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ABSTRACT
We propose a method for accommodating predictive number entry
and editing on mobile devices via the suggestion bar of a virtual
keyboard. We developed a simple predictive system to demonstrate
the benefit of thismethod. It utilizes text-based querying and regular
expression to suggest the most probable next numeric actions in
the suggestion bar along with word suggestions. We evaluated this
method in two user studies. The first explored number entry and
the second explored editing. Results revealed that the proposed
method significantly increases number entry and editing speed
and accuracy. It reduces the number of actions needed per task. It
also significantly reduces the time and effort needed to fix errors.
Subjective analysis revealed that almost all participants found the
method faster, more reliable, and easier to use than the conventional
method, thus wanted to keep using it on their mobile devices.

CCS CONCEPTS
•Human-centered computing→ Text input; Empirical studies
in HCI ; • Information systems→Web and social media search; •
Computingmethodologies→ Information extraction; •Applied
computing → Text editing.
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Text entry, numeric and special characters, symbols, digits, predic-
tive text, suggestion bar.
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1 INTRODUCTION
Although the acquirement, input, and editing of numeric values
(represented either by digits or text) are important parts of mobile
text entry [3], these have not been well explored in the literature.
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This negligence is evident in the suggestion bars of virtual key-
boards. Nowadays, almost all virtual keyboards come with sugges-
tion bars that present the most probable next words and seldom
phrases using linguistic models [7, 21, 25]. However, none of these
models provide the support for numeric values, thus the suggestion
bars remain “blank” when these values are being entered or edited.

Figure 1: The proposed method uses text-based querying
and regular expression to detect numeric values and suggest
the next probable number entry and editing tasks. The user
can accept a suggestion by tapping on it. The left and right
arrows indicate that there are more suggestions available,
which the user can see by stroking left or right on the bar.

The findings of an informal survey and user feedback from our
previous studies revealed that mobile users desire an effective and
user friendly method for interacting with numbers since they often
work with numeric values on mobile devices. This includes entering
an entirely new value (e.g., the date and time of a meeting), editing
or converting an existing value (e.g., changing an amount from
Euro to US Dollar), and performing arithmetic operations to a value
(e.g., figuring out how to split a bill with friends before using a
mobile payment app). Most users resolve to third-party apps for
editing and conversion, such as calculators, unit converters, and
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Web browsers. For instance, users tend to use a native or a Web
app to find a time for a virtual meeting that is appropriate for all
international attendees. Incriminating and decrementing numeric
values also require the assistance of third-party apps since increas-
ing and decreasing different units, such as time, currency, or length
and weight, are fundamentally different from one another. This
process is not only time-consuming and tedious but also distracts
the user from the task at hand by forcing her to switch between
different apps [1]. To mitigate this, we developed a simple predic-
tive system that uses text-based querying and regular expression
to identify numeric values to suggest the most likely next actions
in the suggestion bar (Figure 1). However, the main contribution
of this work is not the predictive system, but the demonstration
that providing support for numeric values in the suggestion bar
can radically simplify the task of entering and editing numbers on
mobile devices. Figure 2 illustrates the architecture of the proposed
system.

This paper starts with some examples of the predictive system.
It then reviews the existing work in the area. It presents the pro-
posed predictive system, evaluates it in two empirical studies, then
discusses the findings of the studies and the limitations of the work.
The paper concludes with speculations on future extensions.

2 EXAMPLES
The proposed predictive system suggests numeric values based on
the context of a textual conversation. For this, the system uses a
pre-trained DeepQA model [20] to process natural language with
deep learning, then suggests relevant numeric values retrieved from
a database or the Internet. Below are some examples.

Input Suggestion

Let’s go camping next Monday The exact date:
10/08/2018

Is there a meeting in 45 minutes? The absolute time:
12:45 PM

The distance between earth and
moon is large

The exact distance:
238,900 miles

The predictive system suggests auto-completion for all numeric
values. For this, it detects the nature of a value as the user types
based on the context of the conversation, separators (decimal point,
colon, etc.), symbols (dollar sign, percentage, etc.), and units (time,
weight, etc.), then suggests the next probable numbers, words, suf-
fixes, and prefixes for input. Below are some examples.

Input Suggestion

12: Quarter-hour increments:
12:00 PM, 12:15 PM, 12:30 PM

3. Complete values with different units:
$3.99, 3.50 kg

61.52 Different units:
61.52 kg, $61.52

The predictive system suggests unit conversions and arithmetic
operations. For this, it detects the nature of a value as the user

types based on the context of the conversation, separators (deci-
mal point, colon, etc.), symbols (dollar sign, percentage, etc.), units
(time, weight, etc.), and arithmetic operation signs (plus, minus, di-
vision, multiplication, etc.), then suggests the most appropriate unit
conventions and arithmetic operations. Below are some examples.

Input Suggestion

I was in Paris on 05/12/2017 The date in different calendars:
15-Shaban-1438, ...

I went to a coffee shop at
12:20 PM

The time in different zones:
4:20 PM PST, ...

I had a Pizza for which I
paid $24.30

Converted currencies based on
the current exchange rates from
the Internet: €20.98, ...

I went to Eiffel tower that
was about 10 m away

Sistance converted to different
units: 0.01 km, ...

I tipped him 15% of $25.55 The exact amount: $3.83
55.42 + 37.97 The total: 93.39

The predictive system also facilitates editing existing numeric
values. To edit an already entered value, the user taps on it to see
all probable auto-completion, conversions, increment, decrement,
and actual values retrieved from the Internet. Tapping on a value
in the suggestion bar replaces the existing value with the selected
one. Below are some examples.

Input Suggestion

I am leaving on 10/21/19
Tapping on 10/21/19 suggests
the date in different calendars:
29-Mehr-1398, 22-Safar-1441, ...

I have a meeting at 3 PM
Tapping on 3 PM suggests
the time in different zones:
12 PM EST, 10 PM GMT, ...

I paid $600 for the rent
Tapping on $600 suggests the
amount converted in different
currencies: €534.47, £472.81, ...

He is as tall as Keanu Reeves

Tapping on “Keanu Reeves”
suggests his actual height
retrieved form the Internet in
different units: 6.1 ft, 1.86 m, ...

3 RELATEDWORK
Some have proposed novel keypad layouts to facilitate number
entry on various devices. Isokoski and Käki [11] designed a gesture-
based method for number entry on touchscreens. In a user study,
this approach yielded a promising entry speed and accuracy. Cheng
et al. [8] proposed a method for automatically adjusting the layout
and position of a virtual keypad based on how the user is holding a
mobile device. A study revealed that this approach increases entry
speed by 42% compared to a manually adjustable keypad. Mary et
al. [22] investigated the effects of different key sizes and spacing on
touch characteristics in number entry tasks. They found out that
touch force, impulse, and dwell time are significantly affected by
key size. In a similar study, Tsang et al. [23] found out that both key
size and layout affect input performance in terms of speed, accuracy,
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Figure 2: High level architecture of proposed predictive system.

and task completion rate. Chung et al. [9], in contrast, studied the
effects of age on the usability of number entry with both virtual
and physical keypads. They recruited adults aged 23–33 years and
older adults aged 65–76 years. Results revealed that tactile feedback
increases input accuracy of the virtual keypad, and both adults and
older adults prefer the virtual keypad than the physical one.

Some have proposed novel keypad interactions to increase the
security of conventional mobile user authentication approaches.
Arif et al. [4] designed a keypad that enables the user to actively
select digits and directional gestures as her passwords. Malek et al.
[19] designed a force-based keypad that uses pressure as a binary
input with two variances of the pattern-lock approach. Arif et al. [2]
developed a different force-based keypad that uses three levels of
pressure input as an extra security measure to the popular digit-lock
approach.

Several recent works have focused on number entry on medical
equipment since the existing approaches are not optimized for
common data entry tasks in hospitals [28]. However, Oladimeji et al.
[18] pointed out that these works explore only keypads and do not
account for factors such as the range of values and the real-estate
available on the equipment for keypads. Most of these works tend
to show that input method significantly affects number entry speed
and accuracy. In another work, Oladimeji et al. [17] reported that
typically there are two types of number entry methods available for
medical devices: serial (such as a keypad) and incremental (which
uses knobs or keys to increment/decrement numeric values). They
reported that incremental methods lead to more accurate input than
serial methods. In a follow-up work, Wiseman et al. [27] proposed
thirteen different codes for classifying errors, and using checksums
to detect these errors [29]. In a separate work, Wiseman et al. [26]
designed a novel layout to make the entry of the most frequently
entered numbers easier on infusion pumps. For this, they collected
data from infusion pumps programmed on theward. They evaluated
the method with three existing interfaces. Results revealed that it
reduces the total number of keystrokes needed to complete a task.

But to our knowledge, no prior work has investigated how to
accommodate number entry and editing in the context of mobile
text entry.

4 THE PROPOSED METHOD
We propose a predictive system for number entry and editing that
works in real-time and does not require using a different app to
perform common actions with numbers. Figure 2 illustrates a high-
level overview of the proposed framework. It comprises of three
parts: 1) suggestions based on generic text-based queries on a data-
base or search results from the Internet, 2) suggestions by detecting
different types of numeric values using regular expression, and
3) suggestions based on real-time arithmetic operations and unit
conversions.

4.1 Predictive System
The predictive system uses a semantically informed, context-aware
language model that can understand natural language to retrieve
necessary information from a knowledge base or the Internet for the
suggestion bar. The system can suggest both words and numbers. It
identifies the input that is semantically similar to the queries in the
dataset [24], then displays numeric values associated with generic
text-based queries in the suggestion bar along with conventional
word predictions, when available. A numeric suggestion can be a
date, a distance, or any other numeric value relevant to the context
of the entered text. For this, the system uses an existing question-
answering frameworks [24] and a pre-trained DeepQA model to
perform high-level natural language processing tasks with deep
learning [20]. DeepQA is built on top of Keras1 and TensorFlow2. It
uses a simple language model based on the seq2seq framework [15],
which is trained for a conversational engine. This model can extract
knowledge from both a domain specific dataset and a large, noisy,
1Keras: The Python Deep Learning library: https://keras.io
2TensorFlow: An End-to-End Open Source Machine Learning Platform: https://www.
tensorflow.org
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and general domain dataset of movie subtitles [24]. It is based on a
recurrent neural network [14] that reads an input sequence (con-
catenation of what has been typed so far) and predicts the output
sequence as reply. During training, the actual responses were given
to the model to facilitate learning through backpropagation [14].
The model was trained to maximize the cross entropy of the correct
responses for a given context [12]. We used this model because it
can remember facts, understand contexts, perform common-sense
reasoning without the complexity in traditional pipelines. Perhaps
the most practical significant of the model is that it can general-
ize to new queries even when they do not appear in the training
set. However, one drawback of this model is, sometimes it gives
inconsistent answers to queries that are semantically comparable
but not identical. We addressed this issue by using a predefined set
of queries and by scraping off all unnecessary textual details from
the responses. Below are some examples.

Query Reply Suggestion
What is two plus two? It is 4 4
Two plus two equal to? 4 4
What time is it? It’s 8:30 8:30
What’s the time? It is 8:30 8:30

4.2 Number Entry and Editing
The system identifies different types of numeric values using regular
expression. It classifies each value based on its prefix, suffix, format,
separator, and operator (Figure 2). Once the “type” of the value is
determined, it acquires a list of suggestions (including digits, units,
unit conversions, arithmetic operations, and words) and displays
the most probable ones in the suggestion bar. The probability of all
suggestions are determined using a custom frequency table3 and a
set of simple rules. For example, when the user enters “12:” the sys-
tem classifies it as “time” since the frequency table suggests that the
“:” separator is most commonly used with time values, then displays
“12:00 PM”, “12:15 PM”, “12:30 PM”, and “12:45 PM” in the suggestion
bar based on the rule “users prefer quarter-hour increments". Note
that the system suggests all time values in “PM” since “afternoon
meetings are more preferred than late night meetings”. When a value
does not have a prefix, suffix, separator, or operator, the system
suggests the most common units based on the context of the input.
For example, if the user types “I drove 15”, the system suggests the
most common units, such as “miles” and “km”. The system also
suggests common operations and unit conversions. For example,
when the user enters “I drove 15 km”, the suggestion bar displays
“9.3 miles”. Likewise, when the user types “Two third of 15 is”, the
suggestion bar suggests the result “10”. The system reverts to the
original value when the user uses the backspace key immediately
after selecting a suggestion. For example, when the user converts
“05/12/2017” to Iranian calendar “15-Shaban-1438” by mistake, she
can press the backspace key to bring back the original input.

The system does not replace the conventional word and phrase
suggestions. Instead, it displays numeric suggestions when the
3Since we were unable to find a frequency table for numeric values in mobile text
entry, we developed a custom table based on the findings of an informal survey where
we collected data from 35 frequent mobile users, average age 25.8 (SD = 3.3), 14 female,
21 male.

conventional method fails. In case both the conventional and the
proposed method return suggestions, the suggestion bar displays
results from both methods. Users can disable/enable the numeric
suggestion feature by double-tapping on the suggestion bar.

5 EXPERIMENT 1: NUMBER ENTRY
We conducted a user study to compare the performance of the pro-
posed predictive system with a conventional method of working
with numbers (Google Quick Answer [13]) in various number en-
try tasks, including digit and symbol entries, metric conversions,
arithmetic operations, and numeric answers of text-based queries.

5.1 Apparatus
We used a Motorola Moto G5 Plus smartphone (150.2×74×7.7 mm,
155 g) at 1080×1920 pixels in the study. We developed a custom
keyboard and the proposed suggestion bar using the Android Studio
3.1, SDK 27, which looked and felt like the default Android keyboard
(Figure 1 and Figure 3). It logged all actions with timestamps and
calculated all performance metrics directly.

5.2 Participants
Twelve volunteers aged 23–28 years (M = 25.3, SD = 1.61) took
part in the study. They were all proficient in the English language.
Four of them were female and eight were male. All of them were
right-handed. They all chose to hold the device in portrait position.
They all used Google Quick Answer and various third-party apps
(e.g., calculators, converters) to work with numeric values.

Figure 3: Two volunteers participating in the first user study
exploring number entry.

5.3 Design
The study used a within-subjects design. The independent vari-
able (IV) was method and the dependent variables (DV) were the
performance metrics. The final design was:

12 participants ×
2 conditions (conventional & predictive, counterbalanced) ×
10 tasks =
240 tasks in total, excluding practice tasks.
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5.4 Metrics
We recorded the following performance metrics in the study.

• Time per Task represents the average time (seconds) users
took to perform a task.

• Actions per Task signifies the average number of taps and
gestures performed for each task. This metric is comparable
to the Keystrokes per Character (KSPC) metric [5].

• Error Rate is the average percentage (%) of incorrect char-
acters in the final text [5].

• Correction per Task is the average number of corrective
actions (backspace, delete) performed per task.

• Correction Time signifies the average time (seconds) users
took to correct input and edit errors.

5.5 Google Quick Answer
Google Quick Answers is a feature of Google Search Engine that
places highlighted text snippet answers and links at the top of
Search Engine Results Pages (SERP). This feature was introduced
in September 2014 to enable users to acquire easy answers to “how
to” or “what is” oriented queries. However, users are not required
to inject “how to” or “what is” in their queries for this feature
to work (Figure 4). To generate these answers, Google takes the
relevant parts of content from Web pages that are already regarded
as trustworthy. It then displays the answers in an outlined box on
the top of the SERPs. About 40% of all queries on Google Search
Engine display Quick Answers [13].

Figure 4: Google Quick Answers displaying the height of the
CN Tower (left) and 15% of 66 (right). Notice that the queries
were not entered in full natural language.

We used this method as the baseline since the informal survey3
revealed that most users acquire, convert, and perform arithmetic
operations to numeric values using this feature. During the user
study, themobile device had the ChromeWeb browser4 with Google
as its default search engine opened. Participants were instructed to

4Google Chrome: https://play.google.com/store/apps/details?id=com.android.chrome

acquire and perform various operations to numeric values using
this browser.

5.6 Procedure
First, we explained the study procedure to all participants and col-
lected their consents. We then asked them to complete a short demo-
graphics and mobile usage questionnaire. Then, we demonstrated
the Google Quick Answer and the proposed predictive method.
We asked the participants to practice with both methods for about
five minutes, although all of them were familiar with the Google
Quick Answer. The tasks used in the practice were not repeated
in the actual study. Participants could extend the practice period
on request. Once they were familiar with both methods, they were
instructed to perform ten tasks per condition (conventional and
predictive). The conditions and the tasks were counterbalanced us-
ing a 4×4 balanced Latin square. We carefully selected the tasks to
evaluate equal number of acquirement (search), auto-completions,
conversions, arithmetic operations, and compound actions (e.g.,
conversion and arithmetic operation) in each condition. We also
made sure that tasks require participants to select the same number
of the most and the least probable suggestions to force them to
swipe left and right on the suggestion bar. Some examples of the
tasks used in the study are:

• Enter today’s date in Iranian calendar
• Enter US $13.53 in Euro
• Enter 35 + 81 kg to oz
• Enter the time after 55 minutes in GMT
• Enter the height of Kiefer Sutherland in inches

The tasks were presented in sheets of paper (Figure 3). We asked
participants to complete each task as fast and accurate as possible.
They were instructed to correct all errors as they notice them, but
we did not enforce this. In the conventional condition, participants
were instructed to complete the tasks using the Google Quick An-
swer and the default Android Qwerty keyboard5. The predictive
system of the keyboard was enabled but did not provide any sugges-
tions since it does not fully support number entry. In the predictive
condition, participants were instructed to use the suggestion bar ex-
clusively. Upon completion of the study, all participants completed
a short post-study questionnaire.

5.7 Results
A complete session took 30–45 minutes, including demonstrations,
practice periods, and breaks. A Shapiro–Wilk test and a Mauchly’s
test confirmed that the data did not violate the normality or the
sphericity assumptions. Thus, we used a repeated-measures ANOVA
for all analysis.

5.7.1 Time per Task. An ANOVA identified a significant effect of
method on time per task (F1,11 = 515.12, p < .0001). On average
participants spent 149.25 seconds (SD = 9.69) and 81.05 seconds
(SD = 7.32) for each task with the conventional and the predictive
method, respectively. Figure 5 (a) illustrates this.

5Gboard - the Google Keyboard: https://play.google.com/store/apps/details?id=com.
google.android.inputmethod.latin
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(a) (b) (c) (d) (e)

Figure 5: Average (a) time per task, (b) actions per task, (c) error rate, (d) correction per task, and (e) correction time for the
conventional (Google Quick Answers) and the proposed predictive method. Error bars represent ±1 standard deviation.

5.7.2 Actions per Task. An ANOVA found a significant effect of
method on actions per task (F1,11 = 5656.8, p < .0001). On average
participants performed 47.25 (SD =13.55) and 14.75 (SD = 1.6) ac-
tions per task with the conventional and the predictive method,
respectively. Figure 5 (b) illustrates this.

5.7.3 Error Rate. An ANOVA also identified a significant effect of
method on error rate (F1,11 = 25.51, p < .0005). The average error
rate for the conventional and the predictive method were 0.5% (SD
= 1) and 0%, respectively. Figure 5 (c) illustrates this.

5.7.4 Correction per Task. AnANOVA identified a significant effect
of method on correction per task (F1,11 = 264.43, p < .0001). On
average participants performed 15.98 (SD =11.98) and 4.4 (SD = 7.5)
corrective actions per task with the conventional and the predictive
method, respectively. Figure 5 (d) illustrates this.

5.7.5 Correction Time. An ANOVA identified a significant effect
of method on correction time (F1,11 = 38.98, p < .0001). On average
participants spent 17.6 seconds (SD = 7.9) and 6.5 seconds (SD = 11.7)
in performing corrective actions per task with the conventional
and the predictive method, respectively. Figure 5 (e) illustrates this.

5.8 User Feedback
Upon completion of the study, all participants completed a short
questionnaire where they rated the predictive method’s entry speed,
accuracy, usability, and willingness to use on a 7-point Likert scale.
We later converted these scales to 3-point scales using linear trans-
formation to calculate ratios, which is common practice in statistics
[10].

5.8.1 Perceived Speed and Accuracy. All participants (100%, N =
12) felt that the predictive method improved their entry speed.
Most participants (92%, N = 11) also believed that it improved their
accuracy. The remaining 8% (N = 1) was neutral. Figure 6 illustrates
all responses, where one can see that all participants rated the
predictive method “5” or higher for entry speed and “4” or higher
for accuracy on 7-point Likert scales. The median user ratings of
the method’s speed and accuracy were 6.0 (SD = 0.72) and 5.5 (SD
= 0.9), respectively.

Figure 6: User ratings of the statements that the predictive
method increased their number entry speed and accuracy
on 7-point Likert scales, where “1–7” represented “Strongly
Disagree–Strongly Agree”.

Figure 7: User ratings of the statements that the predictive
method was easy to use and they would use it frequently
on 7-point Likert scales, where “1–7” represented “Strongly
Disagree–Strongly Agree”.

5.8.2 Usability and Willingness to Use. Most participants (83%, N
= 10) found the predictive method easy to use, while two (17%)
were neutral about it. Most of them (92%, N = 11) also wanted to
use it frequently on their mobile devices, one (8%) was against it.
Figure 11 illustrates all user responses, where one can see that the
participants rated the predictive method “4” or higher for usability
and “3” or higher for willingness to use on 7-point Likert scales.
The median user ratings of the method’s usability and willingness
to use were 6.0 (SD = 0.99) and 6.0 (SD = 1.05), respectively.
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6 EXPERIMENT 2: NUMBER EDITING
We conducted a second study to investigate the predictive method’s
performance in editing tasks (interactions with existing numeric
values).

6.1 Apparatus
We used the same smartphone as the first study. However, we
developed a new app that loads short paragraphs containing various
numeric values for the participants to edit (Figure 1). We used
the same keyboard and suggestion bar as the previous study. The
custom app logged all actions with timestamps and calculated all
performance metrics directly.

6.2 Participants
Twelve new volunteers aged 19–36 years (M = 25.5, SD = 5.03)
participated in the study (Figure 8). Five of them were female and
seven were male. They all were proficient in English. Ten of them
were right-handed and two were left-handed. All of them chose to
hold the device in portrait position. They all used Google Quick
Answer and various third-party apps (e.g., calculators, converters)
to work with numeric values. They received US $10 for volunteering
in the study.

Figure 8: Two volunteers participating in the second study
investigating predictive number editing.

6.3 Design
The study used a within-subjects design. The independent vari-
able (IV) was method and the dependent variables (DV) were the
performance metrics. The final design was:

12 participants ×
2 conditions (transcribe & predictive, counterbalanced) ×
3 paragraphs × 6 tasks =
360 tasks in total, excluding practice tasks.

6.4 Metrics
We recorded the time per task, actions per task, and error ratemetrics
as the first user study. We did not record the correction per task and
correction time metrics since this study did not require participants
to correct errors.

6.5 Procedure
This study used the same procedure as the first user study with the
following exceptions. First, the printed sheets of paper included
correct answers to all tasks since we wanted to find out if the
proposed method outperforms the conventional method when par-
ticipants already know the answers (do not have to search and
cut/copy-paste the values using a third-party app). It also enabled
us to complete the study within a reasonable time frame. In the
first study, participants took on average 1.5 minutes to perform an
input task with the conventional method. Performing an editing
task would have taken more time since it involves the extra step of
deleting and replacing an existing value. Second, we removed the
Google Quick Answer from the demonstration since participants
were not required to use it to acquire numeric values. Finally, we
did not instruct participants to correct their errors since we wanted
to emphasize only on the time and effort required for editing tasks,
not on transcription/input errors.

In the study, participants edited three short paragraphs contain-
ing six different types of numeric values with each method (hence,
six paragraphs in total) in a counterbalanced order. The custom
app presented one paragraph at a time and asked participants to
edit all numeric values as indicated in the printed task sheets. We
used a similar approach as the first study to select the tasks. The
following is an example paragraph (the underlined parts represent
numeric values) and the respective tasks.

“I went to the outlet mall on June 7, 2013. I arrived at around
19:45. I was looking for a table lamp and I found one for $23.99.
The distance from the mall to the parking was about 54.72 m. I had
to carry that 8 kg lamp all the way up there! Just so you know,
a bowling ball weights about ...”.

• Replace 7-Jun-2013 with Tamil calendar
• Replace 19:45 with PM
• Replace $23.99 with Canadian Dollar
• Replace 54.72 meters with feet
• Replace 8 kg with pounds
• Replace “...” with actual weight of a bowling ball in kg

The app highlighted all numeric values in the paragraphs in red
font for easier detection. In the conventional condition, participants
simply had to transcribe the values in the paragraph using the de-
fault Android keyboard5 since the task sheets provided all answers.
In the predictive condition, they had to pick the values from the
suggestion bar. Like the first study, the predictive system of the
default Android keyboard was enabled but did not suggest num-
bers since it does not fully support number entry. Once done with
editing a paragraph, participants had to press the “Next” button to
see the next paragraph. Upon completion of the study, participants
completed a short post-study questionnaire.

6.6 Results
A complete session took 30–45 minutes, including demonstrations,
practice periods, and breaks. A Shapiro–Wilk test and a Mauchly’s
test confirmed that the data did not violate the normality or the
sphericity assumptions. Thus, we used a repeated-measures ANOVA
for all analysis.
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(a) (b) (c)

Figure 9: Average (a) time per task, (b) actions per task, and (c) error rate for the conventional and the predictive method. Error
bars represent ±1 standard deviation.

6.6.1 Time per Task. An ANOVA identified a significant effect of
method on time per task (F1,11 = 526.02, p < .0001). On average
participants spent 13.41 seconds (SD = 5.49) and 5.21 seconds (SD
= 4.83) per task with the conventional and the predictive method,
respectively. Figure 9 (a) illustrates this.

6.6.2 Actions er Task. An ANOVA found a significant effect of
method on actions per task (F1,11 = 5236.4, p < .0001). On aver-
age participants performed 18.56 (SD = 6.7) and 1.31 (SD = 1.3)
actions per task with the conventional and the predictive method,
respectively. Figure 9 (b) illustrates this.

6.6.3 Error Rate. An ANOVA also identified a significant effect of
method on error rate (F1,11 = 31.94, p < .0005). The average error
rate for the conventional and the predictive method were 4.7% (SD
= 8.9) and 0.7% (SD = 3.2), respectively. Figure 9 (c) illustrates this.

Figure 10: User ratings of the statements that the predictive
method increased their number editing speed and accuracy
on 7-point Likert scales, where “1–7” represented “Strongly
Disagree–Strongly Agree”.

6.7 User Feedback
Once done with the study, all participants completed a short ques-
tionnaire where they rated the predictive method’s entry speed,
accuracy, usability, and willingness to use on a 7-point Likert scale.
Like the first study, we converted these scales to 3-point scales
using linear transformation to calculate ratios [10].

6.7.1 Perceived Speed and Accuracy. All participants (100%, N =
12) felt that the predictive method improved their number editing

Figure 11: User ratings of the statements that the predictive
method was easy to use and they would use it frequently
on 7-point Likert scales, where “1–7” represented “Strongly
Disagree–Strongly Agree”.

speed and accuracy. Figure 10 displays all responses, where one can
see that all participants rated the predictive method “5” or higher
for both editing speed and accuracy on 7-point scales. The median
user ratings of the method’s speed and accuracy were 6.0 (SD =
0.51) and 6.5 (SD = 0.52), respectively.

6.7.2 Usability and Willingness to Use. All participants (100%, N =
12) found the predictive method easy to use. Most participants (92%,
N = 11) also wanted to use it frequently on their mobile devices.
One participant (8%) was neutral about it. Figure 11 illustrates all
user responses, where one can see that all participants rated the
predictive method “5” or higher for usability and “4” or higher for
willingness to use on 7-point scales. The median user ratings of the
method’s usability and willingness to use were 6.0 (SD = 0.72) and
6.0 (SD = 0.67), respectively.

7 DISCUSSION
The predictive method performed significantly better than the con-
ventional method in both number entry and editing tasks. Results
of the first user study revealed that number entry with the proposed
method was 46% faster and required 69% fewer actions compared
to the conventional method. It also required 72% fewer corrective
actions, saving roughly 64% in correction time.

The conventional condition of the second user study did not
require participants to acquire and calculate numeric values since
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the task sheets included all answers. Yet, the proposed method was
61% faster and required 93% fewer actions than the conventional
method. It was also 86% more accurate. This suggests that users
are likely to take more time and make more mistakes with the
conventional method in real-word scenarios where they have to
acquire and calculate these values using third-party apps. Therefore,
it can be said that the studies established that the proposed method
can substantially improve mobile users’ number entry and editing
performance and experience.

Qualitative data also supports this. For input tasks, all partici-
pants responded that the predictive method improved their number
entry speed. Most participants also felt that it improved their accu-
racy. Besides, almost all participants found the predictive method
easy to use, thus wanted to keep using it on their mobile devices.
Many of them expressed their enthusiasm about the method after
the study. For example, one participant (female, 25 years) stated,
“Number prediction from text input is pretty cool and useful. [It] saves
time.” Some participants felt that the proposed method is useful
not only for casual text entry but also for work related tasks. For
example, one participant (female, 23 years) commented, “The [...]
method really allowed me to reduce time while allowing me to be
accurate. I can see how this [method] can be useful for people that
complete administrative tasks”. Many participants liked the “Undo”
feature of the system that enables them to revert to the original
value by pressing the backspace key since it eliminates the need for
re-typing the value. One participant (female, 22 years) commented,
“This option [...] needed a little getting used to, but once I got it, it
worked quite fine. This is a very good way to ease up [correction
effort]”.

For edit tasks, all participants felt that the predictive method
improved their editing speed and accuracy. Besides, they all found
it easy to use, and almost all of them wanted to keep using it on
their mobile devices. Although user feedback was encouraging
for both input and edit tasks, participants were relatively more
positive about the predictive method in the second study, which
involved editing numeric values. We speculate that this is because
participants struggle more with editing tasks than input tasks [6].
The fact that mobile users frequently acquire and share information
with their family and friends may have contributed towards this as
well (since they could relate to the tasks used in the study more).
Relevantly, one participant (male, 25 years) responded, “[editing
and] prediction of metric conversion are really good [and] make sense
[to me]”.

Participants left no erroneous characters (0%) in the final text
during the first user study since they were instructed to correct all
errors. Figure 5 (a and e) illustrates the time and effort invested in
error correction efforts during the study. In the second user study,
the final text produced with the predictive method contained 0.7%
erroneous characters, compared to the conventional method’s 4.7%
erroneous characters in the final text. A deeper analysis of the data
revealed that almost all errors committed with the conventional
method were due to transcription mistakes. The errors committed
with the predictive method were rather diverse. About 75% of these
errors were committed due to incorrect swipes on the suggestion
bar, 17% were due to the selection of incorrect suggestions, and the
remaining 8% were due to transcription errors when participants
were manually editing the values.

8 LIMITATIONS
There are some limitations of this work. First, the frequency table3
used in the predictive system is developed using a small sample of
young adults (N = 35) who were heavy smartphone users. Thus,
the system evaluated in the studies is not generalizable to a larger
audience. But as articulated earlier, the aim of this work is not to
promote the developed system, instead to demonstrate how number
prediction can radically simplify the task of entering and editing
numbers on mobile devices. Second, we only used the tasks that
will yield relevant suggestions in the user studies. It increased
the internal validity but reduced the external validity. We decided
against using a free-form text entry scenario in the studies because
it lacks control for performance evaluations as it is difficult, if not
impossible, to determine the participants’ true intentions in free-
form text entry episodes [16]. Finally, we used the Google Quick
Answer as the baseline condition in the first user study since it
is one of the most popular methods for acquiring numeric values.
Alternative methods, such as using a third-party app or a different
device, were not explored in the study.

9 CONCLUSION
We proposed enabling number entry and editing on mobile devices
through the suggestion bar of a virtual keyboard. To showcase
the benefit of this approach, we developed a simple predictive
system that suggests the most probable next numeric values in the
suggestion bar using text-based querying and regular expression.
We evaluated this method in two user studies, the first focused on
number entry and the second on number editing. Results revealed
that the proposed method significantly increases number entry
and editing speed and accuracy. It also reduces the number of
actions needed per task, and the time and effort needed to correct
errors. Subjective analysis revealed that most participants found
the proposed method faster, more accurate, and easier to use. They
all wanted to use it frequently on their mobile devices.

10 FUTUREWORK
We will improve the proposed predictive system to increase its
reliability. We will apply machine learning approaches to provide
mobile users with personalized suggestions based on their number
entry and editing habits. We will also conduct a qualitative study
to find out the most common types of numeric values entered and
edited on mobile devices to enrich our frequency table. Besides, we
will investigate the impact of our system on the performance of
medical equipment. Previous research showed the existing number
entry method on these devices are not reliable, thus can cause
adverse events in data entry tasks for numerical drug dosing in
hospitals [17, 28]. We will investigate whether the proposed method
canmitigate this by suggesting numbers and auto-corrections based
on previous inputs and prescriptions.
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