with the elastic probability model than the
basic language model. RM-ANOVA analysis indicates that there
are signifcant diferences (F 3,60 = 4.51, η 2 = 0.18, p < .05) among
auto-correction methods. D-EPM achieves signifcantly higher typing speed than BLM (p < .001) and EM (p < .01) with an average
increase of 26.8% and 14.7%. However, there is no signifcant difference between D-EPM and C-EPM (P = .07) with an average
increase of 7.0%.

6.5

Character Error Rate

We measured the character error rate (CER), which is a common
metric for evaluating text entry techniques (e.g., [37, 44]). CER can
be interpreted as the minimum number of insertions, substitutions,
and deletions required to transform the transcribed string into the
target string divided by the number of characters in the target
string.
Results show that D-EPM achieves the lowest CER — 22.4%
(s.d. = 15.7%) while BLM, EM and C-EPM achieve 29.2% (s.d. =

Facilitating Text Entry on Smartphones with QWERTY Keyboard for Users with Parkinson’s Disease

CHI ’21, May 8–13, 2021, Yokohama, Japan

the results of four methods, BLM, EM, C-EPM, and D-EPM. Results show that all methods have high top-1 error rates, 14.05%,
12.86%, 13.81% and 15.94% respectively, without signifcant diference (F 3,60 = 1.1, p = 0.34). However, C-EPM and D-EPM significantly outperform BLM and EM between top-2 and top-5 error
rates (p < 0.05 using Turkey post-hoc analysis). The four methods
achieve top-2 error rates at 6.47%, 5.91%, 4.19% and 4.43% respectively and further drop to 4.83%, 5.76%, 1.07% and 1.37%. Therefore,
both C-EPM and D-EPM are efective methods to predict the target
word when top-5 candidate words are provided.
Figure 6: Typing speed comparison among 4 auto-correction
techniques for each participant. The error bars represent the
standard deviations.
20.5%), 34.5% (s.d. = 22.9%), and 23.0% (s.d. = 16.2%) respectively.
There is signifcant efect (F 3,60 = 5.12, η 2 = 0.20, p < .01) of auto
correction methods on the CER. Tukey post-hoc analysis shows
that both C-EPM and D-EPM yeild signifcantly CER than BLM and
EM (p < .05). However, there is no signifcant diference between
the D-EPM and C-EPM methods (F 3,60 = 1.22, p = .08).

6.6

Word-Level Error Rate

We measured word-level error rate calculated as the probability of
the incorrect input word that is not in the targeted string. Results
show that D-EPM achieves the lowest error rate — 8.0% (s.d. =
14.1%) while BLM, EM and C-EPM achieve 15.1% (s.d. = 21.5%),
13.5% (s.d. = 21.8%), and 9.6% (s.d. = 17.7%) error rates respectively.
Auto-correction method signifcantly afects (F 3,60 = 7.34, η 2 =
0.27, p < .001) word-level error rate. Tukey post-hoc analysis
shows that both C-EPM and D-EPM yield signifcantly lower error
rate than BLM and EM (p < .05). However, there is no signifcant diference between the D-EPM method and C-EPM method
(F 3,60 = 1.09, p = .28).

6.7

KSPC

We used keystroke per character (KSPC) [33] to measure keyboard
performance. A lower KSPC indicates that the user expends less
efort in modifying the input. KSPC is calculated as the ratio of the
number of touches over the length of the targeted word. Results
show that D-EPM achieves the best KSPC performance with an
average value of 1.06 (s.d. = 0.17). There are signifcant diferences
(F 3,60 = 15.8, η 2 = 0.44, p < .001) among auto-correction methods.
Tukey post-hoc analysis indicates that D-EPM achieves signifcantly
lower KSPC than BLM (KSPC = 1.15, p < .01) as well as EM (KSPC =
1.23, p < .01), suggesting that our method is more efective in terms
of correcting typing errors. Therefore, Parkinson users perform
fewer keystrokes for the same task, resulting in a faster typing
speed.

6.8

Top-K Accuracy

Top-K accuracy is an important metric to measure the keyboard
performance since auto-correction algorithms provide a list of candidate words from the user’s touch inputs. Figure 8 shows the top-1
to top-5 error rates of four auto-correction methods. We report

Figure 7: Top-k error rate comparison. Errors bars represent
the standard errors of the mean.

6.9

Time interval of adjacent touch points

We measured the time interval between adjacent touchpoints (TI),
which indicates a user’s typing speed and typing confdence. Results
show that both C-EPM and D-EPM have short TI, achieving an
average time of 577 ms (s.d. = 488) and 612 ms (s.d. = 537). BLM
and EM achieve 687 ms (s.d. = 628) and 715 ms (s.d. = 676) TI
respectively. Auto-correction method has a signifcant efect on
TI (F 3,60 = 12.2, η 2 = 0.38, p < .01). Turkey post-hoc analysis
indicates that C-EPM yeilds the best performance with respect to
other methods (p < .01), and D-EPM is better than the two baseline
methods (p < .01) we reviewed. We believe that the efectiveness
of KDE method at fltering out the unintentional repetitive touches
explains why D-EPM has a longer timer interval between adjacent
touchpoints than C-EPM. Considering both the KSPC and the TI, DEPM enables Parkinson users typing quicker with fewer keystrokes,
which explains the high typing speed.

6.10

User Experience and Feedback

We collected participants’ subjective ratings of diferent auto-correction
methods using a 7-point Likert-scale questionnaire. The metrics we
collected included perceived accuracy, perceived speed, perceived
correction performance, self-confdence and overall preference.
Cronbach’s reliability α for the questionnaire was 0.95, confrming
the internal consistency of the survey. Figure 8(right) shows the
score of each metric. Results indicate that auto-correction technique
signifcantly efects perceived accuracy (χ 2 (3) = 18.8, p < .001),
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Figure 8: User feedback comparison among 4 autocorrection techniques. Errors bars represent the standard
errors of the mean.

perceived speed (χ 2 (3) = 17.2, p < .001), perceived correction performance ( χ 2 (3) = 10.6, p < .05), self-confdence (χ 2 (3) = 49.9, p <
.001), and overall preference (χ 2 (3) = 21.9, p < .001). Wilcoxon
signed-rank tests show that both C-EPM and D-EPM outform BLM
and EM in perceived accuracy, perceived speed, self-confdence, and
overall preference with p < .05. However, there is no signifcant
diference between C-EPM and BLM (p = .08) or EM (p = .10).
D-EPM outperforms C-EPM in perceived accuracy (p < .05), perceived correction performance (p < .05), self-confdence (p < .001),
and overall preference (p < .05). There is no signifcant diference
between BLM and EM methods on all metrics.
We also received positive feedback from users when they experienced the D-EPM method. P1 mentioned that "I think I did better
on this keyboard." P2 mentioned that "I am sure that I typed faster
on this keyboard. I would love to use it in the future." P4 mentioned
that "I want to use this keyboard on my phone although I didn’t
like the interface. It is way more easier to use than the keyboard
on my Android phone." P5 mentioned that "I thought I typed more
accurate. I gained more and more confdence while I used it. I didn’t
need to correct the typos since it will show me what I wanted to
type at last." P6 mentioned that "I defnitely typed faster on this
keyboard."

7

DISCUSSION AND FUTURE WORK

This paper has explored the feasibility of improving Parkinson’s
users’ text entry performance on smartphone QWERTY keyboards.
We not only analyzed their typing behaviors but also proposed
algorithms to predict their input with various kinds of typing errors.
We discuss the results and design implications in this section.

7.1

QWERTY Input for Parkinson’s Users

Due to motor impairment symptoms, users with Parkinson’s disease face greater challenges during touchscreen text entry than
others. Existing works have found that these symptoms limit the
usage of touchscreen phones among elderly people [8, 23] as well as
that text entry and text correction [22] were the most challenging
tasks. However, in our interviews, we found that Parkinson’s users
exhibited a strong preference the QWERTY keyboard over other
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text input techniques (e.g., T9 or voice input). This supports our motivation, facilitating Parkinson’s users’ text entry on smartphones
with a QWERTY keyboard.
In Study 1, assuming text input can be corrected by the algorithm, experienced Parkinson’s users could type 19.8 WPM, which
is more comparable to non-Parkinson’s users (29.4 WPM) than inexperienced Parkinson’s users (4.73 WPM) [23]. Also, based on our
touchpoint distribution results, Parkinson’s users’ systematic ofset
and size of spread were only about 20% greater than non-Parkinson
users, which was relatively small compared with key sizes (6×9mm).
This makes it possible to correct their input efectively.
However, users with Parkinson’s disease committed more insertion, omission, and substitution errors (see Table 1) than other
users, a major challenge. By generalizing the classical statistic decoding algorithm and modeling the spatial-temporal features of
touch errors, our method achieved 22.8 WPM with 8% error rate
in the evaluation study. This confrmed that achieving fuent text
entry experience on a touchscreen keyboard for Parkinson’s users
is feasible.

7.2

Efectiveness of EPM

We proposed EPM, which generalized the classical statistic decoding
algorithm, to correct Parkinson’s users typing errors. The advantages of this model include: 1) all parameters have a direct physical
interpretation and therefore can be easily summarized based on
participants’ typing data, making it more generalizable to diferent
typing scenarios (e.g., touch-typing on tablets); 2) the calculated
result can be interpreted as a probability, making it compatible with
other auxiliary channels (e.g., accelerometer [5, 25]).
In Study 1, users with Parkinson’s disease yielded an error rate of
20.2%. By comparison, in study 2, D-EPM reduced the CER to 22.4%,
which signifcantly outperformed the classical statistical decoding
algorithm and the pattern matching technique.
One feature of D-EPM is the dynamic parameter adjustment
strategy, which leveraged spatial-temporal features to distinguish
regular and unintentional repetitive touches. To quantitatively evaluate its efect, we compared C-EPM and D-EPM in the evaluation
study. As expected, both of the techniques outperformed the two
baseline techniques in terms of input speed, accuracy, and user
preference. And although not signifcant, D-EPM achieved slightly
better typing speed and error rate performance than C-EPM. This
confrmed that leveraging spatial-temporal features is worthwhile.

7.3

Design Implications

Our fndings on Parkinson’s users’ typing behavior and interviews
on their preference provided a number of design implications for
accessible keyboard techniques.
First, Parkinson’s users preferred to use the QWERTY keyboard
rather than T9 keyboard, mainly due to their experience and habit.
Also, they usually use the hand with less severe hand tremor to
perform one-hand typing on the keyboard, while the other hand
holds the phone. This suggests that a QWERTY layout with a bigger
key size would be helpful, rather than a small-sized keyboard to
facilitate one-hand typing.
In study 2, D-EPM efectively corrected the participant’s typing
errors, enabling them to type fuently. Compared with BLM and EM,
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the results highlighted the necessity of correcting insertion and
substitution errors for Parkinson’s users. During interviews, some
participants commented that although the algorithm can correct
tolerant their input errors, they would welcome some more designs
in typing feedback, e.g., large word font.
The top-k result in study 2 indicates that D-EPM can achieve
good performance to predict the correct word at a low error rate
after top-3. So we would recommend a future design to provide at
least 4 top-ranked candidate words to the users.

7.4

Limitations and Future Work

We acknowledge that we compared to young adults rather than
non-Parkinson’s elders in section 4. Age diference has strongly
correlates with typing performance [23]. The reason is that we
supplemented the control group last to explore the unique touch
behavior of Parkinson’s users. By then, recruiting elderly users
during the Covid-19 pandemic became very challenging. We recruited young adults in lieu of non-Parkinson’s elders, which was
a sub-optimal solution. However, this does not afect our major
results on modelling Parkinson’s users’ typing behavior.
In future work, a larger user group could be recruited to further
prove the idea that in particular contexts, a combination of general
possibility models, e.g., EPM, and context-oriented models, could
have better performances than pure general possibility techniques.
Second, a dataset could be established for future text entry research
concerning Parkinson’s patients’ specifc demographic. In the future, we would like to investigate gesture typing for Parkinson’s
users [17]. Finally, we would like to investigate the performance of
EPM on a broader group of users so we can evaluate our method’s
generalization ability.

8

CONCLUSION

In this paper, we proposed a smartphone QWERTY keyboard for
users with Parkinson’s disease based on the elastic probabilistic
model. We frst investigated Parkinson’s users’ typing behavior on
smartphones. In particular, we identifed and compared the typing
characteristics generated by users with and without Parkinson’s
disease. We found that user with Parkinson’s disease generated
many more insertion, omission and substitution errors than young
adults. We then proposed an elastic probabilistic model with a dynamic parameter adjustment feature (D-EPM) for input prediction.
By incorporating both spatial and temporal features, D-EPM generalized the classical statistical decoding algorithm to correct various
of typing errors, while maintaining direct physical interpretability. Our evaluation user study results confrmed that the proposed
algorithm outperformed baseline techniques: users reached 22.8
WPM typing speed with a signifcantly lower error rate (8.0%) and
better user experience and feedback than baseline techniques. We
concluded that our technique could efectively facilitate Parkinson’s
users’ text entry experience on smartphones.
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