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ABSTRACT

In countries where languages with non-Latin characters are
prevalent, people use a keyboard with two language modes
namely, the native language and English, and often experi-
ence mode errors. To diagnose the mode error problem, we
conducted a field study and observed that 78% of the mode
errors occurred immediately after application switching. We
implemented four methods (Auto-switch, Preview, Smart-
toggle, and Preview & Smart-toggle) based on three strategies
to deal with the mode error problem and conducted field stud-
ies to verify their effectiveness. In the studies considering
Korean-English dual input, Auto-switch was ineffective. On
the contrary, Preview significantly reduced the mode errors
from 75.1% to 41.3%, and Smart-toggle saved typing cost for
recovering from mode errors. In Preview & Smart-toggle, Pre-
view reduced mode errors and Smart-toggle handled 86.2% of
the mode errors that slipped past Preview. These results sug-
gest that Preview & Smart-toggle is a promising method for
preventing mode errors for the Korean-English dual-input
environment.
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1 INTRODUCTION

In countries such as Korea, Japan, China, and Thailand that
use languages with non-Latin characters, people usually have
two input language modes in computing devices: native lan-
guage and English. Switching between the two input lan-
guage modes occurs frequently while writing a document in
both languages. Mode errors occur when a user’s perceived
input language mode is different from the computer’s actual
input language mode. Mode errors may not occur frequently
when the user is entering text in a single application because
the user is well aware of the current language mode as seen
from the text that he/she is entering. On the contrary, mode
errors may occur frequently when the user is switching be-
tween multiple applications owing to the following reasons.
First, inputs in each application context may not be contin-
uous; therefore, the user may forget the current language
mode of the application. Second, there is a preferred language
for each application (e.g., English for the input fields of a web
URL and the native language for chat applications), which
may bias the user’s expectation regarding the current input
language mode on an application switch. Input mode er-
rors adversely affect user experience because they cost users
additional efforts by erasing a wrong input and retyping
in the right input language mode. Previous studies in Ko-
rea, Japan, China, and Thailand confirm that input language
mode switching is error-prone and expensive [6, 8, 9, 12].
Figure 1 shows possible strategies to deal with the mode
error problem. They can be divided into two categories de-
pending on the role of the computer in them. In the ‘Active’
category, the computer plays an active role; it switches the
input language mode automatically by predicting the user’s
intended language mode based on the past text inputs. In
the ‘Passive’ category, the computer plays a passive role; it
helps the user avoid mode errors by providing proper visual
feedback; in other words, it reduces the cost of mode errors
by providing an efficient recovery interface. Various imple-
mentations of some of these strategies already exist in the
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Figure 1: Strategies and methods to deal with the input lan-
guage mode error problem.

Korean-English dual-language environment [6, 14, 15, 17].
However, they were designed mostly for use within a sin-
gle application, and their usage and effectiveness in multi-
application contexts have not been studied yet.

Based on these strategies, we designed the following four
methods: Auto-switch, Preview, Smart-toggle, and Preview
& Smart-toggle. Auto-switch switches the input language
mode automatically based on the current text input and the
language models of the two languages. Preview prevents
the user from committing an error by providing clear visual
feedback about the current language mode. Smart-toggle
provides an interface to help the user recover from a mode
error efficiently. The previous two methods can be used in
combination. The user may commit a mode error despite
Preview, and further may use Smart-toggle to correct the
wrong input quickly. This combination is called Preview &
Smart-toggle.

In this study, we first conducted a long-term field study
(Experiment 1), to observe when and how often input lan-
guage mode errors occur in the real context and thus under-
stand the mode error problem quantitatively. We conducted
four additional long-term field studies (Experiments 2 to 5) to
verify the effectiveness of the aforementioned four methods.

The contributions of this study are as follows:

e We diagnosed the mode error problem in the Korean-
English dual-input environment through a long-term
field study.

e We examined the effectiveness of the aforementioned
four methods through a series of long-term field stud-
ies and showed that Preview & Smart-toggle was most
effective.

e We present a highly effective method (Preview & Smart-
toggle) to deal with the language mode problem for
the Korean-English dual-language environment.

In the remainder of this paper, we present a brief review
of related work and describe the aforementioned four meth-
ods in detail. Next, we describe the design and results of
the five experiments. Finally, we conclude by identifying the
method that will be most effective for the Korean-English
dual-language environment based on the results of the ex-
periments.
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2 BACKGROUND

In this section, we review the methods that have been used
for users in the countries where languages with non-Latin
characters are used. We further describe the Auto-switch
method and review related prior work and commercial prod-
ucts. Finally, we review the existing methods for computers
to provide users with the information about the current input
language mode in dual-language input environments.

Dual-language Input Methods

In the countries where languages use non-Latin characters,
there are two main approaches to enable dual-language text
entry. The first approach is to allocate the characters of
the native language to the keys of the QWERTY layout
where English characters are already allocated. In other
words, the keyboard has two overlapping layouts: the QW-
ERTY(English) and the native language layout. One can
switch between the two layouts using a toggle key. This
approach is common when the native language uses phono-
gram characters, as Korean does.

The second approach is to use the QWERTY layout only. In
the English mode, one uses the keyboard as usual. However,
in the native language mode, to enter a native character, one
uses its phonetically equivalent English input. Even in this
case, the keyboard needs two language modes; therefore, a
toggle key is used to switch between the two modes. This ap-
proach is common when the native language uses ideogram
characters, as Chinese does. An example is the pinyin input
method, which is one of the Chinese input methods. The
pinyin input method uses the QWERTY layout; in the Chi-
nese input mode, if the user inputs the pronunciation of a
Chinese character in the English alphabet, a list of Chinese
characters with a pronunciation matching the English in-
put is displayed near the input area. When the user selects
one of the proposed Chinese characters, the English input is
converted to the Chinese character.

In the case of Japanese users, both the approaches are
currently used. An example of the first approach is the kana
input method. In this method, a Japanese key layout and the
QWERTY layout share the keyboard, and users can switch
between the two layouts using a toggle key. An example
of the second approach is the romaji input method. In the
Japanese input mode, when the user inputs the pronunciation
of a Japanese character in the English alphabet, the input is
automatically switched to the corresponding kana (Japanese
syllabic scripts).

Automatic Mode Switching

Input language modes are necessary for a dual-language
input method; whether it uses two keyboard layouts or pho-
netically equivalent English inputs. Switching between the
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two language modes is usually done by a user action; how-
ever, it may also be done automatically by the computer by
predicting the user’s intended language mode.

In the Korean-English input environment, Ahn and Kang [6],
Yoo et al. [17], and Lee [14, 15] proposed algorithms to pre-
dict the language of the current input keystroke based on the
Korean and English corpora. In the Chinese-English input
environment, Chen and Lee [9] showed that a new Chinese-
English language model improved the prediction accuracy
of automatic mode switching. In the Japanese-English input
environment, Kasahara et al. [12] proposed a method for
recognizing strings corresponding to Japanese words in in-
putted English characters and converting them into Japanese
words. Ikegami et al. [11] proposed an algorithm for predict-
ing input language mode, which was letter-based rather than
word-based. Ehara and Tanaka [10] proposed an algorithm
that enables an accurate prediction with a small corpus. In
the Thai-English input environment, Chawannakul and Pr-
asitjutrakul [8] and Potipiti et al. [21] proposed language
models and algorithms for predicting the language mode of
an inputted string.

Commercial products that provide automatic mode switch-
ing can be divided into two types. The first type provides
the function within an application. MS Word is a popular
example. MS Word provides an automatic mode switching be-
tween various languages and English. When the user enters a
space character after entering a string, MS Word predicts the
input language mode of the user based on the inputted string;
if the predicted input mode is different from the current in-
put mode, it converts the inputted string into a word in the
predicted language [2]. The second type of products provides
the auto-switching function through an input method editor
(IME). ATOK [1], which is the most popular IME in Japan,
and KeySwitcher [3], which provides auto-switching for var-
ious language combinations, are representative examples.
ATOK displays an input in the other language mode near
the text cursor if it determines that the input is entered in a
wrong language mode. When the user selects the suggestion
using a shortcut key, the current input is changed to the sug-
gestion, and at the same time, the current language mode of
the system is toggled. KeySwitcher provides auto-switching
for all pairs of 24 languages including Russian. KeySwitcher
predicts the current input language mode based on the user’s
input and indicates the predicted language mode with a flag
icon. When the user accepts the language mode predicted
by the KeySwitcher using a shortcut key, the inputted text is
converted to text in the selected language, and the current
language mode of the system is toggled.

The effectiveness and user acceptance of auto-switching
seem to vary according to language. In Japan and China,
both the first- and the second-type auto-switching products
are popular [16]. In Korea, automatic mode switching is used
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only within a single application such as a word processor;
however, no commercial product providing automatic switch-
ing at the system level, such as through an IME, exists. The
effectiveness and user acceptance of automatic switching in
the Korean-English environment is questionable; it is one of
the research questions that we tried to answer in this study.

Previewing Mode Errors with Visual Feedback

A mode error problem, in general, has long been an important
topic in user interface research. A classic example is the vi
editor in the Unix OS, which has two modes namely, the
input and command mode. Poller et al. [20] described the
occurrence of mode errors in the use of the vi editor in
various environments. Norman describing a mode error as
“doing the operation appropriate for one mode when in fact
you are in another” [19]. A mode error occurs because the
user cannot perceive the current mode of the system.

Shneiderman [23] advised providing informative feedback
to deal with mode errors. Researchers explored the use of
multi-modal feedback for preventing mode errors. Brewster
et al. [7] provided a different audio feedback for each mode
and found that such audio feedback reduces the user’s mental
load. Monk [18] found that audio feedback can significantly
reduce mode errors. Sellen et al. [22] investigated the effect
of visual and kinesthetic feedback on reducing mode errors.

Mode errors in dual-language input environments may
also be reduced by proper feedback about the current lan-
guage mode. Most of the existing GUI systems use an icon on
the screen to represent the current input language mode. In
the Mac OS, the current input mode is represented by a small
icon in the status bar at the top of the screen. For example,
in the English input mode, the icon shows the U.S. flag. The
icon shows a national flag or the first character of a language
to indicate the current language mode [4]. In the Windows
OS, the current language mode is represented by a small
icon in the status bar at the bottom of the screen. The icon
shows the first character of a language or an abbreviation of
a country name [5].

However, a small icon on the edge of the screen may not
be effective feedback for reducing mode errors because it is
often displayed away from the screen area where the user
enters text. Therefore, a better method to provide visual feed-
back is desired to keep the user well aware of the current
input language mode and reduce mode errors. In this study,
we examine the use of visual feedback for reducing language
switching mode errors, especially in multi-application con-
texts.

3 EXPERIMENT 1: DIAGNOSING THE LANGUAGE
MODE ERROR PROBLEM

We conducted a long-term experiment to observe when and
how often language mode errors occur in the real context.
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Participants and Procedure

We recruited 30 participants (7 females, mean age = 21.7)
through an online survey in our university. In the survey,
we asked how candidates switched the language mode. We
chose candidates who answered that they switched language
modes frequently while using a computer. All the partici-
pants were university students; therefore, their computer
usage patterns depended highly on their class timetables.
Therefore, we set the experiment period to seven days to bal-
ance the effect of specific lectures or homework assignments.
Additionally, we conducted the experiment during the se-
mester while avoiding unusual periods such as midterm or
final exams.

Before starting the experiment, each participant selected
a computer with a physical keyboard that he/she used most
frequently. 17 of the 30 participants selected laptop comput-
ers and the others selected desktop computers. We installed
a hooking application that logs all key inputs on the selected
computer. By analyzing the logged data, we obtained the key
inputs that they made, the times, types, and the input modes
of the key inputs, and the foreground applications during the
key inputs. During the 7 days of the experiment period, the
participants used their computers as usual. On completion
of the experiment, we allowed the participants to remove
sensitive data from the log files. We further collected the log
files and analyzed the mode errors.

Metrics: Mode Errors and Mode Error Frequencies

Based on the definition of input mode error by Lee et al. [15],
we consider a mode error to occur if the keyboard input
pattern exhibits the following four phases: (typing, mode-
switching, deleting, and retyping) or (typing, deleting, mode-
switching, and retyping). In the typing phase, the user enters
at least one keystroke excluding numeric and special char-
acters. In the mode-switching phase, the user presses the
language mode toggle key once. In the deleting phase, the
user presses the backspace key a number of times. The num-
ber of the backspace key inputs may be greater than or equal
to the number of the keystrokes entered in the typing phase.
In the retyping phase, the user re-types the same keystroke
sequence entered in the typing phase.

To quantify the mode error problem, in addition to the
number of mode errors (ME), we counted the number of mode
switches (MS), i.e., the number of language mode toggle key
inputs. MS reflects the bilingual requirement of a computing
environment. Generally, ME tends to increase as MS increases
because the more frequently the user is exposed to language
mode switching, the more frequently he/she may commit a
mode error. In this respect, we defined mode error frequency
(MEF) as the ratio between ME and MS: MEF = ME/MS X

Paper 25

CHI 2019, May 4-9, 2019, Glasgow, Scotland, UK

MS ME MEF [%]

SD Mean SD

Mean SD  Mean

AS 507.7 68.6 4455 556 87.8 4.0
Others 2500 69.2 1235 598 494 37
Total 757.7 675 569.1 51.7 751 4.2

Table 1: Mean and standard deviations (SD) of MS, ME, and
MEF in Experiment 1. ‘AS’ means that the values of MS, ME,
and MEF consider only the mode switches and errors that
occurred immediately following an application switch. ‘Oth-
ers’ means that the values of MS, ME, and MEF consider other
mode switches and errors.

100(%). MEF may reflect the relative severity of the mode
error problem.

Results and Discussion

Table 1 lists the mean and standard deviations (SD) of MS, ME,
and MEF during Experiment 1. On average, each participant
made 757.5 mode switches and committed 569.1 mode errors
during the experiment. This means that each participant
experienced 81.3 mode errors every day on average, which
shows the significance of the input mode error problem in
the Korean-English dual-language input environment.

To examine the effect of application switching on mode
errors, we counted the mode errors that occurred just after
an application switch and those that occurred during the
continuous use of an application; we counted the above sep-
arately and listed the results in the ‘AS’ and ‘Others’ rows,
respectively. We looked at the first mode switches that oc-
curred after an application switch, and observed that 98.9%
of the first mode switches occurred within 3 minutes after an
application switch. Based on this observation, we decided to
count mode errors that occurred in 3 minutes after an appli-
cation switch to obtain the numbers in the AS row. We could
see that 78.3% of the mode errors occurred immediately after
an application switch, and MEF could have reduced from
75.1% to 49.4% if the mode errors right after an application
switch could have been prevented.

It was expected that the user would become more aware of
the current input mode and would be less likely to commit a
mode error as he/she spent time typing in a single application
after an application switch. This seems to be supported by
Figure 2, which shows MEF as a function of the elapsed time
after an application switch (TAAS). The figure shows a clear
inversely proportional relationship between MEF and TAAS
(R? = 0.97).

It was expected that MEF may be dependent on applica-
tion types because the time of use varies among different
types of applications. We defined the time of use (ToU) in an
application as the time between the first and last keyboard
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Figure 2: MEF vs. time elapsed after an application switch
(TAAS) in Experiment 1.

MS ME MEF (%)

SD Mean SD Mean SD

ToU (min)

Mean SD Mean

TE 2434 655 1783 48,6 732 43 21.9 1.5
WB  421.7 70.7 3189 58.1 75.6 3.0 5.5 1.5
SNS  92.6 1175 720 899 778 3.2 3.5 1.4

Table 2: Mean and standard deviations of MS, ME, and MEF of
the three groups of applications in Experiment 1 (TE: text ed-
itors, WB: web browsers, and SNS: social network services).

inputs before an application switch. Table 2 shows ToU, MS,
ME, and MEF values of three application groups, text edi-
tors (TE), web browsers (WB), and social network services
(SNS). The TE group includes Hangul, MS Word, Vi, Eclipse,
Visual Studio, Sublime Text, PyCharm, IntelliJ, MS Excel,
MS PowerPoint, Sticker Memo, Processing, NotePad, and
Memo; the WB group includes Safari, Chrome, and Internet
Explorer; and the SNS group includes KakaoTalk, Telegram,
Line, Slack, and iMessage. ToU was the shortest for SNS and
was the longest for TE. MEF was highest in the SNS group
and was lowest in the TE group. We could observe that there
exists an inverse proportional relationship between MEF and
ToU.

4 FOUR METHODS TO DEAL WITH LANGUAGE
MODE ERRORS

In Experiment 1, we diagnosed when and how often the mode
error problem occur in a real context. Particularly, we found
that a mode error is likely to follow an application switch.
Based on this understanding, we designed the following four
methods: Auto-switch, Preview, Smart-toggle, and Preview
& Smart-toggle. We describe them in detail in this section.

Auto-switch Method

User interaction with the computer in the Auto-switch method
is illustrated in Figure 3. On an application switch (step a),
the Auto-switch application, which implements the Auto-
switch method at the system level, begins to store the user’s
keystrokes. In step b, the user enters keystrokes, ‘thsu’, and
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(a) (b) (c)

New Tab New Tab
curfor sp?ce
C G thsy| C G 24
. [+ v B IN M <

L] Space > ¥ [

Switch application
from "Word"
to "Chrome”

Enter the space key
=> Auto-switch replaces
the English text with "2 14"

Enter a word “thsu”
in English input mode

Figure 3: Interaction in Auto-switch: (a) Scenario after an ap-
plication switch; (b) User enters a word; (c) User enters the
space key.

the input field shows ‘thsu’, which is the English text string
corresponding to the keystrokes because the current input
mode is English. When the user presses the space key, the
application predicts the language mode of the user based
on the input entered so far. In this example, its prediction
is different from the current input mode, and therefore it
toggles the input mode and replaces the English text string
with ‘414, which is a Korean text string corresponding to
the same keystrokes.

In this example, the mode prediction looks correct, and the
user will accept the changes by the application. If the mode
prediction is not correct, the user can reject the changes using
an undo function. In this case, the English word entered by
the user will be added to a dictionary and will be used in the
next prediction.

Mode Prediction Algorithm. The mode prediction algorithm
used in Auto-switch is based on the algorithm proposed by
Yoo et al. [17]. The algorithm predicts the language mode
of the user when a space key is entered based on the non-
number and non-special character keystrokes entered so
far.

The keystrokes may represent a text string in English
or Korean. First, the algorithm checks whether the English
string is present in an English dictionary; it sets an English
flag if it is present. Second, the algorithm checks whether
the Korean string is present in a Korean dictionarys; it sets
a Korean flag if it is present. If both the flags are true or
false at the same time, the algorithm does not do anything.
If only one of the flags is true, then the algorithm outputs a
prediction according to the true flag.

Our implementation of the algorithm used the Oxford Eng-
lish dictionary with 302,000 words and a standard Korean
dictionary with 336,500 words. When we tested the algo-
rithm with a test set used in other studies [6, 17], it showed
a prediction accuracy of 98.5%. The accuracies of prediction
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Figure 4: Expected prediction accuracy for different input
lengths.

algorithms in other studies using the same test set are ap-
proximately 97%. We could confirm that our implementation
was good enough for the current study.

Considered Interaction Designs. The Auto-switch application
may intervene at different moments. We considered three
different options. In the first option, the application predicts
the user’s input mode for every key input and intervenes
when the predicted input mode is different from current
input mode. In the second option, it predicts and intervenes
after a predefined amount of input from the user. In the third
option, it predicts and intervenes when the user finishes
entering a word and presses a space key.

To choose the best option, we estimated prediction accu-
racies for different input lengths, and the results are shown
in Figure 4. To estimate a language mode based on a com-
plete word input, we used the mode prediction algorithm
described in the previous subsection. However, to estimate a
language mode based on an incomplete word input, we could
not use the same algorithm because it requires a complete
word input. Instead, we used the language mode prediction
algorithm that was designed for the Smart-toggle method,
which we will describe in Section 4. When input length is
zero, the prediction accuracy is 50% because the prediction
is between two languages. As input length increases, the
prediction accuracy increases monotonically. For the first
few letters, it is below 80%. The Auto-switch application may
intervene frequently during a single word entry because
its confidence about the user’s input mode may oscillate
between two languages. Frequent switching between two
languages during a single word entry may result in a bad
user experience. This seems to support that the first option
would not be a good idea. To guarantee a stable prediction,
the Auto-switch application needs to wait until at least 9
keystrokes are inputted. Based on this observation, we could
have opted for the second option. However, considering that
the average length of the words used by the prediction algo-
rithm was 7.4 keystrokes, we chose the third option because
the second option may not be very different from the third
option in practice. In addition, the third option would enable
an interface that is more predictable.
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Figure 5: Interaction in Preview: (A) Case where the input
field is empty in the Korean input mode; (B) Case where
some text already exists in the input field in the Korean in-
put mode; (C) Case where the input field is empty in the Eng-
lish input mode; (D) Case where some text already exists in
the input field in the English input mode.

Our choice may be called ‘space-based’ auto-switching,
and this option is in fact chosen by all auto-switching func-
tions or applications available for the Korean-English dual-
language environment. We speculate that their developers
must have undergone the same considerations and simula-
tions as we did.

Preview Method

The user interaction with the computer in the Preview method
is illustrated in Figure 5. On an application switch, the Pre-
view application, which implements the Preview method at
the system level, provides visual feedback about the current
language mode by temporarily inserting characters repre-
senting the current language mode into the current input
field. It inserts ‘en’ to inform the user that the current input

mode is English, or inserts the Korean character, * o > to

inform the user that the current input mode is Korean. When
the user starts to type, the Preview application erases the
visual feedback and inserts the user’s input to the input field.
Figure 5A - D shows the following four cases: the combina-
tions of two input language modes (Korean and English) and
two initial input field states (empty or non-empty).

Considered Visual Feedback Methods. We had considered
three options to provide visual feedback about the current
language mode to the user before we arrived at the final feed-
back design. The first option was to provide visual feedback
by changing the mouse cursor. This option was not chosen
because the mouse cursor is not always in the vicinity of an
input field. The second option was to provide visual feedback
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Enter a word “thsu”
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Figure 6: Interaction in Smart-toggle: (a) Scenario after an
application switch; (b) User is typing; (c) User enters the tog-
gle key.

about the current language input mode by changing the cur-
rent text cursor. This option was not chosen, either, because
it was not easy to change the visual aspect of the text cursor.
The text cursor is not always controlled at the system level
but is often controlled by individual applications.

The third option, which we finally chose, was to provide
visual feedback about the current language input mode by
inserting letters representative of the current language mode
into the current input field. This method was implementable
at the system level for all applications by generating virtual
keyboard events. Additionally, this was effective for both
Windows and Apple operating systems.

A problem with this option is that the characters inserted
for visual feedback may be confused with the text entered
by the user. We sought a method for making the characters
inserted for visual feedback, visually distinct from the text
entered by the user; however, we could not find a solution
that works for all types of text input controls or widgets. 5
of 30 participants who participated in Experiment 3 actu-
ally mentioned this problem. However, we expected that the
participants would be able to adapt to visual feedback and
suffer less from the problem. To verify our expectation, we
analyzed the logged data to count the participants’ attempts
to delete the visual feedback characters. The frequency of
such attempts was approximately 10% initially; however, the
frequency decreased gradually as the participants became
accustomed to the interface. On the last day of the exper-
iment, the frequency dropped to 1%. We will describe this
analysis in more detail in Section 6.

Smart-toggle Method

User interaction with the computer in the Smart-toggle method
is illustrated in Figure 6. On an application switch (step a),
the Smart-toggle application, that implements the Smart-
toggle method at the system level, starts to store the user’s
keystrokes. In step b, the user enters keystrokes, ‘thsu’, and
the input field shows ‘thsu’, which is the English text string
corresponding to the keystrokes because the current input
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mode is English. In step c, the user notices a mode error and
presses the mode toggle key. At this point, the application
needs to predict the user’s intention. The user may want to
recover from a mode error and continue with the new mode,
which is the case in this example, or may simply want to
toggle the input mode from this moment on. The application
computes the likelihood of the two language modes based
on the user input: ‘thsu’. The likelihood of the Korean mode
is higher than that of the English mode in this case, and the
application toggles the current input mode and replaces the
English text string, ‘thsu’, with ‘414’, which is the Korean
text string corresponding to the keystrokes of ‘thsu’. If the
likelihood of the English mode were higher, the application
would toggle the current input mode only without changing
the English text string in the input field to the Korean text
string.

The current Smart-toggle application starts to work on an
application switch and stops when the user input exceeds 11
keystrokes. This design decision was based on an observation
from Experiment 1; the first mode error after an application
switching occurs within 11 keystrokes in 96.2% of the time.
Working only until the first 11 keystrokes, the Smart-toggle
application was expected to deal with most of the mode
errors.

Mode Prediction Algorithm. A user may press the mode tog-
gle key before a complete word is entered, and when the
mode toggle key is pressed, the Smart-toggle application
should make a prediction about the user’s language mode.
Therefore, we could not use the word-wise prediction algo-
rithm used by the Auto-switch application. In fact, in the
Korean-English dual-input environment, no prediction algo-
rithm that works with a partial input is available. Therefore,
we implemented a prediction algorithm that works with a
partial input for ourselves.

This algorithm predicts a language mode based on the
structural features of Korean and English characters and
their dictionaries. In Korean, a character consists of 2 to 5
basic letters (consonants or vowels). For instance, a Korean
character ‘7} consists of two basic letters, ‘=7’ and * }’, and
a Korean character ‘Z} consists of five basic letters * =7, *-7°,
* F, "7, and ‘7. To enter a character ‘7}, the user presses
two keys, ‘7 and ° }’, in the given order. It is important
to note that not every possible sequence of basic letters is
mapped to a valid Korean character. For example, two basic
letters © }° and ‘77’ in the given order are not mapped to
any valid Korean character. In fact, it is very unlikely for a
random sequence of basic letters to be mapped to a valid
Korean character. An algorithm called Korean automata [13]
can determine whether a given sequence of basic letters
represents a valid Korean character or not.
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Entered n 4

Passed m 0 2 3 4

e 607 161 115 11.7

P kK 00 0.0 437 563

Table 3: Probabilities for input text in English or Korean
when four letters have been entered so far and m of those
have passed Korean automata.

Table 3 lists the probabilities of the two language modes
when n keystrokes (basic letters) have been entered so far
and the first m of them have passed a Korean automata. The
probability of the Korean mode (P,) increases as m increases,
whereas the probability of the English mode (P,) decreases
as m increases. These trends are consistent with our reason-
ing. The probability values in the table are determined by
simulation. In the simulation, we counted the length of a
sequence satisfying the automata when a part of a Korean or
an English word was inputted. By repeating this for 336,500
Korean and 302,000 English words, we could build proba-
bility tables for different input lengths (n); Table 3 is one of
them. In this table, the column for m = 1 is missing since
there is no Korean letter consisting of one keystroke (basic
letter). If the length of the inputted text so far (n) is 4, and
if the number of letters that passed the Korean automata
(m) is 3, the probabilities of the English mode (P.) is 11.45
%, whereas the probability of the Korean mode (Py) is 43.69
%. In this case, the probability of the Korean mode is higher;
therefore the Smart-toggle application converts the input so
far to Korean.

Preview & Smart-toggle Method

The Preview & Smart-toggle method is a sequential combi-
nation of the Preview method and the Smart-toggle method.
The Preview & Smart-toggle application, which implements
the Preview & Smart-toggle method, provides visual feed-
back about the current input mode, similar to the Preview
application, and also provides the Smart-toggle feature. The
Preview feature is expected to prevent the user from making
a mode error. Nevertheless, the user may commit a mode
error; in this case, the Smart-toggle feature enables the user
to recover from the error efficiently.

5 EXPERIMENT 2: AUTO-SWITCH
We conducted a week-long field experiment to investigate
the effectiveness of Auto-switch in the real context.

Participants and Procedure

We recruited 30 participants (6 females, mean age: 21.4)
through the process described in Experiment 1. None of
the participants had participated in Experiment 1.
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Figure 7: Trend of the AdoptRate of Auto-switch in Experi-
ment 2. The error bars in the graph indicate standard devia-
tion.

The overall procedure was the same as that of Experi-
ment 1. 11 of 30 participants selected laptop computers,
whereas the others selected desktop computers. Applications
providing their own auto-switching feature were turned off.
We conducted an interview with the participants on the last
day about their experiences with Auto-switch.

Metrics: Adopting Rate and Accuracy

We were interested in how well the auto-switching feature
was accepted and utilized by the participants. Therefore, we
defined a metric called AdoptRate. We assumed that, if a user
entered the space key after entering a word in a wrong mode,
he/she had the intention to adopt the auto-switching feature.
Therefore, we defined AdoptRate as _$; X 100[%], where a
is the number of the mode error cases where a user entered
a space key after entering a word in a wrong mode to let
the Auto-switch application correct the error. Further, b is
the number of the mode error cases where a user deleted
the inputted string before the Auto-switch application had a
chance to correct the mode error.

We were also interested in how well the auto-switching
feature could predict the input mode of the user correctly
in a real-world context. We considered all the cases where
the Auto-switch application predicted a language mode, and
defined Accuracy as % X 100 (%), where a is the number
of cases where the Auto-switch application predicted a lan-
guage mode correctly, and b is the number of cases where
the prediction of the Auto-switch application was incorrect.

Results and Discussion

Figure 7 shows the average AdoptRate of Auto-switch dur-
ing the experiment. The average AdoptRate over the whole
period was 24.8%. To understand the reason for the low Adop-
tRate, we analyzed the keyboard input log of the cases where
a mode error occurred. In 75.2% of the cases, participants
noticed a mode error and started to correct the error before
completing a word and pressing the space key; this means
that Auto-switch did not have a chance to correct the error
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in most cases. Participants could notice and correct a mode
error after typing 2.54 keystrokes on average.

The average Accuracy of Auto-switch over the whole pe-
riod was 94.8%. It is lower than the accuracy that we predicted
based on the dictionaries (98.5%), which was described in
the previous section. We speculate that the difference is due
to proper nouns and neologism, which were not considered
in the dictionary-based accuracy prediction. Although the
actual accuracy of Auto-switch was slightly smaller than
predicted, it is unlikely, that it was the main reason for the
low AdoptRate.

In the post-experiment interview, approximately half of
the participants (17/30) reported that they rarely used the
Auto-switch function owing to the action of Auto-switch,
which occurred after completing a word, which was often
too late. The average length of the words used by the par-
ticipants in this experiment was 7.56 keystrokes, whereas
participants noticed and corrected a mode error after typing
2.54 keystrokes on average. This means that in most cases,
the participants started to correct an error before the Auto-
switch function had a chance to work. We speculate that
such an early awareness of a mode error may be due to the
clear visual differences between the Korean and English char-
acters. This explains why an auto-switching method is not
received well in the Korean-English environment, whereas
it is received well in some of the other dual-language envi-
ronments. We will discuss this interpretation in more detail
in Section 9.

Based on the user comments and the analysis of the AdoptRate,

we concluded that Auto-switch is not effective in dealing
with the mode error problem in the Korean-English dual-
language input environment.

6 EXPERIMENT 3: PREVIEW

We conducted another week-long field experiment to inves-
tigate the effectiveness of Preview in the real context.

Participants and Procedure

We recruited 30 participants (9 females, mean age: 21.0)
through the same process as described in Experiment 1. None
of the participants had participated in Experiments 1 or 2.

The overall procedure of Experiment 3 was the same as
that of Experiment 1. 12 of 30 participants selected laptop
computers, whereas others selected desktop computers. After
the experiment, we computed the MS, ME, and MEF, using
the same definitions used in Experiment 1.

Results and Discussion

Table 4 lists the mean and standard deviations (SD) of MS, ME,
and MEF during Experiment 3. To compare the average MEF
of Experiment 3 with that of Experiment 1, we used Welch’s
t-test because the two participant groups (N = 30 for each
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MS ME MEF (%)

SD Mean SD

Mean SD  Mean

AS 511.3 505 199.8 28.6  39.1 3.1
Others 2689 49.3 1221 308 454 2.6
Total 780.2 51.6 3219 293 413 2.7

Table 4: Mean and standard deviations (SD) of MS, ME, and
MEF in Experiment 3. ‘AS’ and ‘Others’ are the same as in
Experiment 1.

MS ME MEF (%)

Mean SD Mean SD Mean SD

TE 2416 908 922 340 382 3.3
WB 3911 636 1792 31.1 45.8 2.9
SNS 1475 554  50.6 19.1 343 3.0

Table 5: Mean and standard deviations (SD) of MS, ME, and
MEF for the three application groups in Experiment 3.

experiment) were independent and the normality condition
was satisfied (F = 1.1614, p > 0.05). The test results showed
that MEF difference between the two experiments was signif-
icant (T(56) = 43.02, p < 0.001). MEF decreased from 75.1%
(in Experiment 1) to 41.3% (in Experiment 3). The decrease
of MEF is even larger when only the AS case was consid-
ered (from 87.8% to 39.1%). This supports the conclusion that
Preview was effective in reducing input mode errors in the
Korean-English input environment.

Mode Error Reduction for Different Applications. Table 5 shows
MS, ME, and MEF for three application groups in the experi-
ment. To compare the average MEF between Experiments
1 and 3, we used the Welch’s t-test because the two partici-
pant groups (N = 30 for each experiment) were independent
and the normality condition was satisfied as tested by the
Shapiro-Wilk test (F = 1.1614, p > 0.05).

The test results showed that the averages of MEF from
Experiments 1 and 3 were significantly different for the TE
(T(56) = 42.45, p < 0.001), WB (T(56) = 37.54, p < 0.001),
and SNS applications (T(56) = 52.06, p < 0.001). Compared
with the results of Experiment 1, MEF decreased from 73.2%
to 38.2% for the TE applications, from 75.6% to 45.8% for
the WB applications, and from 77.8% to 34.3% for the SNS
applications. The decrease of MEF was highest for the SNS
applications. This agreed with our expectation because the
SNS applications had smallest ToU as shown in Table 2. The
SNS applications are therefore likely to suffer most from a
mode error following an application switch among the three
application groups.
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Figure 8: Frequency of the participants’ attempts to delete
the visual feedback characters throughout Experiment 3.
The error bars in the graph indicate standard deviation.

Adaptation to Visual Feedback. As aforementioned, we were
concerned about the visual feedback method that we used.
Participants were likely to confuse the letters injected for the
visual feedback about the current input mode with inputted
text. To check whether the participants were able to adapt
to the visual feedback, we analyzed logged data and counted
the participants’ attempts to delete the visual feedback char-
acters. Figure 8 shows the frequency of such attempts during
the experiment. On average, the frequency was 5.4%. The
frequency of such attempts was approximately 10% initially;
however, it decreased gradually. On the last day of the ex-
periment, the frequency dropped to 1%. We speculate that
participants could adapt to the visual feedback and were not
disturbed appreciably by the less-than-ideal visual feedback,
at least in the later phase of the experiment.

7 EXPERIMENT 4: SMART-TOGGLE

We conducted another week-long field experiment to inves-
tigate the effects of Smart-toggle in the real context.

Participants and Procedure

We recruited 12 participants (all male, mean age = 24.4)
through the same process as described in Experiment 1. Nine
of them had participated in Experiment 1. They were allowed
to participate because Experiment 1 was not about a new
method, but for observing existing computer usage practices.
None of the 12 participants had participated in Experiments
2 or 3. After Experiments 1, 2, and 3, we realized that the
number of participants could be reduced because the stan-
dard errors of MEF and AdoptRate were sufficiently small
(Experiment 1: mean = 75.1, standard error = 0.8, Experiment
2: mean = 22.6, standard error = 0.4, and Experiment 3: mean
= 41.3, standard error = 0.5). Therefore, we determined to
conduct Experiments 4 and 5 with 12 participants for each.

The overall procedure of Experiment 4 was the same as
that of Experiment 1. Three of 12 participants selected laptop
computers and others selected desktop computers. We de-
fined AdoptRate and Accuracy for the Smart-toggle method
as we did for the Auto-switch method in Experiment 2. Their
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Figure 9: Trend of the AdoptRate of Smart-toggle in Experi-
ment 4. The error bars in the graph indicate standard devia-
tion.
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Figure 10: The proportions of the mode errors corrected
manually or by Smart-toggle for different mode error
lengths (in the number of keystrokes) in Experiment 4.

definitions are the same as before except for the definition
of “adoption”. In the current case, we assumed that a user
had the intention to adopt the Smart-toggle feature if he/she
pressed the mode toggle key after entering some keystrokes
in a wrong mode.

Results and Discussion

Figure 9 shows the average AdoptRate of Smart-toggle dur-
ing the experiment. The average AdoptRate and Accuracy
over the whole period were 71.4% and 93.1%, respectively.
AdoptRate tended to converge after the first 3 days.

One of the participants mentioned that correcting manu-
ally (deleting and retyping text) was more convenient than
using the Smart-toggle function for correcting a short error.
Based on this comment, we analyzed the lengths of mode
errors corrected by the Smart-toggle method and the lengths
of mode errors corrected manually; the results are shown
in Figure 10. For mode errors shorter than 4 keystrokes,
participants used a manual method more often than the
Smart-toggle method. On the other hand, for longer errors,
participants used the Smart-toggle method more often than a
manual method. Particularly, errors longer than 5 keystrokes,
almost always used the Smart-toggle method.

We also analyzed how much typing could be saved by
the participants with Smart-toggle method. Without Smart-
toggle, they must have had to use the backspace key to delete
letters entered in a wrong mode and retype in a correct
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Method Exp MS ME MEF (%)
Mean SD Mean SD  Mean SD
Baseline 757.7 67.5 569.1 51.7 75.1 4.2
Auto-switch 768.5 61.9 4354 48.1 56.7 5.1

Smart-toggle 760.1 529 1911 272 25.1 3.8
Preview & Smart-toggle 7746 610 1106 8.1 14.3 2.1

Table 6: Simulated Mean and standard deviations (SD) of MS,
ME, and MEF values in all Experiments.

1
2
Preview 3 780.2 51.6 3219 293 41.3 2.7
4
5

mode. During the experiment, each participant used Smart-
toggle 551.6 times on average and could save 570.8 backspace
keystrokes and 1655.3 retyping keystrokes on average.

8 EXPERIMENT 5: PREVIEW & SMART-TOGGLE

We conducted another week-long field experiment to investi-
gate the effects of Preview & Smart-toggle in the real-world
context.

Participants and Procedure

We recruited 12 participants (2 females, mean age: 24.6)
through the same process as described in Experiment 1. None
of the participants had participated in Experiments 1, 2, 3,
or 4. The overall procedure was the same as that of Experi-
ment 1. Four of 12 participants selected laptop computers and
the others selected desktop computers. We conducted an in-
terview on the last day about changes in their dual-language
input experiences with Preview & Smart-toggle.

Results and Discussion

The average MEF over the whole period was 43.8%. The aver-
ages of AdoptRate and Accuracy over the whole period were
75.3% and 93.2%, respectively. We observed that AdoptRate
converged after the first four days. On the last day of the ex-
periment, 86.2 % of the mode errors which occurred despite
the Preview method were corrected by Smart-toggle (Adop-
tRate = 86.2 %). 10.03% of the mode errors were corrected
manually before Smart-toggle had a chance to correct them.
Smart-toggle could not work for the remaining mode errors
(3.74 %) because the length of the input was greater than ten.
These results show that Preview and Smart-toggle could
play their respective roles in a complementary manner. User
feedback in the post-experiment interview also confirmed
that the two methods were complementary to each other.

9 DISCUSSION

Because the four methods that we considered in this paper
were based on different strategies, we created and used met-
rics specific to each method. In this way we could show the
benefits of each methods, but it was difficult to compare the
four methods on the same ground. Therefore, we sought a
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way to express the experiment results of the four methods in
terms of the same metrics. In fact, it is possible to represent
the results of all experiments in terms of MS, ME, and MEF.
In Experiment 2, we excluded the mode errors that were
handled by Auto-switch when we count ME. Likewise, in Ex-
periment 4, we excluded the mode errors that were handled
by Smart-toggle when we count ME. In Experiment 5, we
excluded the mode errors that slipped past Preview but were
handled by Smart-toggle when we count ME. Table 6 shows
the resulting MS, ME, and MEF in all experiments. Based
on these results, we concluded that Preview & Smart-toggle
is the most effective (Simulated MEF = 14.3%) to deal with
the mode error problem in Korean-English dual-language
environment among the four methods.

This study was conducted in the Korean-English dual-
input environment. The findings of this study may not trans-
late directly to other dual-input environments. In particular,
the relative effectivenesses of the four methods when they
are applied to other dual-language environments may be dif-
ferent from what we observed in this study. The applicability
of the four methods to other environments may primarily
depends on whether the methods are dependent on language
characteristics such as the statistical model of the language
and its alphabet shape. If a method is dependent on language
characteristics, our conclusions about it may not be valid in
other dual-input environments. Answers to the effectiveness
of the four methods in a different dual-input environment
may be possible only by repeating the same experiments in
that environment.

In a real-world text entry situation, users often generate
typo. Because Auto-switch and Smart-toggle predict the cur-
rent input language mode based on user input, the typo can
affect the prediction result of the two methods. Suppose a
user types “thsu” in the English mode when the intended
input was “thsu”. This typo will not affect Smart-toggle be-
cause it does nothing until a user presses the mode toggle
key. In this case, the user does not want to toggle the mode,
and will use backspace keys to correct the typo. In other
words, such a typo will not affect the performance of Smart-
toggle. Suppose the same typo in the case of Auto-switch.
A user will eventually enter a space, and then Auto-switch
will switch the input mode to Korean, which in fact is not
what the user wants. In other words, a typo may sometimes
confuse Auto-switch and degrade its performance. It may be
possible to estimate the size of the negative effect of typos
on the performance of Auto-switch by comparing the lan-
guage corpuses. If typical corrected error rates in the wild
is given as well, it will be possible to predict how much the
performance of Auto-switch will be affected by typos.

In the Preview method, we chose the method of injecting
text characters into an input area to provide the visual feed-
back about the current language mode. This method was
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effective for our study, but had a confusion problem, as we
described earlier, although participants could overcome it
in a few days. One of the possible ways to avoid the confu-
sion problem would have been to inject graphical UNICODE
characters, such as ‘49’ and ‘S, instead of text characters.
Such graphical UNICODE characters are clearly distinct from
text input, and therefore the confusion problem could have
been avoided. This method will be both effective and easy to
implement in most GUI systems.

10  CONCLUSION

In this study, we observed that a majority (78.3%) of the mode
errors occurred immediately after an application switch. We
considered four methods to help users deal with mode errors
that follow an application switch. Through a series of field
studies in the Korean-English dual-input environment, we
observed that Auto-switch was not accepted well, Preview
could reduce the mode errors significantly (from 75.1% to
41.3%), and Smart-toggle was adopted well by users (71.4%
of the time). We also observed that Preview & Smart-toggle
was an effective complementary combination of Preview and
Smart-toggle. We conclude that Preview & Smart-toggle is
the best among the four methods for preventing mode errors
for the Korean-English dual-input environment.
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