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Abstract: Many older adults are interested in smartphones. However, most of them encounter difficulties in self-
instruction and need support. Text entry, which is essential for various applications, is one of the most difficult oper-
ations to master. In this paper, we propose Typing Tutor, an individualized tutoring system for text entry that detects
input stumbles using a statistical approach and provides instructions. By conducting two user studies, we clarify the
common difficulties that novice older adults experience and how skill level is related to input stumbles with a 12-key
layout for Japanese. Based on the study, we develop Typing Tutor to support learning how to enter text on a smart-
phone. A two-week evaluation experiment with novice older adults (65+) showed that Typing Tutor was effective in
improving their text entry proficiency, especially in the initial stage of use. In addition, we demonstrate the applicability
of Typing Tutor to other keyboards and languages with the QWERTY layout for Japanese and English.
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1. Introduction

Smartphones offer new opportunities to improve the lives of
older adults [1]. Although these individuals would like to learn
about smartphones [2], those who have never used one may face
difficulties because of their lack of experience. Some older adults
give up using a smartphone and go back to using their old feature
phone. Therefore, providing support in the initial stage is very
important. To make full use of the functions of a smartphone,
it is essential to master text entry on a touch screen. However,
text entry is one of the operations that novice older adults find
most difficult because considerable background is needed, such
as knowing how each key corresponds to a character and how to
select a suggestion. In addition, touch interfaces lack both the
mechanical stability and tactile feedback of a keyboard, making
it harder to accurately select targets [3].

Many researchers have tackled the issues associated with mak-
ing text entry easier using a number of approaches, e.g. changing
the layout, adjusting the key target areas, and presenting appropri-
ate suggestions [4], [5], [6]. These aids are effective for users who
are accustomed to smartphone operation. However, in addition to
the problems mentioned above, smartphone novices, especially
older adults, tend to have cognitive problems, such as forgetting
and losing how/what to type next [7]. They therefore need patient
support during the initial stages of use. According to a study [1],
older adults tend to prefer an instruction manual to trial-and-error.
An ideal approach is for a system to provide appropriate instruc-
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tions that can be adapted to the individual user when the user has
trouble during the learning process.

Accordingly, we have designed Typing Tutor, a tutoring system
that automatically detects input stumbles and provides instruc-
tions that help users resolve input stumbles independently [8], [9].
We define the word “input stumble” as an occasion when a user
makes a mistake or does not know how/what to type next. Be-
cause most older adults in developed countries own a mobile
phone, the targeted user group is older adults who have never
used a smartphone but have owned a feature phone.

In previous studies [8], we constructed an assistive typing ap-
plication, which detects input stumbles and provides instructions
on the typing of presented sentences. In this study, we clarified
the common difficulties that novice older adults encounter in free
text entry, and analyzed the relationship between the input stum-
bles and the user’s skill. In addition, we developed an individ-
ualized tutoring system which detected input stumbles using a
statistical approach with a 12-key layout keyboard for Japanese.
Moreover, we demonstrate the applicability of the input stumble
detection method to other keyboards and languages with a QW-
ERTY layout for Japanese and English.

In this paper, we present the five steps to construct Typing Tu-
tor. First, we describe a user study to clarify the problems older
adults encountered in text entry. Second, we design the structure
of Typing Tutor on the basis of the previous user study. Then, we
improve Typing Tutor through two trials. Subsequently, we eval-
uate the performance of Typing Tutor in a two-week experiment.
Finally, we describe the evaluation experiment of a statistical in-
put detection method in order to demonstrate the applicability of
the method to other keyboards and languages with a QWERTY
layout for Japanese and English.
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2. Related Work

2.1 Interface Design for Older Adults
Many studies have attributed older adults’ difficulties in learn-

ing to use technology to a number of user characteristics, such as
a decline in perceptual performance and a lack of experience in
the relevant technology. Rama et al. [10] noted that older adults
have difficulty learning current user interfaces because they gen-
erally have less experience with current devices than younger
adults, and need to learn different types of user interfaces from
former technologies. In addition, user interfaces often have but-
tons that perform different context-dependent tasks. To resolve
such problems, Fisk et al. [11] provided a guideline for older
adults. The guideline emphasizes interface changes that respond
to age-related changes in perception and cognition: larger dis-
plays, fonts, and buttons, and accessibility improvements in spe-
cific contexts. With respect to the touch interface, Jin et al. [12]
have investigated optimal target size, spacing, and position to de-
rive recommendations and general guidelines for older adults.
While these guidelines are very useful, needs can differ among
individuals [13]. To respond to the various needs of older adults,
researchers have considered adaptive solutions based on user pro-
files such as behaviors [14], knowledge [15], and skills [16].

2.2 Text Entry for Older Adults
Some studies proposed methods for transforming detection ar-

eas based on language models and users’ touch distribution [5],
[6]. Rodrigues et al. [6] analyzed the influence of the typing
behavior of older adults by varying the keyboard, including the
color and the width of keys. Gunawardana et al. [5] proposed
methods for varying the detection areas based on the typing
history in the language model. As a different approach, Bi et
al. [4] optimized an algorithm for presenting suitable sugges-
tions to make correction and completion easier. However, Kurni-
awan [17] reported that older adults usually dislike text-prediction
features. Therefore, Komninos et al. [18] proposed a keyboard
that makes users aware of any errors through highlighting text.

On the other hand, various typing apps have been proposed in
the smartphone market. In most typing apps, users are prompted
with a text showing what they are required to type. When users
mistype a character, they are notified through auditory and vi-
sual feedback, such as beeps and underlines. This is effective
for highly motivated users with a certain degree of knowledge
and skill. However, a report [1] indicates that older adults tend to
prefer an instruction manual to trial-and-error. Nicolau et al. [7]
reported detailed analyses on how older adults learn text entry,
and found their most common errors were due to cognitive prob-
lems in the initial stage. We focused on supports for cognitive
problems rather than physical aspects such as mistyping.

2.3 Tutoring System for Older Adults
A wealth of research has largely focused on designing bet-

ter instructional resources to assist older adults when learning
how to use desktop computers. For example, Hickman et al. [19]
have studied the type of guidance most suitable for older adults.
Morrell et al. [20] have studied what the optimal amount of guid-

ance is. Rogers et al. [21] investigated the kind of resources
most useful in the learning process, and found that step-by-
step interactive tutorials were the most effective approach in the
learning process for older adults. With respect to using smart-
phones, Leung et al. [1] surveyed and investigated how older
adults learned. According to their report, older adults tend to pre-
fer an instruction manual to trial-and-error. Kelleher et al. [22]
proposed stencil-based tutorials that overlay step-by-step instruc-
tions on the screen. Kristensson et al. [23] hypothesized that a tu-
toring system may reduce the time and effort when learning a new
type of text entry method and proposed five design dimensions:
automaticity, error correction, coverage, feedback, and engage-
ment. However, practical tutoring systems for text entry have not
been developed and the effectiveness of the tutoring system has
not been verified.

Therefore, we considered that providing instructions for the
next operation is an effective way for novice older adults to learn
text entry on a smartphone.

3. User Study to Clarify How Novice Older
Adults Make Input Stumbles

This user study has two purposes. One is to clarify how novice
older adults make input stumbles in a smartphone text entry, and
analyze the relationship between the input stumbles and the user’s
skill. Second is to discover and evaluate the necessity of support
functions which should be implemented in our proposed system.

3.1 Participants
Thirty-five participants took part in this experiment. Five were

colleagues who had advanced IT skills, four males and one fe-
male, ranging in age from 29 to 48 years with a mean age of 36.6
(sd = 6.6). The other thirty were older adults who were recruited
from a local social institution. There were fifteen males and fif-
teen females, ranging in age from 60 to 83 years with a mean age
of 72.1 (sd = 8.2). None of them had any previous experience of
using a smartphone, but had owned a feature phone for more than
one year, i.e. one with a physical keyboard with a 12-key layout.
They were familiar with this kind of keyboard because the same
layout has been used in feature phones for a long time. Twenty-
six of them had often communicated via e-mail, while the others
had seldom done so, using the phone only for making phone calls.
Twenty-eight had previously entered text with PCs. Ten had used
their own PC routinely. None of them had a tremor disorder, eye
problems or other relevant health problems.

3.2 Apparatus
The software keyboard of the smartphone had a 12-key multi-

tap layout as shown in Fig. 1. The smartphone recorded all touch
events in an input log using the standard Android API, plus all
linguistic information, e.g., typed keys, displayed characters, and
suggestions. All participant operations were recorded by an over-
head video camera and were displayed on a monitor that a human
tutor observed.

All colleagues and the fifteen older adult participants used a
Samsung Galaxy S3 running Android 4.1.2 with a 4.8-inch screen
having a resolution of 1,280 × 720 pixels (306 ppi). The other
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Fig. 1 Key layout of 12-key.

Table 1 Japanese syllabic alphabet represented by Roman alphabet.

A I U E O
a (あ) i (い) u (う) e (え) o (お)

K ka (か) ki (き) ku (く) ke (け) ko (こ)
S sa (さ) si (し) su (す) se (せ) so (そ)
.
.
.

.

.

.
W wa (わ) - - - wo (を)

fifteen used an Asus ZenFone5 whose size and weight are simi-
lar to that of a Galaxy S3, running Android 4.4 with a 5.0-inch
screen having a resolution of 1,280 × 720 pixels (294 ppi). The
difference in the two conditions was due to a delay in the study.
However, we assumed there would be little influence on the result
because we did not focus on physical factors such as mistypes but
on cognitive factors such as the input stumble in a text entry.

Next, we describe the characteristics of the keyboard with a 12-
key layout. The keyboard has several points in common with the
QWERTY layout, such as function keys (arrow, switching key-
board, and case conversion) and a suggestion list. A character
string being edited is not finalized until either a suggestion is se-
lected or an enter key is pressed. A point of difference is that the
characters are input by the combination of a key and a number be-
ing pressed. For example, the letter “c” is input by typing the “a”
key three times. Therefore, when typing two consecutive charac-
ters allocated to the same key, the first character must be fixed by
pressing the right arrow key before typing the second character.

Next, we describe the characteristics of the Japanese input.
Kana characters, which comprise Japanese phonetics, are com-
binations of a consonant and a vowel as shown in Table 1. In this
keyboard, a key corresponds to a consonant, and the number of
presses corresponds to a vowel. For some characters, the diacritic
key needs to be used after inputting kana. For example, the kana
of “gu (ぐ)” is input by pressing a diacritic key after the kana for
“ku (く).” Although the suggestion list usually shows the auto-
complete list predicted by a typed string, the kanji list is shown
after typing the kana-kanji convert key.

3.3 Procedure
First, the participants were given explanations and examples of

how to operate a smartphone, including touch and swipe oper-
ations, by a human tutor. Next, they were instructed on how to
use the software keyboard, including the correspondence between
each key and a character, and how to select suggestions.

Then, they typed ten sentences in Japanese using an e-mail ap-
plication. Participants created the sentences as a response to given
sentences, such as “You expect to be ten minutes late for a meet-
ing with a friend. Please create a sentence to let him know.” They

operated the smartphone while holding it in their hand and sitting
on a chair. Participants were instructed to type by themselves if
at all possible, with no help from the human tutor who sat next to
them. However, they were permitted to ask the human tutor only
when they lacked the confidence on what to do next. The exper-
imental period was limited to 60 minutes. After the experiment,
they took part in an interview.

3.4 Annotation
First, three annotators independently extracted the pattern of

input stumbles from the logs and the videos of the study, and
based on the discussion classified the input stumbles into 30
classes. The 30 classes of input stumbles were grouped into 10
categories based on similarities. Table 2 shows the list of clas-
sified input stumbles along with the categories. Next, the three
annotators labeled input stumbles and possible stumble opportu-
nities according to the logs of each input. The possible stumble
opportunity was labeled when an annotator judged that an input
stumble is likely to occur based on the time series information be-
fore an input, such as the unfixed string and the elapsed time from
the previous input. We adopted the labels applied by at least two
annotators. The concordance rate using Fleiss’ kappa [24] was
0.44. The reason for the low kappa value was that occasionally
there were conflicts in determining when an input stumble started
even if annotators labeled the same input stumble as belonging to
the same operation. The kappa value of seven classes (4-1), (4-2),
(5-1), (6-1), (6-2), (6-3), and (10-4) was under 0.20. The kappa
value without the seven classes was 0.68.

At the same time, the logs for each sentence were also labeled
according to five skill levels. To determine the criteria, the anno-
tators watched a video in which two sentences were being typed
and defined the skill level as being from one to five. A sentence
of skill level one was typed at an average rate of 4.1 characters
per minute (CPM) [25]. On the other hand, that of skill level five
was typed at an average rate of around 20.3 CPM, which is com-
parable to the rate for an average smartphone user with this kind
of keyboard. A sentence of skill level two-four was defined be-
tween one and five subjectively. The average rate of typing speed
was 7.9 CPM for skill level two, 11.8 CPM for skill level three,
and 16.4 CPM for skill level four. After watching the video, the
annotators placed the sentences into one of five skill levels subjec-
tively from the standpoints of the typing speed, the typing errors
and the number of input stumbles. We adopted the labels applied
by at least two annotators. The concordance rate by Fleiss’ kappa
was 0.72.

3.5 Results of the User Study
All colleagues and the twenty-eight older adults completed the

task. The average completion time for colleagues and the older
adults was 12.4 minutes (sd = 6.0) and 32.4 minutes (sd = 10.9),
respectively. The other two participants did not complete the task
within 60 minutes. These were the two who had had no previous
experience in entering text with their own feature phones.

Table 3 shows the distribution of labeled skill levels for the
initial and the final sentences of the participants. Most of the
sentences are below level three, whereas the final sentences of
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Table 2 Input stumble categories; the asterisk mark (∗) shows the particular input stumble in Japanese.

Input stumble category Input stumble class
(1) Typing characters allocated to the same key consecutively (1-1) Typing characters allocated to the same key consecutively

(2) Selecting a suggestion

(2-1) Not selecting despite display the desired word
(2-2) Not displaying the desired word due to a long input
(2-3) Not displaying the desired word because there are too many suggestions
(2-4) Not knowing how to manipulate the suggestion list to find the desired word
(2-5) Not knowing how to select a word in the suggestion list in kana-kanji convert mode∗
(2-6) Not displaying the desired word due to a long input in kana-kanji convert mode∗
(2-7) Not displaying the desired word because there were too many suggestions∗
(2-8) Not knowing how to switch the modes∗

(3) Enter Key
(3-1) Fixing the sentence
(3-2) Linefeed

(4) Deleting character
(4-1) Deleting the last character
(4-2) Deleting the character before several characters

(5) Switching keyboard modes
(5-1) Switching the keyboard from kana mode to alphabetic or numeric mode
(5-2) Switching the keyboard from alphabetic or numeric mode to kana mode

(6) Moving cursor
(6-1) Moving cursor to the previous position
(6-2) Moving cursor to the end of sentence
(6-3) Moving cursor in order to change target of kana-kanji conversion∗

(7) Entering a diacritic
(7-1) Not knowing how to select the diacritic
(7-2) Selecting the symbol key by mistake
(7-3) Selecting the case conversion by mistake

(8) Case conversion
(8-1) Case conversion of alphabetic character
(8-2) Case conversion of kana character∗

(9) Entering a symbol
(9-1) Not knowing how to select a period or exclamation mark
(9-2) Not knowing how to select a question mark
(9-3) Selecting the diacritic key by mistake

(10) Other

(10-1) Touching multiple keys simultaneously
(10-2) Failure of key response due to short-duration touch
(10-3) Over toggling
(10-4) Not knowing how to type emoji (pictorial symbols)

Table 3 The distribution of labeled skill levels for the initial and final sen-
tences of the participants.

Skill level 1 2 3 4 5
Initial sentence 8 11 9 3 4
Final sentence 7 8 11 6 6

All sentence 56 96 93 43 47

Fig. 2 The relationship between the input stumble ratio (ISR) and the input
stumble category for each skill level.

all colleagues are at level five. Comparing the skill level for the
initial sentences with that for the final sentences, the skill level
generally improved. Figure 2 shows the relationship between the
input stumble ratio (ISR) and the input stumble category for each
skill level. The ISR was defined as the percentage of the number
of input stumbles in the total of possible stumble opportunities
for each category. The category “(10) Other” was excluded be-
cause it was difficult to define the possible stumble opportunity

uniquely. The overall average of ISR, which is the percentage of
the number of input stumbles in the total of possible stumble op-
portunities of all categories, was 8.3%. A Mann-Whitney U-test
(α = 0.05) did not show a significant difference between the two
different smartphones.

We confirmed that higher-skills had lower ISRs. The category
with the highest ISR was “(1) Typing characters allocated to the
same key consecutively.” This means that when typing two char-
acters allocated to the same key consecutively, the first character
must be fixed by pressing the right arrow key before typing the
second character. This operation is confusing because no char-
acter or string changes when this key is pressed. And it wasn’t
until the human tutor had repeated instructions several times that
many participants realized that they needed to press this key. The
category with the second highest ISR was “(2) Selecting a sug-
gestion.” This category includes eight classes. These operations
need deep knowledge, especially in Japanese because the sug-
gestion list contains the results of auto-complete and kana-kanji
conversion. Therefore, this category had the highest ratio among
sentences whose skill level was four or five. Many participants
found it difficult to judge the timing for selecting the desired sug-
gestion. The ISR of “(3) Enter key” was higher than that of the
overall average. The enter key has two functions allocated to it,
(3-1) fixing the sentence and (3-2) linefeed. Some participants
did not understand the difference so they became confused. On
the other hand, the ISR of other operations were lower than that
of the overall average because participants had only to check the
last character entered and the method of the next operation. Once
they had received instructions, most of them were able to carry
out these operations.

c© 2018 Information Processing Society of Japan 365



Journal of Information Processing Vol.26 362–374 (Apr. 2018)

These results were also supported by comments of the inter-
view after the tasks were completed.

“The tutor’s instructions were helpful. But I sometimes

couldn’t understand why I should do something. If I’m not given

the reasons, I will encounter the same problems again.”

“We [older adults] can use a smartphone if we get used to it.

But it will be tough to keep using it without any support if we only

receive instructions from the tutor on one occasion.”

In the experiment, we extracted two things that need to be in-
corporated into the instructions provided through the tutoring sys-
tem: One is that older adults need instructions to be repeated for
more complex operations. The other is that they not only need in-
structions on how/what to type next but also the reasons and tips
on how to perform these operations.

4. System Design of Typing Tutor

In this section, we describe the system design of Typing Tutor
based on the previous user study.

4.1 System Design
In the previous user study, we confirmed that the tendencies of

an input stumble were quite different according to the skill level.
In addition, we confirmed that older adults needed instructions to
be repeated for more complex operations, and not only needed in-
structions on how/what to type next but also the reasons and tips
on the operations. Therefore, we designed Typing Tutor based
on the following principles: The instructions should be provided
based on the skill level and whether the user has previously suc-
ceeded or not. Typing Tutor should provide not only instructions
on how/what to type next but also provide the reasons and tips on
how to perform difficult operations.

Following these principles, we designed Typing Tutor having
four functions, as shown in Fig. 3: (i) skill classification, (ii) in-
put stumble detection, (iii) success detection and (iv) instruction
control. First, Typing Tutor monitors the input data, such as the
keys typed and suggestions. Then, the function of skill classifi-
cation identifies the skill level. At the same time, the functions
of input stumble detection and success detection work in concert.
These functions detect whether the operation was a stumble or
successful. Lastly, the function of instruction control determines
whether the instruction should be provided or not, based on infor-
mation collected through the other three functions. Specifically,
Typing Tutor provides instructions even for easy operations when
the skill level is low. In addition, no instructions are provided for
easy operations that the user has already succeeded in doing with-
out any instruction. This makes it possible to provide only those
instructions that are needed by the individual user. We describe
the details of each function in this section.

Fig. 3 Block diagram of Typing Tutor.

4.2 Skill Classification
The skill classification model was constructed based on the

data identifying the five skill levels. We trained a linear support
vector machine (SVM) classifier based on the skill level data. The
models are constructed for the number of touches of 10, 20, 50
and 100 from the beginning of typing. The features for the skill
classification are nine dimensions as follows: the average and
standard deviation of pressing time, those of the time required
to type the same/different key, the number of input characters, the
number of suggestions used, and the number of times the delete
key was used. The cross-validation (CV) for evaluation was con-
ducted 35-fold for each user. As shown by the accuracy rate in
Table 4, we confirmed that the greater the number of touches, the
higher the accuracy rate. The accuracy rate of the 10-touch model
was 88.7%. Accuracy within ±1 skill level is greater than 95%,
even for the 10-touch model.

4.3 Input Stumble Detection
We implemented statistical models for input stumble detection

in Fig. 3 (ii). To select an appropriate learning machine, we com-
pared the performances of four methods, two kinds of SVM [26]
(linear, RBF), a logistic regression and a C4.5 [27]. The num-
ber of covered stumble classes was 23 after excluding 7 classes
for which the kappa value was under 0.2 in the annotation as de-
scribed in the previous section. Each model was trained by us-
ing the data labeled into 24 classes: the 23 stumble classes and
no input stumble. Eighty-two features were obtained on the ba-
sis of the input sequence which includes unfixed string, fixed
string, typing histories, and suggestions. Features for adopting
two SVMs and a logistic regression were selected by L1 regular-
ization [26]. Those for a C4.5 were selected by stepwise back-
ward selection of each participant 35-fold cross validation (CV).
Each method was evaluated by the F-measure from the 35-fold
CV. The F-measure was 0.67 with linear-SVM, 0.70 with RBF-
SVM, 0.68 with logistic regression and 0.66 with C4.5. Anova
(α = 0.05) showed no significant differences among these mod-
els, so we adopted RBF-SVM hereinafter, with the highest accu-
racy rate. The effective features adopted by RBF-SVM are shown
in Table 5.

Table 4 Accuracy of skill classification.

Number of touches Accuracy rate Accuracy within ±1

10 81.7 96.3
20 82.1 97.5
50 84.4 98.4
100 88.4 98.4

Table 5 Ten effective features to classify input stumbles with RBF-SVM.

ID The feature

1 The time interval between touches
2 The difference from the average in the time interval
3 The touch holding time
4 The type of current keyboard
5 The number of simultaneous touches
6 The type of typed key
7 The number of consecutive touches of the same key
8 Whether the final character can take diacritic
9 The type of morpheme of the last word

10 The number of words in an unfixed string
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Fig. 4 Relationship between F-measure of RBF-SVM and the number of
training data.

Fig. 5 Flowchart for instruction control.

Figure 4 shows the relationship between the training data per
participant and the F-measure. The performance of the model
trained from the data of N persons was evaluated by the follow-
ing procedure. First, the model was trained using the data of N
persons, then the F-measure was calculated using the data of the
remaining 35-N persons. Next, N variable selection was random-
ized and calculations were repeated a fewer number of times: all
possible combinations of N or 5,000 times. The F-measure of the
model trained from the data of N persons was defined as the aver-
age value. In Fig. 4, the F-measure increases as N increases. The
F-measure exceeds 50% with the training data of 10 persons and
becomes saturated with the training data of 20 persons.

4.4 Success Detection
This function detected successful operations after their com-

pletion, unlike input stumble detection. This after-the-fact char-
acteristic made detection easier. However, a premature evaluation
can lead to errors, so successful operations were registered only
if the operation was not canceled before the input of the next two
characters.

4.5 Instruction Control
This function determines whether an instruction on how to cor-

rect a detected input stumble is provided or not. The flowchart is
shown in Fig. 5. Even if an input stumble is detected, no instruc-
tion is provided when the relevant ISR in Fig. 2 is under 5% for
the user’s skill level or when the success of the operation without
any instruction was detected in the past. Otherwise, the instruc-
tion is provided. The instruction corresponding to each type of
input stumble was prepared manually, based on the effective ad-
vice observed by human tutors in previous studies. Specifically,
Typing Tutor provides only operating instructions for categories
(4)-(10), but provides both instructions on the reason behind them
and the tips for categories (1)-(3). Both text instruction and voice

Fig. 6 Screen shot showing instruction provision.

instruction are provided, plus overlaid key highlighting, the visi-
bility of which was improved as shown in Fig. 6.

5. Experiment to Improve Typing Tutor

In this section, we describe the preliminary experiment of two
trials designed to improve Typing Tutor.

5.1 Description of the Two Trials
5.1.1 Participants

In the first trial, six participants, three males and three females
between the ages of 65 and 72 years with a mean age of 68.2
(sd = 2.9), took part. The second trial involved the same number
of males and females between the ages of 66 and 74 years with
a mean age of 69.4 (sd = 3.2). They were not participants in the
other preliminary experiments, and were recruited from a local
social institution. None of them had previous experience with a
smartphone, but had owned a feature phone for more than one
year. They had had previous experience in entering text using a
feature phone. Four participants in each trial had used a PC to
create documents when employed. Two in the first trial and three
in the second trial had routinely used their own PCs. None had a
tremor disorder, eye problems or other relevant health problems.
5.1.2 Procedure and Apparatus

The procedure and apparatus were the same in both trials. The
tutorial in which the participants were shown how to use a smart-
phone and a keyboard was the same as that in the previous exper-
iment. After the tutorial, they typed ten sentences as responses to
given sentences, using an e-mail application. Participants in the
first trial used Typing Tutor, which was described in the previous
section. Participants in the second trial used Typing Tutor which
was improved after the first trial. All of them made ten sentences
as responses to given sentences related to personal conversations,
just as in the previous user studies. The experiment period was
limited to 60 minutes, with a one-minute rest after each sentence.
After the experiment, they filled out a Likert-scale questionnaire
and took part in an interview. An Asus ZenFone5 was used in
both trials.

5.2 Results of the First Trial
All participants completed the task. The solid bars in Fig. 7

show the results of the questionnaires administered in the first
trial. There was a positive response to the item “Instruction is
useful to improve my skill.” The instruction method was also
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Fig. 7 Questionnaire responses regarding the two trials.

rated positively, with voice instruction the most favored. These
results show that Typing Tutor was well accepted. The interviews
yielded some important feedback:

“I am not confident that I can repeat an operation that I did

today. I would like to receive instructions again.”

“I felt some instructions were annoying because I could under-

stand where to type next, needing only the key highlight.”

These interviews indicated a need for two improvements: One
is to repeat instructions sometimes even though participants have
already succeeded in performing an operation. Another is to im-
prove the handling of instructions for easy operations, which can
be understood simply from the position and the label.

5.3 Improvement of Typing Tutor
The two points above, which were deemed to require improve-

ment based on the first trial, were dealt with as follows.
5.3.1 Consideration of Forgetting

Typing Tutor in the first trial did not provide further instruc-
tions after the participant had succeeded once. To allow the sys-
tem to forget some successes, we use forgetting curves. This
memory retention problem has been examined in many stud-
ies [28], [29], [30]. According to the review in Ref. [28], the ma-
jor mathematical models can be classified into three categories:
log-linear model, exponential model, and hyperbolic model. We
used the exponential model in Ref. [30] as follows:

f = exp
(
−bi

√
t
)

(1)

Here f is the retention rate, t is the elapsed time since the last
operation, i is the number of times the operation is executed and
bi is the coefficient difference based on i. In the system, the reten-
tion rates of each operation are computed, and when the retention
rate falls below 50%, the instructions are provided again.
5.3.2 Improvement of Instructions for Easy Operations

Typing Tutor in the first trial provided instructions in a sim-
ilar way regardless of the degree of difficulty of the operation.
Therefore, the operations were divided into two difficulty lev-
els by three annotators. The criterion was whether the operation
could be understood simply from an indication of the key posi-
tion and a word. The input stumbles made when executing the
easy operations are the stumble classes (4-1,2), (5-1,2), (7-1,2),
(8-1,2) and (9-1,2,3) as shown in Table 2. The instruction for the
operations was improved by providing the key highlight and text
above the key highlight, as shown in Fig. 8.

Fig. 8 Screenshot of instruction for easy operations after improvement.

Fig. 9 Flowchart for instruction control improved after the first trial.

5.3.3 Modification of Instruction Control
To take the two improvements into consideration, the func-

tion of the instruction control was modified. Figure 9 shows the
flowchart of the instruction control. Even if an input stumble is
detected, the instruction is provided only when the relevant ISR
in Fig. 2 is not under 5% for the user’s skill level and when the re-
tention rate of the operation falls below 50%. Moreover, the way
of instruction varies depending on the difficulty of the operation.

5.4 Results of the Second Trial
All participants completed the task. The hatched bars in Fig. 7

show the results of the subjective questionnaires administered in
the second trial. Compared to the results of the first trial, there ap-
peared to be an improvement for the items “Key highlight is easy
to understand” and “Instruction is annoying,” although a Mann-
Whitney U test (α = 0.05) did not show a significant difference.
The half of the participants responded negatively to the voice in-
struction:

“The voice instruction was easy to understand. But I wouldn’t

like to use it outside because it embarrasses me.”

Therefore, Typing Tutor was altered to allow the choice of us-
ing voice instruction or not.

6. Two-week Evaluation Experiment

We developed Typing Tutor, a tutoring system that detects 23
stumbles and provides instructions in two ways according to the
difficulty of the operation. Finally, we assessed the performance
by means of a two-week evaluation experiment. In this experi-
ment, the participants would chat for one hour with an operator
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Table 6 The distributions of classified skill levels on the first day and the
final day for each group.

Skill level 1 2 3 4 5 Average skill level

Group A
First day 1 6 2 1 0 2.3
Final day 0 1 3 4 2 3.7

Group B
First day 1 4 3 2 0 2.6
Final day 0 1 4 2 3 3.7

using the smartphone’s chat application.

6.1 Descriptions of the Evaluation Experiment
6.1.1 Participants

Twenty participants, eleven males and nine females between
the ages of 65 and 74 years with a mean age of 68.4 (sd = 4.6)
who did not participate in the other experiments took part in this
experiment. They were recruited from a local social institution.
Ten of the participants were provided instructions by Typing Tu-
tor, the input detection model of which was trained by RBF-SVM
with the data of 35 participants (group A). The other ten partic-
ipants were not provided instructions. However, the participants
of group B were permitted to ask for advice on how to operate
the smartphones through a chat application, but only if necessary.
None of them had previous experience with a smartphone, but all
had owned a feature phone for more than one year. All of them
had entered text using a feature phone before and had often com-
municated via e-mail. Seven in group A and seven in group B
had routinely used their own PCs. None of them had a tremor
disorder, eye problems or other relevant health problems.
6.1.2 Procedure and Apparatus

First, the participants were given explanations and examples of
how to operate a smartphone and how to use the software key-
board, just as in previous experiments. After that, they were
taught how to use the chat application, “Hangout,” which is the
default chat application for Android. They kept the smartphone
for two weeks (twelve days from Monday to the second Friday)
and had a chat with an operator for one hour every day except Sat-
urday and Sunday. The chat topics were not limited and included
such subjects as hobbies, their work, and daily events. After two
weeks, we held interviews. An Asus ZenFone5 was used in the
experiment.

6.2 Experimental Results
All participants sent more than six messages each day. The

daily average number of messages and the average length of a
message are 8.5 (sd = 1.7) and 43.2 characters (sd = 12.3) for
group A, and 8.4 (sd = 1.5) and 42.2 characters (sd = 11.0) for
group B. We evaluated the performance by four metrics: the skill
level, the number of input stumbles, the typing speed and the typ-
ing accuracy. Each metric was tested by a Mann-Whitney U-test
(α = 0.05) each day.
6.2.1 Classified Skill Level

Table 6 shows the distributions of the classified skill level on
the first day and the final day for each group. On the first day, the
skill levels were almost the same. On the final day, the skill level
of group B was higher than that of group A. However, a U-test
did not show a significant difference between the two groups.

Fig. 10 User progress in the number of input stumbles for each group; ver-
tical bars show standard errors.

Fig. 11 User progress in the typing speed for each group; vertical bars show
standard errors.

6.2.2 Number of Input Stumbles
Figure 10 shows the number of input stumbles in both groups.

At the beginning of use, the number of input stumbles was al-
most the same in all groups. After the second day, there were
fewer stumbles in group A than in group B. A U-test showed
a significant difference from the third day to the tenth day. The
number of input stumbles on the eighth day was higher than on
the fifth day because the participants had not used their phones
on the previous two days.
6.2.3 Typing Speed

We compared the typing speed in characters per minute
(CPM) [25] excluding the time used for instructions. Figure 11
shows the CPM of both groups over two weeks. The CPMs of
both groups were almost the same on the first day. After that, the
CPM of group A increased dramatically. In contrast, that of group
B did not increase monotonically. This difference was maintained
up until the final day. A U-test showed a significant difference ex-
cept for the first day, the second day, and the fifth day.

Figure 12 shows the time taken by both groups to input char-
acter keys and non-character keys. The non-character keys refer
to the function keys as shown in Fig. 1 and the suggestion list,
which require a longer decision time to select than the character
keys. The time taken by the two groups to input character keys
decreases gradually from about 1,500 ms to 1,000 ms in a sim-
ilar manner. However, the time taken by group A to input the
non-character keys decreased markedly compared with group B,
although times on the first day and the final day were almost iden-
tical in both groups. A U-test showed that a significant difference
existed for each day from the third day to the eighth day.
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Fig. 12 Time taken to type character keys and non character keys for each
group.

Fig. 13 User progress in total error rate for each group; vertical bars show
standard errors.

6.2.4 Typing Accuracy
We compared typing accuracy in terms of total error rate

(TER) [25]. Although TER is the metric for typing presented
sentences including error correction, sent sentences were used as
presented sentences. The difference between the two groups was
negligible as shown in Fig. 13. A U-test did not show a signif-
icant difference between the two groups. The metric is affected
by a number of physical factors such as mistyping rather than by
cognitive factors. Therefore, this metric is outside the scope of
the evaluation of Typing Tutor.

7. Applicability to Other Keyboards and Lan-
guages

In the previous section, we confirmed the effectiveness of Typ-
ing Tutor. However, the applicability to other keyboards and lan-
guages was not taken into consideration. The skill classification
is not heavily dependent on keyboards and languages because the
features are not language dependent. On the other hand, input
stumble detection is influenced by keyboards and languages be-
cause some features are language dependent. Therefore, we ex-
amine the applicability of the input stumble detection focusing on
the QWERTY keyboard layout for Japanese and English.

7.1 Participants
Twenty-four participants took part in this experiment. Twelve

of them, six males and six females between the ages of 61 and
77 (mean 68.5, sd = 4.9), typed Japanese with a QWERTY. The
other twelve, six males and six females between the ages of 60
and 73 (mean 65.7, sd = 3.8), typed English with a QWERTY.
They had used English for work such as composing documents

Fig. 14 Key layout of QWERTY.

when they were still employed. All of them were recruited from
a local social institution. None of them had any previous expe-
rience of using a smartphone, but had owned a feature phone for
more than one year. All of them had often communicated via e-
mail with a feature phone and had previously entered text with
PCs. Eight had used their own PC routinely. None of them had a
tremor disorder, eye problems or other relevant health problems.

7.2 Procedure and Apparatus
The experiment was conducted in a similar way to the exper-

iment in Section 3. In brief, first, the participants were given
explanations and examples of how to operate a smartphone and
how to use the software keyboard. Using a smartphone and while
sitting on a chair, they created ten sentences in the form of a re-
sponse to given sentences. They could rest for one minute after
writing each sentence. They were instructed to type by them-
selves if at all possible. An Asus ZenFone5 was used in the exper-
iment. The software keyboard of the smartphone had a QWERTY
layout as shown in Fig. 14.

Japanese characters are typed by combinations of a couple of
Roman alphabet letters as shown in Table 1. English letters are
typed by tap input, which means one touch corresponds to one
letter. The smartphone recorded all touch events using the stan-
dard Android API and all linguistic information. All participant
operations were recorded by an overhead video camera.

7.3 Annotation
All of the older adult participants completed the task. The av-

erage completion time was 28.5 minutes (sd = 8.5) with a QW-
ERTY Japanese keyboard and 40.5 minutes (sd = 15.0) with a
QWERTY English keyboard.

Similar to the experiment in Section 3, three annotators inde-
pendently extracted the pattern of input stumbles from the logs
and the videos of the study. The input stumbles were classified
into 22 classes under 7 categories for the QWERTY Japanese
keyboard and 12 classes under 8 categories for the QWERTY En-
glish keyboard. Tables 7 and 8 show the list of classified input
stumbles along with the categories. Then, the three annotators
labeled input stumbles according to the logs of each input. We
adopted the labels that were applied by at least two annotators.
The concordance rate using Fleiss’ kappa [24] was 0.54 in QW-
ERTY Japanese and 0.42 in QWERTY English. The kappa value
of input stumbles (3) and (4) for both keyboards was under 0.20.
The kappa value without the input stumbles was 0.70 for QW-
ERTY Japanese and 0.63 for QWERTY English.

Focusing on the differences in the keyboards by comparing the
input stumbles for the 12-key layout in Table 2 with the QW-
ERTY in Table 7, there were a lot of common points between the
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Table 7 Input stumble category by QWERTY Japanese; the asterisk mark (∗) shows the particular input
stumble in Japanese.

Input stumble category Input stumble class

(1) Selecting a suggestion

(1-1) Not selecting despite display the desired word
(1-2) Not displaying the desired word due to a long input
(1-3) Not displaying the desired word because there are too many suggestions
(1-4) Not knowing how to manipulate the suggestion list to find the desired word
(1-5) Not knowing how to select a word in the suggestion list in kana-kanji convert mode∗
(1-6) Not displaying the desired word due to a long input in kana-kanji convert mode∗
(1-7) Not displaying the desired word because there were too many suggestions∗
(1-8) Not knowing how to switch the modes∗

(2) Enter Key
(2-1) Fixing the sentence
(2-2) Linefeed

(3) Deleting character
(3-1) Deleting the last character
(3-2) Deleting the character before several characters

(4) Moving cursor
(4-1) Moving cursor to the previous position
(4-2) Moving cursor to the end of sentence
(4-3) Moving cursor in order to change target of kana-kanji conversion∗

(5) Case conversion
(5-1) Case conversion of alphabetic character
(5-2) Case conversion of kana character∗

(6) Entering a symbol
(6-1) Not knowing how to select a period or exclamation mark
(6-2) Not knowing how to select a question mark
(6-3) Selecting the diacritic key by mistake

(7) Other
(7-1) Touching multiple keys simultaneously
(7-2) Failure of key response due to short-duration touch

Table 8 Input stumble category by QWERTY English.

Input stumble category Input stumble class

(1) Selecting a suggestion
(1-1) Not selecting despite display the desired word
(1-2) Not displaying the desired word due to a long input

(2) Enter Key (2-1) Linefeed

(3) Deleting character
(3-1) Deleting the last character
(3-2) Deleting the character before several characters

(4) Moving cursor
(4-1) Moving cursor to the previous position
(4-2) Moving cursor to the end of sentence

(5) Case conversion (5-1) Case conversion of alphabetic character

(6) Entering a symbol (6-1) Not knowing how to select a question mark

(7) Inserting a space (7-1) Not inserting space between words

(8) Other
(8-1) Touching multiple keys simultaneously
(8-2) Failure of key response due to short-duration touch

two keyboards. This was because the basic concept of operation
was similar due to the same language. The number of stumble
classes for the QWERTY layout was less than that of the 12-key
layout. This was attributed to the fact that it is simpler to exe-
cute operations using the QWERTY layout than it is using the
12-key layout. Next, we focus on the differences in language by
comparing input stumbles in Japanese (Table 7) and English (Ta-
ble 8). Japanese was associated with a number of input stumbles
in terms of selecting suggestions because Japanese needs kana-
kanji conversion. English had the unique stumble of not inserting
a space between words.

7.4 Performance of Input Stumble Detection
A model of input stumble detection for each language was

trained by RBF-SVM. The number of stumbles was 17 for QW-
ERTY Japanese and 8 for QWERTY English, after excluding the
stumbles for which the kappa value was under 0.2 in the anno-
tation. The number of features obtained from input was 79 for
Japanese and 70 for English. The features included unfixed string,
fixed string, typing histories, and suggestions. Next, the features
were reduced to 28 for Japanese and 26 for English by L1 regu-
larization.

Table 9 shows the performance of each model evaluated by

Table 9 Classification performance of input stumble detection.

Keyboard F-measure (Precision)

QWERTY Japanese 0.63 (0.88)
QWERTY English 0.53 (0.80)

(12-key Japanese trained by 11 person in Fig. 4) 0.56 (0.87)

12-CV. The F-measures were 0.63 for QWERTY Japanese and
0.53 for QWERTY English. Comparing the F-measure of these
two keyboards with that of 12-key Japanese trained by 11 persons
in Fig. 4, the F-measure of QWERTY Japanese was significantly
larger than that of 12-key Japanese by an ANOVA with post hoc
Tukey’s test (α = 0.05).

8. Discussion

8.1 Two-week Evaluation
The number of input stumbles in group A decreased more

rapidly than in group B for the first three days as shown in Fig. 10.
In a similar way, the CPM of groups A increased more rapidly as
shown in Fig. 11. However, there were no significant differences
between the two groups in the first two days. This can be at-
tributed to the fact that the participants of both groups were in the
process of learning by trial and error during this time. In contrast,
significant differences were seen from the third day to the final
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day. It is considered that the trial-and-error period continued in
group B.

Regarding the time taken to type characters, we observed that
a difference existed between the time taken to type character keys
and non-character keys, as shown in Fig. 12. The time taken to
type non-character keys in group A decreased more rapidly than
that in group B as the number of input stumbles decreased. Typ-
ing Tutor focused on support for these operations which have a
cognitive dimension. These results show that Typing Tutor is an
effective way to improve the skills of participants from a cognitive
viewpoint. However, in terms of the time taken to type charac-
ter keys, the differences between the two groups were negligible.
This metric is affected by the ability to construct sentences. These
results indicate that Typing Tutor did not affect the performance.

In the interview, participants of group A made similar com-
ments:

“Initially, I thought that the smartphone operations were

markedly different from those of my feature phone. But as I came

to realize the differences and common points between my feature

phone and the smartphone through the instructions, I gradually

became able to operate the smartphone.”

These comments indicate that the Typing Tutor works effec-
tively for novice older adults.

Finally, we focus on the participants for whom not much ef-
fect was observed. One participant had a classified skill level of
two on the first day and his level remained the same until the fi-
nal day. His CPM was 3.33 on the first day and 8.15 on the final
day, which was the worst result among all participants. During
the interview, he made the following comment;

“The touch operation doesn’t suit me because a key that I

didn’t intend respond. I prefer a feature phone with a physical

keyboard.”

His TER exceeded 32%, which was also the worst rate among
all participants. This was caused by physical rather than cogni-
tive factors. Hence, it can be concluded that Typing Tutor was
not effective in this case.

8.2 Applicability to Other Keyboards and Languages
First, we discuss the results regarding the different keyboards.

Table 9 shows that the accuracy of input stumble detection of the
QWERTY for Japanese was higher than that of the 12-key lay-
out for Japanese. This would appear to be because the number of
classes for input stumble using the QWERTY is fewer than that
for the 12-key layout and the operation of the QWERTY layout
is simpler than that of the 12-key layout. For example, in order to
input the kana “gu (ぐ),” with a 12-key layout, it is necessary to
press the diacritic key after the kana “ku (く).” In contrast, with
QWERTY, only “gu” needs to be typed using alphabetical letters.

Next, we discuss why the accuracy of input stumble detection
of QWERTY for English was lower than that of the other two
keyboards in Table 9. One reason is the difference in the sentence
structure between Japanese and English. Some input stumbles
concentrate around the end of a sentence. The order of Japanese
is subject-object-verb and Japanese does not have that many ex-
pressions that appear at the end of a sentence. This makes it easy
to predict the end of a sentence. By contrast, the order of En-

glish is subject-verb-object and the object can be post-modified.
Therefore it can be difficult to predict the end of a sentence with-
out information on the syntactic dependency or grammar, e.g.,
whether the morpheme at the end of a sentence is grammatically
correct or not, which was not incorporated as an SVM feature in
this study. The other reason is that the lower concordance rate
of Fleiss’ kappa was responsible for the lower accuracy of stum-
ble detection. Although the annotation was controlled based on
the discussion in advance, inconsistencies arose because the three
annotators were non-native English speaker. On the other hand,
as shown in Fig. 4, the F-measure improved as the training data
increased in the 12-key layout for Japanese. This means that the
F-measure of other keyboards and languages may have the same
tendency. These indicate that Typing Tutor for other keyboards
and languages could be also effective.

9. Limitations and Future Work

In terms of the detection of input stumbles, the F-measure was
around 0.7 in this study. It should be possible to improve the pre-
cision, but it is difficult to detect input stumbles with a perfect
accuracy. Therefore, providing instructions in a way that does
not interrupt the user’s actions is essential. In addition, there is a
possibility that the acceptability of the way instructions are given
depends on the cultural background of the user. Thus, we need
to research the acceptability of Typing Tutor for people in other
cultures.

Finally, we would like to refer to support for physical factors,
e.g., the mistyping problem. Typing Tutor does not focus on this
problem, even though this is also a serious problem for older
adults [7]. In the field of text entry, many studies have focused
on making it easier to type text by adjusting key target areas or
presenting suitable suggestions [4], [5], [6]. It should be possi-
ble to support both cognitive and physical factors by combining
Typing Tutor with these techniques. This is the issue that we will
address in the future.

10. Conclusion

In this paper, we have presented Typing Tutor, a tutoring sys-
tem for text entry that automatically detects input stumbles and
provides individualized instructions for older adults. Through a
user study, we clarified the common difficulties that older adults
experience and how a user’s skill level is related to input stum-
bles using a 12-key layout for Japanese. Based on the study, we
developed Typing Tutor. A two-week evaluation experiment with
novice older adults (65+) showed that Typing Tutor was an ef-
fective way to improve their proficiency in the area of text entry,
especially in the initial stage of use compared with instructions
through a chat application online. It was particularly beneficial
for users who had previously used feature phones but had trouble
with self-instruction. In addition, we evaluated the applicability
of statistical input stumble detection to other keyboards and lan-
guages. Based on the result, we were able to confirm that the
performance of the input stumble detection of QWERTY layout
for Japanese and English was almost same as that of a 12-key
layout for Japanese.
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