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ABSTRACT 
We investigated how to incorporate implicit touch pressur
finger pressure applied to a touch surface during typing, t
improve text entry performance via statistical decoding. 
focused on one-handed touch-typing on indirect interface as a
example scenario. We first collected typing data on a pressur
sensitive touchpad, and analyzed users’ typing behavior suc
as touch point distribution, key-to-finger mappings, and pre
sure images. Our investigation revealed distinct pressure pa
terns for different keys. Based on the findings, we performe
a series of simulations to iteratively optimize the statistical d
coding algorithm. Our investigation led to a Markov-Bayesia
decoder incorporating pressure image data into decoding. 
improved the top-1 accuracy from 53% to 74% over a naïv
Bayesian decoder. We then implemented PalmBoard, a te
entry method that implemented the Markov-Bayesian decod
and effectively supported one-handed touch-typing on ind
rect interfaces. A user study showed participants achieve
an average speed of 32.8 WPM with 0.6% error rate. Expe
typists could achieve 40.2 WPM with 30 minutes of practic
Overall, our investigation showed that incorporating implic
touch pressure is effective in improving text entry decoding
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CCS Concepts 
•Human-centered computing → Text input; 
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INTRODUCTION 
Despite the pervasiveness of touch input devices (e.g., smart-
phones and tablets), text entry on touch surfaces has remained 
challenging, due to the imprecision of finger touch [6] and the 
lack of tactile feedback [10]. This problem is exacerbated for 
indirect text entry [23, 44], in which the input and output areas 
are decoupled and users often type in an eyes-free manner 
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(i.e., focusing the visual attention on the output rather than the 
input area) [10]. 

To address the challenges in touch-based text entry, modern 
text entry methods (e.g., Google Gboard, Microsoft SwiftKey, 
iOS keyboard) have adopted the statistical decoding algorithm 
[14]: it infers the probability of a word from the input signals 
(e.g., a series of touch points) and combines it with a language 
model for prediction. Although using such an algorithm has 
substantially improved text entry performance, it is far from 
satisfactory. One shortcoming is that it exclusively relies 
on the touch point coordinates for decoding [14], ignoring 
other touch information. Many existing touch sensors can 
provide extra touch information such as finger pressure during 
touch interaction. Would using such information improve the 
text entry decoding performance? If so, how can a statistical 
decoder leverage it? 

In this paper, we have investigated how to incorporate the 
implicit touch pressure, the finger pressure applied by users in 
typing, into statistical decoding. We focused on one-handed 
touch-typing on indirect interface as an example scenario. It 
features both eyes-free and multi-finger typing, and is highly 
desirable when only one hand is available. Our investigation 
showed that incorporating implicit touch pressure significantly 
improved the text entry performance. 

We first carried out a user study to examine users’ one-handed 
touch-typing behavior on a pressure-sensitive touchpad. By 
analyzing the pressure image data, we discovered distinct pat-
terns in contact areas and levels of pressure when hitting differ-
ent keys. Based on the collected data, we then optimized the 
classical statistical decoding algorithm through iterative simu-
lations. Our investigation led to a Markov-Bayesian decoder 
which incorporated pressure image data into statistical decod-
ing. Compared with a naïve Bayesian decoder, it improved 
the top-1 accuracy from 53% to 74%. Inspired by the simula-
tion results, we implemented the Markov-Bayesian decoder 
in PalmBoard, a one-handed, indirect text entry method on a 
pressure-sensitive touchpad. Our second user study showed 
that PalmBoard achieved significantly higher input speed and 
lower error rate over two baselines: naïve Bayesian decoders 
with rectangle and general keyboard models. PalmBoard had 
an average input speed of 32.8 WPM with 0.6% error rate. 
Expert typists could achieve 40.2 WPM with 30 minutes of 
practice. 
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Our contributions are three-fold: 1) We examined the typing 
behavior of one-handed, indirect touch-typing and discovered 
patterns in implicit touch pressure; 2) We proposed a Markov-
Bayesian decoder which incorporated touch pressure data into 
statistical decoding; 3) We have implemented PalmBoard, a 
text entry method that implemented the Markov-Bayesian 
decoder and effectively supported one-handed touch-typing 
on indirect typing interfaces. 

RELATED WORK 

Statistical Decoding in Text Entry 
Most of today’s smart keyboards are based on the statistical 
decoding algorithm first proposed by Goodman et al. [14], 
which takes the 2D coordinates of the touches as input. As-
suming I = IiI2...In to be the sequence of n input touch points, 
the algorithm looks for the word W in a predefined dictionary 
with the highest P(W |I) value, calculated as: 

P(I|W ) × P(W )
P(W |I) = ∝ P(I|W ) × P(W ) (1)

P(I) 

where touch model P(I|W ) models the spatial features of 
touch points, language model P(W ) can be estimated based 
on n-gram word frequencies or machine learning models (e.g. 
LSTM). In practice, researchers usually assume that there are 
no insertion or deletion errors, and consecutive touch points 
are independent, thus: 

n 

P(I|W ) = P(I1I2...In|W1W2...Wn) = ∏ P(Ii|Wi) (2) 
i =1 

P(Ii|Wi) is usually calculated using bivariate Gaussian distribu-
tions (e.g. [4]). Although simple, this algorithm has achieved 
impressive performance in a number of text entry scenarios 
(e.g., [15, 22, 39, 41, 43]). 

Researchers have tried to improve the classical Bayesian al-
gorithm by using sentence-level decoding [30, 31, 32] or in-
corporating other input signals (e.g., accelerometer [11], hand 
posture [12] and fingering [40]). Researchers have also pro-
posed a relative keyboard model rather than an absolute one to 
account for the dependency between consecutive touch points 
[23, 28]. In this way, the calculation could be modified to 

n 

P(I1I2...In|W1W2...Wn) = P(I1|W1)∏ P(Ii|Ii−1,Wi,Wi−1) (3) 
i=2 

To our knowledge, none of these works have investigated the 
effectiveness of these models in one-handed touch-tying, nor 
have explored incorporating the model with pressure image 
data. As we will show, combining touch image data with 
Markov-Bayesian model could effectively improve the input 
prediction performance. Therefore, our simulation and evalua-
tion results could serve as a complement to existing works. 

Text Entry Leveraging Muscle Memory 
Touch-typing with two hands on a physical keyboard is the 
most common and efficient way for text entry, average skilled 

[10] examined users’ two-handed typing behavior on a touch-
sensitive tabletop, and found that users could yield spatially 
consistent key press distribution. TOAST [28] and BlindType 
[23] leveraged a Markov-Bayesian decoder to support two-
handed touch-typing on touchable tabletops and one-thumb 
typing on smartphones in indirect typing scenarios respectively. 
Users were able to achieve an input speed of 41.4 WPM and 
17–23 WPM respectively. TiTAN [37] supported ten-finger 
typing in mid-air. However, it relied on multiple cursors to 
select keys and did not provide input prediction, participants 
only reached 13.6 WPM. ATK [40] proposed an augmented 
Bayesian model to enable mid-air touch-typing without aim-
ing. Users achieved 29.2 WPM with practice. GlanceType 
[22] enabled two-thumbs typing on split keyboards without 
visually aiming at the target keys. Users achieved 27 WPM in 
evaluation. 

The existing works have investigated text entry leveraging 
muscle memory in various scenarios. In comparison, we are 
the first to investigate one-handed touch-typing, which only 
leverage the muscle memory of a single hand, but with all 
five fingers. As a result, our technique could fill the need in 
specific scenarios (e.g., when the other hand is occupied), and 
our findings on the typing behavior serve as a complement to 
researches of touch-typing. 

Pressure-Based Text Entry Techniques 
Pressure-sensitive interfaces has showed great potential in fa-
cilitating various touchscreen interactions [25, 35]. However, 
incorporating pressure data into text entry has less been ex-
plored. To our knowledge, existing works all focused on using 
pressure as an explicit channel for interaction (e.g., switching 
case of the input character [7], select letters from ambiguous 
keyboard [19, 26, 42], control the uncertainly of each tap [34]). 
In comparison, we are the first to model touch pressure as an 
important component of the text entry behavior model, and to 
explore incorporating implicit touch pressure to improve text 
entry statistical decoding performance. 

STUDY 1: EXAMINING ONE-HANDED TOUCH-TYPING BE-
HAVIOR 
Although researches have showed that users could transfer 
the muscle memory of two-handed touch-typing to different 
interfaces, whether they could transfer it to one-handed touch-
typing is not obvious. Therefore, we carried out a user study 
to examine users’ one-handed touch-typing behavior. This 
input scenario is valuable when 1) physical keyboards are not 
available but touch input is supported (e.g., tabletop); or 2) 
one-handed text input is preferred or required because the 
other hand is occupied by other tasks or disabled (situationally 
or permanently). According to our pilot study, even if we told 
the participants that they were allowed to rest their fingers and 
palms onto the pad, all of them preferred not to rest the fingers. 
Therefore, we focused on examining whether resting their 
palms would affect the typing performance and preferences. 

typists could type 50–80 WPM on physical keyboards [3]. In 
recent years, many researchers have tried to transfer the muscle 
memory of touch-tying to different interfaces. Findlater et al. 

To minimize the potential effect of different input prediction 
algorithms, we only provided asterisk feedback during typing, 
which was similar to existing works [4, 10, 28]. The results 
are thus indicative of users’ typing performance under ideal 
condition (i.e., with a “perfect” algorithm). 
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Participants 
We recruited 12 right-handed participants from the campus 
(9 male, 3 female) with a mean age of 22 (SD = 2.08). All 
participants used touchscreen devices at a daily basis, but none 
of them tried one-hand touch-typing before. Each participant 
was compensated $10. 

Apparatus and Platform 
We used a Sensel Morph touchpad to sense the users’ input (see 
Figure 1a). The touch area is consisted of an array of pressure 
sensors, each could sense 0–50 N of pressure with 32,000 
levels. The resolution of the pressure sensors is 185 × 105, 
resulting in a PPI of 19.5. The device API reports the pressure 
image at about 130Hz. Meanwhile, we used the 1300 screen of 
a MacBook Pro laptop to display the experiment platform. 

To ensure that our results can be generalized to larger touch 
surface with different aspect ratio, we verified that the size 
of the touchpad (24.0 × 13.8 cm) was sufficiently big for all 
subjects to comfortably rest palms and type: in a pilot study, 
subjects performed eyes-free one-handed touch-typing on an 
iPad (25.1×17.4 cm) with a painted boundary of the touchpad 
(24.0 x 13.8 cm). No touch point fell outside the boundaries. 

(a) (b) 

Figure 1: (a) The experiment setup and (b) platform. 

Figure 1b showed the experiment platform, which was devel-
oped using C++. It showed the progress of the experiment, 
the target phrase, and a keyboard layout for the user to refer 
to. During text entry, the platform showed asterisk feedback 
according to the user’s input. We implemented a simple touch 
detection algorithm based on the pressure image data, such 
that the unintentional touches from the palm could be rejected, 
and the number of asterisks matched with the touch points. 

Experiment Design and Procedure 
We used a single-factor, within-subjects design. The only fac-
tor was Posture with two levels: Hover (not allowed to rest 
the palm, as with using most touchscreen devices) and Placed 
(allowed to rest the palm). Participants completed two sessions 
of text entry tasks, each corresponding to one posture. Each 
session was divided into 4 blocks. In each block, participants 
were asked to type 13 phrases randomly selected from the 
Mackenzie and Soukoreff phrase set [24] plus 2 pangrams 
(“the quick brown fox jumps over the lazy dog” and “the five 
boxing wizards jump quickly”). The order of different sessions 
were counterbalanced. During the experiment, participants 
were seated in front of a desk, and typed on the touchpad while 
looking at the experiment platform on the laptop. They were 
instructed to type “as naturally as possible” without correcting 

the input, and were allowed to use all the five fingers of the 
dominant hand to perform the input. A one-minute break was 
enforced between different blocks. After the experiment, ques-
tionnaires and interviews were carried out to gather subjective 
feedback. The experiment was videotaped for labelling data. 

RESULTS 
We collected 39,928 touch points across all participants. For 
each key, we discarded touch points that lied more than three 
times of standard deviations away from the collected centroid 
in either x or y dimension (327 taps, 0.8% of the data). We used 
RM-ANOVA for statistical analysis, and reported significant 
results when p < .05. For subjective ratings, we used non-
parametric tests such as Friedman test. 

Text Entry Speed 
Text entry speed was measured using WPM [1], which was 
calculated using: 

|S|− 1 1
W PM = × 60× (4)

T 5 
where |S| is the number of characters in the final transcribed 
string, and T is the elapsed time in seconds from first to last 
tap in a phrase. Figure 2 showed the text entry speed for each 
posture. The average speed in Hover and Placed was 34.5 
WPM (SD = 11.3) and 34.1 WPM (SD = 10.3) respectively, 
which was not significantly different (F1,11 = 0.06, p = .81). 
Block yielded a significant effect on input speed in Placed 
(F3,33 = 24.2, p < .0001), but not in Hover (F3,33 = 0.12, p = 
.94). In Placed condition, input speed increased monotoni-
cally with block, suggesting that participants could get used 
to resting the palms with practice, which was consistent with 
existing work [20]. 

Figure 2: Text entry speed in different conditions, error bar 
indicated one standard deviation. 

Touch Point Distribution 
Spread of Size 
As users performed typing at different positions on the touch-
pad, we calculated the center of the keyboard for each user 
as the middle point between the observed centroid of ‘F’ and 
‘J’, and aligned touch points from different users according to 
the center point [10, 28]. Figure 3 showed the collected touch 
points from all users after alignment. A remarkably overlap 
among different keys indicated that one-handed touch-typing 
yield very noisy input signal no matter the palm was lifted or 
not. 

We analyzed the spread of size for touch points of each key, 
which reflects the touch precision of users. Table 1 showed the 
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(a) (b) 

Figure 3: Collective touch points from all participants in (a) 
Hover and (b) Placed conditions, centroid are highlighted. 

standard deviations of the collected touch points in both x and 
y dimensions. Consistent with existing work [28], SDx was 
always greater than SDy, implying that users where more able 
to control the vertical location of a touch point than horizontal 
location. Besides, individual spreads were always smaller than 
collective spreads, suggesting different system offsets among 
participants. As expected, both SDx and SDy was lower in 
Placed compared to in Hover, presumably due to a more 
stable typing posture. 

Table 1: Spread of size in both dimensions (mm), standard de-
viations showed in parenthesis, note that SD is not calculable 
for the second row. 

Posture Hover Placed 

Axis X Y X Y 

Alphabetical Keys (collective) 10.9 (1.1) 6.8 (0.5) 10.8 (1.7) 6.6 (0.6) 
Space Key (collective) 12.1 10.4 14.2 8.9 

Alphabetical Keys (individual) 9.1 (2.2) 6.0 (1.4) 8.8 (2.1) 5.7 (2.0) 
Space Key (individual) 7.5 (1.3) 7.3 (1.8) 6.9 (1.9) 5.9 (1.9) 

Emergent Keyboard Layout 
We analyzed the emergent keyboard layout based on the distri-
bution of touch points, which revealed the perceived keyboard 
layout of the participants. Figure 3 showed the centroid cal-
culated on collective touch points. In both conditions, the 
emergent keyboard layout followed well with QWERTY lay-
out. Comparing with the results on size of spread, this implied 
that users could perform one-handed touch-typing on touch-
pads with the help of muscle memory, but the input was very 
imprecise due to lack of tactile and visual feedback. 

A major challenge of one-handed touch-typing was hitting 
keys on the left half of the keyboard. To explore this, we 
calculated SR = |QT |/|Y P| where |QT | denoted the horizontal 
distance between the centroid of ‘Q’ and ‘T’, and |Y P| likewise. 
A smaller SR indicated that the user tended to condense the 
left half of the keyboard. SR = 1 indicated a “perfect” division 
between the two halves of the keyboard that exactly matched 
the QWERTY layout. 

The mean SR in Hover and Placed was 0.66 (SD =0.14) 
and 0.65 (SD = 0.15), with the range being [0.42, 0.97] and 
[0.38,0.88] respectively. Linear regression between hand size 
(measured by the length of middle finger [40]) and SR did not 
yield observable correlation (R2 < 0.25). Although Posture 
did not exhibited a main effect on SR (F1,11 = 0.02, p = .88), 

Placed seemed to yielded a slightly lower SR than Hover. Sur-
prisingly, for both conditions, SR was lower than 1 for all the 
participants, suggesting that users always perceived the right 
half of the keyboard to be wider than the left half (see Figure 4 
for illustration). Note that in both conditions, the range of SR 
was very large, indicating different perceptions of keyboard 
layout among participants. 

(a) (b) 

Figure 4: Centroid of touch points from two participants for il-
lustration. (a) SR = 0.38, keys on the left half were observably 
condensed; (b) SR = 0.97, fitted well with QWERTY layout. 

Key-to-Finger Mapping 
Fiet et al. [8] found that in two-handed touch-typing, there 
existed 6 kinds of key-to-finger mapping strategies regarding 
the right hand, suggesting significant individual difference. 
In this study, we manually labelled and analyzed the key-to-
finger mapping according to the experiment video. Table 2 
showed the number of participants that used different numbers 
of fingers. 4/12 participants used four fingers both in Hover 
and Placed, and 5 participants changed the number of used 
fingers in different conditions. Interestingly, for individual 
users, the number of used fingers in Placed was always greater 
than that in Hover. This suggested resting the palm onto the 
touchpad could encourage the users to type with more fingers 
as in touch-typing. In Placed, 4/12 participants used all five 
fingers to perform the typing. 

Table 2: Number of participants that used different number of 
fingers. 

Participant Hover Placed Participant Hover Placed 

P1 1 4 P2 4 4 
P3 4 4 P4 2 2 
P5 5 5 P6 1 2 
P7 4 4 P8 4 4 
P9 4 5 P10 5 5 

P12 3 4P11 4 5 

Table 3 showed the average number of keys accounted by each 
finger. As expected, index finger was used most frequently, 
followed by middle finger. Ring and little finger was least used. 
According to our observation, nearly all participants used the 
index finger to hit keys on the left half of the keyboard. How-
ever, for keys on the right half of the keyboard, participants 
yielded distinct strategies. Although 11/12 participants only 
used thumb for space key, one participant unintentionally used 
the thumb to hit alphabetical keys ‘z’, ‘c’ and ‘v’ (17/133 
times for the three keys), causing the mean value to be 1.3. 
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Thumb Index Middle Ring Little 

Hover 1.3 (1.2) 24.7 (1.9) 11.4 (8.4) 5.8 (5.3) 0.3 (0.9) 
Placed 1.3 (0.9) 23.4 (1.8) 12.6 (7.9) 7 (5.0) 0.6 (1.0) 

Table 3: Average number of keys accounted by each finger, 
standard deviations showed in parenthesis. 

Features from Pressure Data 
We also analyzed the data from the pressure image, which 
gave us an opportunity to look more into the typing behavior. 
In this part, we merged data from Hover and Placed in order to 
develop a model that could work even when the users switch 
between the conditions during typing. 

Tapping Procedure 
We defined the start and end point of a touch to be the instant 
that the level of pressure reached zero, and calculated the 
duration of a tap (T ) as the elapse between the start and end 
point. For each data frame at time t, we defined contact size 
(St ) as the area with pressure greater than zero, and Premax,t 
as the max level of pressure in that frame. 

Figure 5: Illustration of St and Premax,t during the procedure 
of a tap. 

Figure 5 illustrated the change of St and Premax,t during a tap. 
The average duration of a tap was 77.7 ms (SD = 23.1). Dur-
ing a tap, both St and Premax,t first increased with time, then 
decreased to zero, and the two metrics yield significant cor-
relation with each other. On average, the max St and Premax,t 

(denoted as Ŝt and Prem̂ax,t ) was reached at 24.6 ms (SD = 
16.8) and 24.9 ms (SD = 16.4) respectively, indicating that 
the press phase was about half shorter than the release phrase, 
which was similar to [40]. The max St and Premax,t was 309.5 
mm2 (SD = 57.8) and 0.29 N (SD = 0.19) respectively. 

Difference Between Keys 
We further analyzed whether the above metrics varied among 
different fingers or keys, Table 4 showed the results. Finger 
yielded a significant effect only on Ŝt (T : F4,12 = 1.74, p = .20, 
Ŝt : F4,12 = 5.11, p < .05, Prem̂ax,t : F4,12 = 1.65, p = .23). In 
comparison, Row yielded a significant effect on all the three 
metrics (T : F3,33 = 10.0, p < .0001, Ŝt : F3,33 = 6.57, p < .01, 
Prem̂ax,t : F3,33 = 24.9, p < .0001). Generally, when hitting 
keys on lower rows, the taps would yield longer duration, 
smaller contact size and lighter pressure level. This suggested 
the possibility of distinguishing taps for different rows based 
on the pressure features. 

Table 4: Touch procedure features for (a) different fingers 
and (b) keys on different rows, standard deviations showed in 
parenthesis. 

Thumb Index Middle Ring Little 

T 88.8 (25.3) 74.1 (21.2) 78.8 (22.7) 82.7 (23.4) 88.6 (24.7) 
Ŝt 276.5 (64.8) 318.1 (54.7) 311.9 (53.8) 305.5 (50.0) 232.2 (55.8) 

Preˆ max,t 0.17 (0.09) 0.32 (0.20) 0.30 (0.17) 0.29 (0.17) 0.14 (0.09) 

(a) 

(b) 

Top Middle Bottom Space 

T 74.2 (21.6) 75.0 (21.4) 83.2 (24.5) 87.1 (25.1) 
Ŝt 321.9 (52.8) 312.8 (51.8) 294.5 (53.6) 285.0 (71.0) 

Prem̂ax,t 0.31 (0.19) 0.32 (0.20) 0.27 (0.18) 0.20 (0.17) 

Subjective Ratings 
We collected users’ subjective ratings using a 5-point Likert-
scale questionnaire. Dimensions included perceived speed, 
perceived accuracy, fatigue and overall preference. All re-
sponses were assigned a score between 1 and 5, with 5 
being the most positive and 1 being the most negative re-
sponse. Figure 6 showed the ratings from the participants. 
As expected, Posture yielded a significant effect on fatigue 
(Z = −2.92, p < .01). However, no significant difference 
was found on perceived speed (Z = −1.15, p = .25), per-
ceived accuracy (Z = −0.25, p = .80) or overall preference 
(Z = −0.98, p = .33). This confirmed that resting the palm 
could reduce the fatigue, but not affecting other preferences. 

Figure 6: Subjective ratings from the participants. 1 means 
the most negative and 5 means the most positive. Error bar 
shows one standard deviation. 

IMPROVING THE STATISTICAL DECODING ALGORITHM 
In this section, we iteratively carried out a series of simulations 
to improve the classical statistical decoding algorithm. Our 
aim was to achieve the optimal input prediction accuracy while 
supporting palm rejection. 

Touch Detection and Palm Rejection 
As Sensel Morph only reported pressure image data, the very 
first step of text input was to detect touch based on the data. 
In Study 1, we have implemented a naïve touch detection 
algorithm. Here, we revisited and improved this algorithm 
according to the collected data. The pipeline of touch detection 
was illustrated in Figure 7. 

The touch detection algorithm performed real time detection 
on each data frame. Upon the arrival of the pressure image 
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Figure 7: Pipeline of the touch detection and unintentional 
touch rejection process, a finger is touching with palm resting. 

data, the algorithm first detected the touch blob based on the 
contact size and level of pressure. To minimize the possibility 
of false negative, the thresholds for contact size and pressure 
were empirically set to 5.13 mm2 and 0.01 N respectively. 

For each touch blob, the algorithm then constructed the touch 
events according to previous frames. It first calculated the 
centroid of each touch as the weighted center of the blob. If 
the center lied very close to an existing touch event, it would 
be connected to it, and labelled as “touch move”. Otherwise 
a new touch event would be constructed, and it would be 
labelled as “touch down”. Meanwhile, the algorithm would 
label existing touch events that had no blob to connect to as 
“touch up”. 

The third step was to distinguish intentional touches. As users 
rarely rested their fingers onto the pad, we only needed to 
distinguish finger touches from palm touches. As with in 
Study 1, we analyzed the pressure features from all detected 
touches of the palm. The average T , Ŝt and Prem̂ax,t of palm 
touches was 1129.0 ms (SD = 594.5), 1271.5 mm2 (SD = 
948.8) and 0.15 N (SD = 0.19) respectively, which was very 
distinguishable from finger touches (see Table 4). We built 
a decision tree with x, y and the three metrics of a touch as 
features, the algorithm reach a F-1 score of 1.0 on the data 
from Study 1. After palm rejection, the algorithm would 
trigger intentional touch events at “touch up”. This design is 
consistent with most smartphones. According to Figure 5, this 
would yield a delay less than 77 ms. 

Input Decoder Simulation Design 
We optimize the input decoder based on the Bayesian method 
[14]. Specifically, we optimized three factors one-by-one 
through a series of simulations to find the optimized algorithm 
with highest input prediction accuracy: layout (BIKEY vs. 
QWERTY), pressure (with vs. without) and keyboard model 
(absolute vs. relative). For each combination, we tested both 
the general and the personalized model. In Table 5, each al-
gorithm was named as <layout>-<pressure>-<model>, where 
<layout> takes the value of ‘BIKEY’ and ‘QWERTY’, <pres-
sure> takes the value of ‘W’ (with) and ‘O’ (without), <model> 
takes the value of ‘ABS’ and ‘REL’. 

We used all the touch data in Study 1 for testing. As the data 
in Hover and Placed conditions did not yield significant differ-
ences in terms of touch point distribution, we merged all the 
data to increase the external validity of the simulation results. 
For each candidate algorithm, we took the intentional touch 
points for each word as input, and checked the output word. 

In total, we tested 7,995 words. We used the top 10,000 words 
in American National Corpus [2] for calculating P(W ). This 
corpus contained English words with corresponding frequen-
cies summarized from over 22 M words of written English. 
According to Nation et al. [27], this was sufficient to cover 
over 90% of the common English words. We reported top-1 
to top-5 word-level accuracies. 

Step 1: Keyboard Layout 
Figure 3 showed that the touch points significantly overlapped 
in one-handed touch-typing. In practice, ambiguous keyboards 
could significantly increase the key-level accuracy by enlarg-
ing keys, which has been successfully implemented on various 
scenarios (e.g. tablet [21] and one-handed text entry [36]). 
However, this would also increase input ambiguity, especially 
for words with low clarity [38]. Therefore, we tested whether 
employing ambiguous keyboard could benefit the input per-
formance. Specifically, we focused on testing different under-
lying models for input prediction, which is implicit to users. 
Therefore, the data from Study 1 can be used assuming that 
the displayed layout is always QWERTY (which is common). 

According to Table 1, the touch spreads’ width was about twice 
as its height. Therefore, we tested two keyboard layouts: QW-
ERTY and Bi-Key. The Bi-Key layout followed the QWERTY 
layout, but grouped two horizontal keys together, yielding 
14 keys (see Figure 8). For QWERTY, we fitted a Gaussian 
distribution for each individual keys to calculate P(Ii|Wi). For 
Bi-Key, we set the center of each Gaussian distribution at the 
centroid of the merged key (calculated by averaging all touch 
points for the key). As we will show in Table 6, the size of 
a merged key was approximately 1.8cm × 1.6cm. Therefore, 
we used the standard deviations from [28], as it was mea-
sured when users performed two-handed touch-typing on 1.9 
cm-wide keys. We scaled the standard deviations in both x
and y dimensions according to our fitted keyboard size (i.e.,
×1.6/1.9).

Figure 8: The Bi-key layout. 

Table 5 showed the prediction accuracy of different keyboard 
models (BIKEY-O-ABS and QWERTY-O-ABS). As expected, 
personalized keyboard models outperformed general keyboard 
models for both Bi-Key and QWERTY. Interestingly, when 
using general models, Bi-Key yielded a higher top-1 accu-
racy than QWERTY (62.1% vs. 52.7%), while when using 
personalized models, the advantage was reversed (65.2% vs. 
74.7%). We speculated that due to the large key size of Bi-Key, 
it was able to, to some extent, compensate for the difference 
in touch point distribution among participants. Therefore, its 
performance was not so affected by personalization. How-
ever, as the performance of QWERTY keyboard relied heavily 
on the precision of the touch model, it could be significantly 
benefited by personalization [5, 9, 18, 28]. As personalized 
QWERTY keyboard achieved the best performance among the 
four keyboards in the top two rows (top-1 accuracy: 74.7%, 
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Table 5: Prediction accuracy of different keyboard models (%), standard deviations are showed in parenthesis. 

General Personalized 

Top-1 Top-2 Top-3 Top-4 Top-5 Top-1 Top-2 Top-3 Top-4 Top-5 

BIKEY-O-ABS 62.1 (8.4) 73.8 (8.0) 78.7 (7.7) 81.4 (7.2) 83.2 (6.5) 65.2 (7.2) 77.2 (6.5) 81.4 (5.7) 83.7 (5.2) 85.1 (4.9) 
QWERTY-O-ABS 52.7 (18.2) 63.2 (17.5) 68.4 (16.6) 72.3 (15.5) 75.1 (14.2) 74.7 (9.0) 85.8 (6.9) 89.6 (5.6) 91.7 (4.4) 93.4 (3.7) 
QWERTY-W-ABS 60.2 (12.7) 71.1 (12.5) 76.3 (11.4) 79.4 (10.4) 81.3 (9.6) 74.2 (9.8) 84.9 (7.8) 88.9 (6.5) 91.1 (5.5) 92.6 (4.8) 
QWERTY-W-REL 74.4 (6.2) 86.4 (4.7) 90.5(3.9) 92.6 (3.0) 93.9 (2.5) 76.3 (5.4) 87.5 (3.8) 91.5 (2.8) 93.4 (2.1) 94.6 (1.5) 

SD = 9.0%; top-5 accuracy: 93.4%, SD = 3.7%), we chose 
QWERTY layout. 

Step 2: Incorporating Implicit Pressure Data 

Feasibility of Key Row Prediction 
Existing works have showed that incorporating fingering in-
formation could significantly benefit the input prediction per-
formance [21, 40]. In Study 1, we also found that pressure 
image data could be helpful for distinguishing touches for 
different keys (see Table 4). However, keys on different rows 
yielded more distinguishable features than with different fin-
gers. Besides, the key-to-finger mapping was different among 
participants (see Table 2). Therefore, we focused on distin-
guishing keys from different rows. 

Specifically, we built a naïve Bayesian classifier for key row 
prediction, with the three features in Table 4b, as well as 
three other features: x and y coordinate of the touch, and 
Premeanˆ ,t , which is the maximum of the mean pressure of 
each frame. We defined F = [F T 

1,F2, ...F6] as the feature 
vector for row prediction, where F1–F6 denoted the above six 
features respectively. For each row Ri, i ∈ [1,4], the classifier 
calculated: 

P F 6 
( |R ) × P(R ) ∏ P(Fj|Ri) ×i i j  i)

P(Ri|F) = = =1 P(R
(5)

P(F) P(F) 

where P(Fj|Ri) was modelled using Gaussian distribution, and 
P(R ) was calculated based on the language model. i

(a) (b) 

Figure 9: Confusion matrix of (a) general and (b) personalized 
classifier. 

Figure 9 showed the classification accuracy of this classifier 
on the data from Study 1. The F-1 score of the general and 
personalized classifier was 0.85 and 0.87 respectively, con-
firming the feasibility of key row prediction. As expected, 

personalized classifier achieved slightly higher accuracy than 
the general classifier (88.0% vs 87.1%). 

Augmented Bayesian Decoder 
We then incorporated this classifier into the decoding algo-
rithm, and proposed an augmented Bayesian decoder. When 
entering each word, we denote Fi = [Fi1,Fi2, ...,Fi6]

T as the 
feature vector of the ith touch input. Then, instead of calculat-
ing P(W |I), we calculated P(W |I,F). According to Bayesian 
theorem, this is equivalent to calculating 

P(I,F|W ) × P(W ) = P(I|W ) × P(F|W ) × P(W ) (6) 

where 
n n 6 

P(F|W ) = ∏ 
i=1 

P(Fi|Wi) = ∏∏ 
i=1 j=1 

P(Fi j|Rk) (7)

Here, Rk is the corresponding row of Wi, k ∈ {1, 2,3} (e.g., R1 
for ‘t’). By augmenting the Bayesian decoder with pressure 
data, the decoder was expected to leverage key row informa-
tion to achieve higher performance. 

We verified the performance of this decoder using simulation. 
Table 5 (QWERTY-W-ABS) showed the top-1 to top-5 accu-
racy. For general keyboards, augmented Bayesian decoder 
increased the top-1 and top-5 accuracy from 52.7% and 75.1% 
to 60.2% and 81.3% respectively. This confirmed that the 
information from pressure image could help improving in-
put prediction. Surprisingly, the performance of personalized 
keyboard remained unchanged, which was still higher than 
general models. 

Step 3: Absolute vs. Relative Model 
Validity of Relative Model 
Previous works have suggested that users were more likely 
to exhibited a relative model when performing eyes-free typ-
ing with muscle memory [23, 28]. In Study 1, participants 
performed touch-typing on a touchpad while looking at the 
laptop screen. Therefore, we also validated whether users’ 
touch point exhibited a relative keyboard model. 

Similar with [23], we fitted a “standard keyboard” to the users’ 
typing data. Table 6 showed the fitted keyboard parameters. 
For all the keyboard models, the key size in y axis was about 
1.7 times of that in x axis, which was consistent with existing 
touch models in eyes-free typing [23]. For personalized key-
boards, the R2 of absolute and relative models all reached 0.88, 
confirming that the emergent keyboard was very similar to 
QWERTY layout. No significant difference in R2 was found 
between absolute and relative models (F1,11 = 1.77, p = .21), 
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or between x and y axis (F1,11 = 0.10, p = .76). These re-
sults confirmed that users’ one-handed touch-typing behavior 
contained both absolute and relative components. 

Table 6: Fitted keyboard parameters. Standard deviations are 
showed in parenthesis. Note the offset has different meanings 
in the absolute and relative model. 

Personalized General 
Model Absolute Relative Absolute Relative 

Axis X Y X Y X Y X Y 

Key Size (mm) 9.3 (1.5) 16.3 (2.0) 9.9 (1.6) 16.8 (1.7) 9.2 16.1 9.9 13.3 
Offset (mm) 19.7 (5.8) 177.2 (10.5) 0.2 (0.4) 0.0 (0.2) 23.3 181.8 0.2 -0.1 

R2 Value 0.90 (0.05) 0.88 (0.04) 0.90 (0.03) 0.91 (0.02) 0.89 0.87 0.88 0.89 

Augmented Markov-Bayesian Decoder 
Based on this finding, we further incorporated our augmented 
Bayesian decoder (Equation 6) with the relative keyboard 
model (Equation 3), and proposed the augmented Markov-
Bayesian decoder. The simulated performance of the decoder 
was showed in Table 5 (QWERTY-W-REL). Comparing with 
the decoder with absolute keyboard model, relative model 
further improved the top-1 and top-5 accuracy from 60.2% 
and 81.3% to 74.4% and 93.9% respectively. Again, the per-
formance of the personalized keyboards was not so affected 
by using a relative keyboard model. Although RM-ANOVA 
found significant difference between general and personalized 
QWERTY-W-REL models (F1,11 = 13.4, p < .01), the perfor-
mance of these two models were very close. Considering the 
applicability of different models, we chose the general model 
as the final optimized decoder. 

STUDY 2: TYPING PERFORMANCE IN REAL TASKS 
So far, we have improved the statistical decoding algorithm of 
indirect one-handed touch-typing. In this section, we devel-
oped PalmBoard, a technique with the final optimized algo-
rithm (QWERTY-W-REL with general model), and evaluated 
users’ typing performance with PalmBoard against two base-
line techniques in real text entry tasks. 

Participants and Apparatus 
We recruited another 10 participants from the campus (9 male, 
1 female) with a mean age of 21.0 (SD = 0.5). All participants 
were right-handed, and used touchscreen devices at a daily 
basis, but none of them tried one-hand touch-typing before. 
Each participant was compensated $10. We used the same 
apparatus as in Study 1. 

Experiment Platform 
The experiment platform was similar as in Study 1, except 
that during typing, the platform showed five candidate words 
for the user to select from, in the order of probability (see 
Figure 10). In addition to the keyboard algorithms, we also 
designed gestures for PalmBoard to support word selection 
and deletion. During typing, users could swipe any finger 
from left to right to circularly select words from the candidate 
list, and tap the thumb to confirm the selection. The system 
would automatically append a space key upon each selection. 
Also, users could swipe left with any finger to delete the last 
input word. 

Figure 10: Experiment Platform. 

Experiment Design 
In order to understand the performance of PalmBoard with 
more details, we also tested two baseline techniques: General 
and Rectangle. These two smart keyboard techniques both 
used Equation 1 and Equation 2 to perform input prediction. 
The three techniques all shared the same user interface and in-
teraction design (palm rejection, word selection and deletion), 
and used the same unigram word-level language model with 
10,000 words as in the previous section. 

For touch model, all techniques used the general model rather 
than the personalized model. General used the QWERTY-
O-ABS in Table 5 for input prediction. Rectangle used a 
standard QWERTY keyboard layout, which may better fit the 
layout on physical keyboards. We maximized the size of the 
Rectangle keyboard (13 cm) given the restriction of the size of 
our input device (13.8 cm in width). For each key, the mean 
of the Gaussian distribution was set to the key center, and the 
standard deviation was empirically set to 6.93 mm for both x 
and y axis according to Table 1 and Table 6. 

Procedure 
Each participant completed three sessions of text entry tasks, 
each corresponding to one keyboard technique. In each ses-
sion, they entered 40 phrases from the T-40 phrase set in [38], 
evenly divided into 5 blocks. The order of different sessions 
and phrases were randomized, and a one-minute break was en-
forced between different blocks. During typing, the participant 
was seated in front of a desk, and used their dominant hand 
to enter text on the touchpad, while looking at the experiment 
platform on the laptop screen. They were instructed to type 
“as quickly and as accurately as possible”, and were allowed 
to rest their palms onto the pad. If they found any error during 
typing, they could choose to delete and retype it, or leave it 
uncorrected. After the study, interviews and questionnaires 
were carried out to gather their subjective feedback. 

Results 
Input Speed 
Figure 11 showed the text entry speed of different techniques. 
Across different blocks, the average speed of PalmBoard, Gen-
eral and Rectangle was 32.8 WPM (SD = 4.7), 28.4 WPM (SD 
= 4.9) and 23.5 WPM (SD = 4.7) respectively. RM-ANOVA 
found a significant difference between the input speed of differ-
ent techniques (F2,18 = 27.5, p < .0001). PalmBoard achieved 
the highest input speed among the three techniques. The input 
speed was close to the one-hand typing speed on smartphones 
[4], and was about 79% of the two-handed touch-typing speed 
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on touchscreens [28]. Meanwhile, it was much faster than 
existing one-handed text entry techniques (e.g., [13, 36]). 

Figure 11: Input speed of different techniques, error bar 
showed one standard deviation. 

In block 1, the input speed of PalmBoard was 31.1 WPM (SD 
= 5.0), and it increased to 34.0 WPM (SD = 5.2) in block 
5. A significant effect of Block was found on input speed 
(F4,36 = 3.97, p < .01), indicating a learning effect. In block 
5, the three participants with highest input speed even reached 
an average speed of 40.2 WPM (SD = 4.4), confirming the 
potential of PalmBoard. 

Error Rate 
We measured the uncorrected error rate using CER, which is a 
common metric for evaluating smart keyboard techniques (e.g., 
[32, 29]). CER could be interpreted as the minimum number 
of insertions, deletions and substitutions that are required to 
transform the input string into the target string, divided by the 
number of characters in the target string. 

Figure 12: Error rate of different techniques, error bar showed 
one standard deviation. 

Figure 12 showed the error rate of different techniques. Across 
different blocks, the average error rate of PalmBoard, General 
and Rectangle was 0.6% (SD = 0.6%), 1.7% (SD = 2.2%) 
and 1.9% (SD = 24%) respectively. No significant effect of 
technique (F2,18 = 1.70, p = .21) or Block (F4,36 = 0.84, p = 
.51) on error rate was found. 

Interaction Statistics 
We looked more into how users interacted with the techniques. 
Table 7 showed the ratio of word-affecting actions for different 
techniques. For all the three techniques, the most frequent 
operation was Match, i.e., select the first candidate. Palm-
Board yielded the highest ratio of Match among the three 

techniques, while Rectangle was the lowest. This was con-
sistent with the results on input speed (see Figure 11) and 
error rate (see Figure 12). The ratio of Selecting other can-
didate words were about 20% for all the three techniques. 
Undo and Delete means the user deleted the input before and 
after word selection, respectively. PalmBoard yielded the 
lowest ratio of Undo and Delete, while Rectangle was the 
highest. RM-ANOVA found a significant effect of technique 
on the ratio of Match-yes (F2,18 = 11.5, p < .001), Select-yes 
(F2,18 = 8.79, p < .01) and Undo (F2,18 = 9.39, p < .01), but 
not on Delete (F2,18 = 0.22, p = .80). This suggested that 
PalmBoard was more effective in predicting the user’s input, 
allowing users to successfully select the candidate words more 
often. Therefore, users could achieve higher input speed with 
less retype when using PalmBoard. 

Table 7: Ratio of word-affecting actions (%) for different 
techniques. Correct indicates whether the selected word was 
identical to the intended word. 

Match Select Undo Delete 

Correct Yes No Yes No 

PalmBoard 75.4 0.6 19.0 0.1 3.4 1.5 
General 68.1 0.9 22.3 0.5 6.6 1.6 

Rectangle 60.0 1.3 26.0 0.4 10.5 1.8 

Subjective Ratings 
We used the same questionnaire as in Study 1 to gather user 
feedback. Figure 13 showed the ratings from the participants. 

igure 13: Subjective ratings from the participants. 1 means 
e most negative and 5 means the most positive. Error bar 

hows one standard deviation. 

F
th
s

PalmBoard received the highest rating for all the dimensions, 
while Rectangle received the lowest rating. As all three tech-
niques allowed users to rest their palms on the touchpad, the 
scores on fatigue were very close. Friedman test found a main 
effect of technique on perceived speed (χ2(2) = 16.0, p < 

2.001), perceived accuracy (χ (2) = 8.0, p < .05), and over-
all preference (χ2(2) = 13.5, p < .001), but not on fatigue 
(χ2(2) = 0.29, p = .87). 

DISCUSSION 
In this paper, we investigate how to incorporate implicit touch 
pressure into text decoding. We not only modelled users’ 
typing behavior in one-handed touch-typing scenario, but also 
proposed applicable technique for real use. We now discuss 
some insights from our results. 
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Effectiveness of Leveraging Implicit Touch Pressure 
The pressure image data played an important role in the algo-
rithm of PalmBoard. First, incorporating the touch pressure 
data substantially improved the text entry decoding: it im-
proved the top-1 decoding accuracy from 52.7% to 75.1% 
(Table 5). Second, touch pressure was also utilized to identify 
unintentional touch (e.g., palm resting), which was crucial for 
successfully supporting indirect multi-finger typing. 

Although we focused on indirect text entry scenarios, we ex-
pected that implicit pressure could benefit direct text entry. 
For example, pressure data could help rejecting palm touches 
on tabletop [28], and correct injection errors from accidental 
touches (which may be lighter than common touches). Ad-
ditionally, users will likely exhibit distinct touch pressure 
patterns for different keys, because they type different keys 
with different fingers and may apply different touch pressure 
on different locations. Leveraging such patterns could im-
prove the decoding accuracy, following the similar principle 
proposed in this paper. 

In addition to indirect and direct touch typing, implicit pressure 
may benefit other touch input scenarios. For example, touch 
pressure could be used to infer finger orientation to improve 
pointing precision [33], or infer the input finger to support 
finger identification based interaction [16, 17]. 

Typing Behavior in One-Handed Touch-Typing 
The study 1 showed that users could well perform one-handed 
touch-typing. Participants achieved about 34 WPM input 
speed, which was 80% of the two-handed touch-typing speed 
[28]. Allowing the users to rest their palms not only reduced 
fatigue, but also encouraged them to leverage more fingers 
(see Table 2). 

The touch point distribution of one-handed touch-typing has 
significant overlap for different keys, implying a very noisy 
input. However, the collective centroids of touch points fol-
lowed well with QWERTY layout (see Table 6). Interestingly, 
consistent with existing work [8], users adopted a wide vari-
ety of key-to-finger mapping strategies, which led to different 
perceived keyboard layouts (see Figure 4). These results sug-
gested that users could transfer the muscle memory on physical 
keyboards to one-handed touch-typing. 

Feasibility of One-Handed Touch-Typing 
Our investigation showed that one-handed touch-typing was 
feasible and promising. Although the classical Bayesian de-
coder could only reach a top-1 accuracy of 52.7% Table 5, 
leveraging the pressure image data and using a relative key-
board model could both benefit the input prediction perfor-
mance. By using an augmented Markov-Bayesian decoder, 
the top-1 accuracy could be increased to 74.4%, which was 
competitive with personalized keyboard models. In Study 2, 
participants achieved an average speed of 32.8 WPM, which 
was close to their typing speed under “ideal” condition (see 
Figure 2). This implied that PalmBoard could effectively com-
pensate for the input imprecision, allowing the users to type 
fluently without correcting much errors (see Table 7). 

We envision PalmBoard is a one-handed text entry technique 
that works on a broad range of touch surfaces (e.g., tabletop), 
not limited to touchpads, although touch surfaces with con-
strained size (e.g., touchpad) will particularly benefit from it. 
Besides, PalmBoard opens up chances to explore “one-hand 
for text entry + one-hand for other interaction (e.g., control-
ling cursor position)” scenarios in future work. Supporting 
one-handed text entry frees the other hand for concurrent tasks 
and provides chances for two-hand cooperation. 

LIMITATION AND FUTURE WORK 
We now discuss the limitations of this work, which we also 
see as opportunities for future work. First, we only verified 
the feasibility of implicit pressure data in one-handed touch-
typing scenarios. It is possible that direct typing scenario 
will affect users’ typing behavior due to visual feedback. And 
using different typing postures will also yield different features. 
Therefore, it is worthy to validate our results in direct typing 
scenarios, and with more typing postures (e.g. two-handed 
touch-typing). 

Second, our augmented Markov-Bayesian decoder only ex-
tracted simple features from the pressure data. It is worthy 
to test models with more features to further improve the per-
formance of the decoder. In Study 1, we combined data from 
both conditions for analysis, as the difference was very small 
(e.g. <10% for T and St ). However, if the decoder could dis-
tinguish these two conditions based on more features, it will 
be able to further improve the prediction accuracy by using 
posture-specific touch models. 

Third, the proposed decoder could only correct substitution 
errors. As insertion, deletion and transposition are also major 
kinds of typing error, especially when performing touch-typing 
with multiple fingers. Therefore, it is worthwhile to further 
improve the decoder to account for these kinds of errors. 

CONCLUSION 
In this paper, we explored the feasibility of incorporating 
implicit touch pressure data to improve statistical decoding 
in indirect text entry. Focusing on one-handed touch-typing 
scenario, we first examined users’ typing behavior in a user 
study. We found that users exhibited distinct key-to-finger 
mappings, and implicit touch pressure feature was distinguish-
able when hitting different keys. Based on simulations on 
the collected data, we found that a Markov-Bayesian decoder 
incorporated with pressure data could significantly improve 
the input prediction accuracy than classical Bayesian decoder. 
In evaluation, our prototype PalmBoard reached an average 
speed of 33 WPM. Expert users could even reach 40 WPM. 
We concluded that implicit touch pressure was effective for 
text entry in indirect touch scenarios. 
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