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Abstract: This paper proposes a support system for analyzing answers to open-ended questions supplied by users as
mobile game content evaluation when they unsubscribe the services. The answers include useful, unexpected
opinions (atypical opinions) and expected opinions (typical opinions). It is inefficient to read them all during analysis.
Therefore, we propose a support system for analysis of questionnaire data related to unsubscribing. The main function
of the support system is classifying the answers into typical opinions and atypical opinions, and presenting them with
user interfaces. In order to grasp user tendency, typical opinions are presented as a graph showing the number of
transitions. Atypical opinions are presented as cards placement on 2-dimensional plane in order to grasp opinion
groups with their content.

Keywords: Classification system, natural language processing, typical pattern, questionnaire

Keishi Kimura received M.E. from Osaka University in 2006. In 2006, he joined NTT West Corporation and is
engaged in system design and integration for communication infrastructure.

Hiroaki Qiso received his B.E. from Kobe University in 1994 and his Ph.D from Osaka University in 2004. He was
with ENICOM (now NS Solutions Corp) from 1994 to 2001. In 2001, he joined Codeonline Co.,Ltd.(now Codetoys
KK.) in Japan. He is president of Codetoys Ltd. and is engaged in system development and mobile contents provision.

Masanori Akiyoshi received his M.E. and Ph.D degrees from Kyoto University in 1987 and 1996, respectively. He
was with Mitsubishi Electric Corp. from 1987 to 2005. In 2005, he joined the Faculty of Engineering, Osaka
University. He is an associate professor of Department of Multimedia Engineering, the Graduate School of
Information Science and Technology, Osaka University, JAPAN.

Norihisa Komoda received his M.E. and Ph.D degrees from Osaka University in 1974 and 1982, respectively. He
was with Hitachi Ltd. from 1974 to 1991. In 1991, he joined the Faculty of Engineering, Osaka University. He is a
professor of Department of Multimedia Engineering, the Graduate School of Information Science and Technology,
Osaka University, JAPAN.

known from the service provider's perspective.
To tap into unexpected ideas, answers to
open-ended questions must be analyzed.

1. Introduction

Mobile phones and the Internet are frequently
and increasingly used as marketing mediums.
Users of a mobile game content system
respond to a questionnaire that is intended to
improve contents when they stop their
subscription to the services. The questionnaire
consists of multiple-choice and open-ended
questions that appear on the screen of their
cellular phones. Using multiple-choice
questions, the questionnaire asks users to
choose from some possible answers and

There are no restrictions on open-ended
questions and they are generally answered
with natural language. Therefore, the answers
include an enormous amount of text data for
the questionnaire analyst, and some support
methods for analysis by text mining have been
proposed [1][2][3][4]. However, since
answers are input through cellular phones,
they often include many symbols that are
dependent on various kinds of terminals and

responses that can be statistically analyzed.

Answers to the multiple-choice questions,
however, are completely standardized and

grammatical mistakes, which can make them
hard to understand. Additionally, since most
answers are included in multiple-choice
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questionnaires and do not need to be read,
there are a few useful opinions. Based on our
previous research, a method of classifying
opinions as typical or atypical is proposed
[5][6], and a support system that presents two
interfaces for analyzing each opinion group is
designed [7].

The interface that supports the analysis of
typical opinions has bar graphs that present the
trend in the number of opinions in each category
that includes the same opinion content.
However, since the number of categories
increases along with the number of opinions, the
graph gets complicated. Therefore, it is
necessary to freely group some categories. The
function allows an analyst to discover a
subscriber's reason for unsubscribing.

The interface that supports the analysis of
atypical opinions presents opinions on screen
as cards in order to grasp the opinion content
intuitively. Especially, this paper proposes a
support system for discovering correlations
between a subscriber’s properties and the
singularity of their opinions.

2. Questionnaire Analysis Problem

Questionnaire for unsubscribing services

The questionnaire is given to consumers who
unsubscribe from a game service consists of
multiple-choice and open-ended questions. In
the multiple-choice questions, the questionnaire
asks consumers to choose from a limited
number of predefined answers. In the
open-ended questions, consumers are able to
freely write their opinions.

® Multiple-choice questions: In questions
about reasons for unsubscribing, the
following 11 items are listed and users
can choose any item. For instance, some
examples include “stopped playing the
game”, “There are not enough incentives
to continue”, and “I could not win a
prize”.

® Open-ended questions: The open-ended
questions are as follows;

» Improvement demands
»  Other opinions.

Consumers are able to freely write their
opinions for each question. Nearly 10% of

customers who unsubscribe write opinions for
each question.

Analysis of open-ended questionnaire

The answers from consumers include
important remarks related to dissatisfaction
that cannot be grasped in the multiple-choice
questions. The answers also include
impressions or demands that the provider may
not expect. Open-ended questions are
analyzed as shown in Figure 1. If similar
opinions are frequently appeared, they are
included in the multiple-choice questions.
Additionally, frequent dissatisfaction and
demands opinions motivate improvements to
the service. However, useful opinions
comprise only about 5% of all the opinions.
Most answers reflect opinions already known
by the provider or duplicate the meaning of

other answers.
Classification
Grouping

Frequent opinions

Answers of
open-ended question

Quizzes are not fun.

Packet fee is high!!

Less importance

Same opinion as
multiple-choice questions

‘ I'want the quiz for children. More importance

Triggers of new ideas

Storing to read

Figure 1. Analysis of open-ended
questionnaires data

To grasp unexpected opinions, our system
tries to classify the opinions of open-ended
questionnaire data into typical and atypical
opinions. The definition of typical and
atypical opinions is as follows:

® Typical opinions

- Opinions that echo the meaning of
items included in the multiple-choice
questions. (e.g.: The packet charge is
too expensive.)

- Frequently appeared opinions that
the provider already knows. (e.g.: My
knowledge increased.)

- Irrelevant opinions. (e.g.: | had a baby!)
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® Atypical opinions

- Opinions that are not typical. (e.g.:
Quizzes are for kids)

However, the boundary between the atypical
and the typical is very ambiguous and the
distinction differs according to an analyst's
background knowledge. An atypical opinion
might change to a typical opinion when the
provider reads many opinions.

The proposed system classifies open-ended
questions into typical or atypical opinions
according to the above definition, and
supports their analysis.

Analysis support function

Since an analyst does not carefully read all
typical opinions, they need to be grouped by
each opinion and the number of them as
output. Since an analyst needs to read all
sentences in atypical opinions, a support
system is needed that provides a user interface
that makes it easy to grasp opinion contents.
To this end, typical opinions are grouped
when open-ended questions are classified into
typical or atypical opinions. Additionally,
since the classification differs to the analyst's
background knowledge, the system needs to
provide a framework that reflects an analyst's
background knowledge into the classification.

The following three support functions are needed
for the support system as shown in Figure 2;

® (lassification into typical or atypical
A

Opinions ﬁ

Classification of opinions
as atypical or typical

opinions that reflects an
background knowledge

analyst's

® User interface that supports the analysis
of typical opinions

® User interface that supports the analysis
of atypical opinions

3. Questionnaire Analysis
Support System

Outline of the support system

Our system aims to support to analyze
open-ended questions that are answered by
users when they unsubscribe the service, and
provides the following functions based on the
support functions mentioned in the previous
chapter. Not all opinions need to be read by an
analyst, and the system enables an analyst to
read only useful opinions. This makes
analyzing typical opinions more efficient as it
shows the transition of the number of grouped
opinions. Moreover, it should enable the
boundary between typical and atypical
opinions to be flexibly changed by the analyst.
Figure 3 shows the outline of this system.
When new questionnaire data is input,
opinions from the open-ended questions are
extracted automatically.

Extracted opinions are processed by word lists
and classified into typical or atypical opinions.
During this classification process, typical
opinions are grouped into categories for each
opinion's content as defined set in advance.

Q Mobile content
game users

Atypical
opinions

Displaying
atypical opinions

User interface

Typical
opinions

Classification of
typical opinions

for atypical opinions

User interface

for typical opinions| -tk e

J
- ’

Figure 2. Overview of questionnaire analysis support
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Atypical opinions are placed on the screen as
cards, and analyst can grasp opinion content
intuitively. Since the system shows typical
opinions as a graph that represents the

Classification method

The system classifies into typical or atypical
opinions by matching between the word lists

Data input

S
Morphological Lists of
analysis morphemes

Management of
opinion DB
and typical word DB

Addition of
typical word

/

fr——— | Answers to
uestionnairel g/ open-ended
data questions
1

Typical word
DB

S —
Atypical opinions

7

Data output !

N\

Unsubscription date

Figure 3. Outline of the analysis support system

relationship between the number in each
category and the date, an analyst can easily
grasp the transitions among the number in
each category.

The following sections describe the data input
process, the classification method, and the user
interface along with the operation procedure.

Data input part

Opinions from the open-ended questions
extracted from questionnaire data are divided
into word lists by morphological analysis with
“ChaSen” [8], Japanese software. From the
word lists, we extract nouns, independent
adjectives, and independent verbs as the
minimum words required for understanding a
sentence. In Japanese, nouns are roughly
divided into 14 types. There are also words
that may constitute the keywords in context.
Based on the morpheme connection and
extraction rules, morphemes are transformed
to keywords. For example, “packet” and “fee”
are transformed to the keyword “packet fee”
according to the rules.

of each opinion and word combinations that
are stored beforehand in the typical word
database. Figure 4 shows an example of an

Combination

QUIZ - interestingJ

v
fun
amusing

v
problem
game

Synonyms Synonyms

Figure 4. Typical word database

opinion “quizzes are interesting.” Generally
“interesting” is not synonymous with “fun”,
however, when “interesting” and “fun” are
used with “quiz” in collected questionnaire
data, they are considered to have the same
meaning. As explained above, typical word
database consists of two words combination
that has each set of synonyms.
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The longer the distance between the word
combinations, the weaker their relationship is.
Therefore the system defines a parameter d as
the distance between the word combinations
that can be considered to have a relationship.
In other words, the word combination with a
distance of “d+1” or more is considered to
be unrelated.

When an opinion includes a combination of
words found in the typical word database and
the word distance is not more than “d”, the
combination of words is called a “typical
element”. If the ratio of typical elements to all
keywords in an opinion is over a certain ratio,
the opinion is classified as typical. If an
opinion satisfies the following formula
condition, it is classified as typical.

“The number of keywords in typical
elements” + o x “The number of typical
elements” [J “The number of all keywords”

—

according to the change in the meanings.

Since the target text data input through
cellular phones often contains peculiar
pictographs instead of punctuation marks or
sentences are not delimited beforehand, it is
difficult to delimit sentences to meaningful
phrases. Consequently, the points where
typical elements appear are regarded as the
delimiters of the break points of meanings.
Delimiters divide the sentences in opinions
into phrases. The aforementioned condition is
applied to each phrase. This means that the
number of typical elements in a phrase is
always 1. If an opinion includes at least one
atypical phrase, the opinion is classified
as atypical.

Figure 5 shows an example of classification
using this method. This example includes four
typical elements and is divided into four
phrases. Since the fourth phrase does not
satisfy the condition, the opinion is classified

N\

I can't keep forChighHR 5 ‘@ isl

—~

-_-# @is@ifficud(?_?) | need more
quizzes for kids!!!! .
Delimiter

@ Divide into phrases

keep, === typical
@@J E==> typical
QrizDChea) > typical

.‘ need, quiz, kids s atypical

11

This opinion is an atypical opinion

Figure 5. Classification method for typical/atypical phrases

Here, o shows how many other keywords are
permitted to be included in a typical opinion
for each typical element.

When the opinion consists of sentences with
many keywords, the opinion includes many
typical elements and a few atypical elements.
Since the service provider needs atypical
ideas, even if they are only a very small part of
an opinion, the few atypical elements in an
opinion must not be overlooked. To classify
opinions without missing atypical elements,
sentences in opinions should be divided

as an atypical opinion.

When the opinions are classified as typical, they
are immediately grouped by matching word
combinations. For example, a sentence including
the typical element “quiz-interesting” is grouped
as the category “quizzes are interesting”.

User interface

3.4.1 System startup

When the system starts, the window shown in
Figure 6 launches. The number of typical and
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atypical opinions is shown as a table in the
window. Additionally, an analyst can choose
from the following five menus above the
window; “Input of questionnaire data” to
select the input questionnaire data; “Number
of opinions” to launch the table of opinion
numbers at the system start up; “Analysis of
atypical opinions”, which is explained in the
section 3.4.2. “Analysis of typical opinions”
as explained in the section 3.4.3; and
“Management” to adjust the parameters d
and a.

Figure 6. System startup screen

subscriber's properties in order to filter atypical
opinions that an analyst wants to analyze.
Examples of subscriber's properties are the
subscribing period, the number of months they
used the service, age, job and so on. Using the
example of filtering, the system can show only
opinions provided by the users who use more
than a constant frequency.

When an analyst changes the tab to the
existing word tab pane, the list ordered by the
word frequency in atypical opinions is shown
in descending order. Then, when analyst
chooses the word they want to read in the list,
opinion cards appear in the opinion card area
as shown in Figure 8. The opinion card shows
the number of words and some of the words
used in the opinion. When an analyst clicks a
card, the opinion is shown at the bottom of the
window and the word list is shown below that.
Additionally, the subscriber's properties are
shown at the lower right of the window in
order to confirm what type of the subscriber
expressed the opinion.
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Parameter configuration

Opinion card arca

Subscriber’s
properties

Lk EEEIMSE\

Opinion (sentence)

Word list

Addition to typical word DB

Figure 7. User interface for atypical opinions

3.4.2 Analysis of atypical opinions

When an analyst chooses “Analysis of atypical
opinions” at the system start, the window
launches so that atypical opinions can be
analyzed as shown in Figure 7. In the parameter
configuration tab pane at the left side of the
window, an analyst can adjust the parameters of

An analyst can adjust the axes of the
two-dimensional layout of the opinion card
area at the top of the window. The vertical axis
and horizontal axis can be changed based on
the subscriber's properties and the singularity
of the opinion. Singularity is the index that
consists of the following three characteristics
of atypical opinions:

200 Studies in Informatics and Control, Vol. 18, No. 3, September 2009



Figure 8. Displayed atypical opinion cards

® Degree of unexpected opinions

® Degree of opinions that should be
classified into typical opinions

® Degree of opinions of dissatisfaction and
opinions on improvement

Concretely, the more unexpected the opinion
is, the larger singularity is, and the opinion in
which singularity is small is opinion that
should be classified into typical opinions.
Additionally, opinions of dissatisfaction show
negative singularity and opinions on
improvement show positive singularity. In

& BEHEEFP S - RS ET AT A - ERaR]
g TLA—FF—2ANT0 ERHFETD FERERG ERERFETD EIEMW 0PI aoldiH

Dicg|d| = &[@=l| B8|riu] =[=I=|

WIETSOFTIUF

the words that represent dissatisfaction are set
into the dissatisfaction word database
beforehand. The singularity of opinion i is
defined in the following condition;

S=pnxXF
-

F; = 1/ “Appearance frequency fo word;”

When the word included in the dissatisfaction
word database is in the opinion, B is -l.
Otherwise, it is 1. Fj is the inverse of the
appearance frequency of word;. If the word; is
included in the similarity word database, it is
inverse of the sum of the appearance
frequency of words that are included as set in
the similarity word database. In other words,
singularity represents the degree where words
different from the others are included. If the
opinion shows large singularity, it includes
unique words.

Thus, when opinions from which singularity is
calculated are laid in the area, unexpected
improvement opinions are placed to the left
side of it and unexpected opinions of
dissatisfaction are placed at the right side.
Additionally, frequent opinions that are
grouped in atypical opinions are at middle of it,

Category
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Figure 9. User interface for typical opinions

order to calculate singularity, words that are
similar in atypical opinions are set into the
similarity word database beforehand. Also, in
order to distinguish between opinions of
dissatisfaction and opinions of improvement,

and they are the opinions that should be moved
to the typical opinions category. Since the
opinion cards that include similarity words or
dissatisfaction words are distinguished by the
card color, an analyst can grasp them easily.

Studies in Informatics and Control, Vol. 18, No. 3, September 2009 201



3.4.3. Analysis of typical opinions

When an analyst chooses “Analysis of typical
opinions” at the system start, the window shown
in Figure 9 launches to analyze typical opinions.

All  typical opinions are categorized
beforehand by matching words in the typical
word database. The number of categories is 53
items for 13 months, and it will increase over
time. Therefore, a function for grouping some
categories is necessary to analyze in
perspective. This system provides a function
where, for example, some categories such as,
“quizzes are not fun” and “quizzes are
difficult”, etc. are grouped under the group
name, “Quiz”.

All category names are shown as a list at the

W EHOEP RSN ERYATL - CERER]

JJJJ J_IJ HEEEE

- Pui—bF—RA N0 BEHZETO IENZRE FERERETO SEM LW AgLTE

wants to analyze. The transition history of
chosen categories or groups is displayed as
three-dimensional bar chart as shown in
Figure 10.

Figure 10 shows the result when three items
are chosen. The graph consists of
three-dimensions, each category or group, the
quit date, and the number of opinions, and it
shows time-series transition by quit date. Five
buttons are displayed at the left side of the
window. The quit date axis can be moved back
and forth using the top two buttons, which
allows an analyst to analyze from the past
data. The scale of the quit date can be changed
using the middle two buttons. This supports an
analysis of tendencies in perspective by
changing scales to monthly, two-monthly,
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period
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Figure 10. User interface for typical opinions statistics

category tab pane at the right side of the
window. In the category list, the category
name and group name are shown. An analyst
chooses categories or groups, whichever
he/she wants. The names of chosen categories
or groups are shown in the list box at the
bottom in the tab pane. Additionally, when an
analyst changes the tab to the parameter
configuration tab pane, he can adjust the
parameters of a subscriber's properties in
order to filter the typical opinions that he/she

quarterly and half yearly. Clicking the bottom
button can turn around the 3-dimensional
view. An analyst can turn the graph around by
clicking it.

The opinions that are included in the category
or group are shown in the opinion data area by
choosing a certain bar of the graph.
Additionally, if a specific opinion is selected
in it, the subscriber properties of the user who
offered the opinion is shown in the lower right
of the window.
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4. Experimental Results

Since the vertical axis and horizontal axis can
be adjusted freely from the subscriber's
properties and singularity, an analyst can
analyze in many ways. For example, as shown
in Figure 11, in a case where the vertical axis
is the subscribing period and the horizontal
axis is singularity, since cards with low
singularity are few at the square area in the

+ Singularity

figure, it is possible to analyze that users who
subscribe long term offer more unexpected
opinions. Therefore, by focusing on cards in
this area, the service provider can consider a
service strategy in which users who often quit
early can be made to subscribe long term.

Figure 12 shows another analysis example in a
case where the wvertical axis is the
unsubscribing date and the horizontal axis is
the subscriber's age. From the card layout in
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Figure 11. An analysis example of atypical opinions with “singularity” and “subscription period”
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the circle of Figure 12, an analyst can
analyze that young users didn't answer for a
long time but that they did offer opinions at
some point in time. Then, the analyst can
consider what is negative for young users
when improving content.

5. Conclusion

This paper proposes a support system for
analyzing answers to open-ended questions
supplied by users as mobile game content
evaluation when they unsubscribe the
services. First, this system classifies user
questionnaire into atypical opinions that are
unknown opinions, and typical opinions that
are known opinions. It then shows atypical
opinions as cards in order to grasp them easily.
Additionally, it supports the discovery of
unexpected opinions or frequent opinions and
to investigate relationships between a
subscriber's properties and singularity. It
shows typical opinions as a bar graph in order
to analyze them statistically. Experimental
result shows service strategy cane be obtained
through the analysis of atypical opinions.
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