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ABSTRACT
One of the subjects in knowledge management is knowl-
edge externalization and combination in which people
express their tacit knowledge and formulate it. Com-
munication among people is important for this pro-
cess. This paper proposes a model that helps two users
to have a discussion for knowledge externalization and
combination. In this model, the computer verifies the
consistency between the knowledge generated by induc-
tive learning from cases and the two user’s knowledge
sets expressed by themselves. From the result of this
verification, it provides the point at issue for the dis-
cussion to improve the knowledge. We conducted a user
experiment in the domain of gure-fishing where real ex-
perts had participated in. We confirmed the effective-
ness in activating people’s communication and also in
improving the quality of their knowledge.

Categories and Subject Descriptors
H.5.3 [INFORMATION INTERFACES AND PRE-
SENTATION]: Group and Organization Interfaces

General Terms
Experimentation, Human Factors

Keywords
knowledge management, SECI model, tacit knowledge,
explicit knowledge, discussion-support, groupware

1. INTRODUCTION
Knowledge management is getting popular in business
fields. In Knowledge management, people consider how
knowledge in a company is produced, analyzed, and
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used for improving the creativeness and the efficiency
of their business [1]. Nonaka’s SECI model [2] is one of
the popular models fro knowledge management. SECI
model is based on the premise that (1) there are two
types in human knowledge: explicit knowledge which is
represented in an explicit language or figure, and tacit
knowledge which people have in their minds and are
not represented in an explicit way, (2) these two types
of knowledge interact each other when people do some
intelligent activities, (3) knowledge in an organization
or a group is created when people with different knowl-
edge interact each other.

SECI model models people’s knowledge activities by
defining the following stages: expressing their tacit knowl-
edge (externalization), combining those explicit knowl-
edge (combination), absorbing those systematized knowl-
edge by each person (internalization) and experiencing
other people’s tacit knowledge (socialization). When
we want to support the externalization stage and com-
bination stage by activating the people’s interaction,
we notice that methodologies of knowledge acquisition
for expert systems [5] or discussion-support systems (or
meeting-support systems) in CSCW or groupware [6]
may be available.

Knowledge acquisition tries to obtain knowledge from
people which is to be inputted in an expert system.
Generally acquired knowledge is stored in if-then rule
or in frame. As popular methods, there are an inter-
view which directly asks people about the knowledge
by following some strategies and a method which the
computer conducts an inductive learning [7] from cases
and a user (expert) checks the correctness of the learned
rules by hand (The details are explained in Section 2).
However, these methods do not support the people’s
real-time discussion for knowledge acquisition.

Discussion-support systems support people’s collabora-
tive activities with discussions. There are the following
two popular methods (The details are explained in Sec-
tion 2). One is a method which models the flow of dis-
cussion and lets the user put a tag to his/her comment.
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The other is a method which provides a tool for for-
mulating ideas like KJ method [8] and also provides an
interface to do a discussion on the tool. However, these
methods do not consider the content of the discussion.

We can say that existing methodologies in computer sci-
ence cannot support SECI model enough. This research
targets the situation where two experts (after here, just
“users”) do a discussion in real-time for knowledge ex-
ternalization and combination (after here, “knowledge
EC”). We propose a model in which the computer par-
ticipates in the users’ discussions for notifying poten-
tial problems to the users and in which the user easily
enriches both of the personal knowledge only for him-
self/herself and the shared knowledge for the group.

In this model, the system logically verifies the two users’
sets of knowledge and provides the point of issue for the
discussion. In detail, the two users write down their
knowledge in an explicit way respectively in advance.
The system detects a difference or an incoherence be-
tween these two types of knowledge as a flaw and pro-
vides a question for solving the flaw to each user. The
two users discuss their wrong decision or the insufficient
condition according to the question, and add, delete or
change their expressed knowledge.

Recently, people share cases on the Internet in some
domains. Cases are data which record what have hap-
pened in the target domain. The system also conducts
an inductive learning from cases and creates another
knowledge. The system conducts the above flaw detec-
tion not only between the two users’ knowledge sets but
also among the two users’ knowledge sets and the knowl-
edge set learned from cases. We hope that knowledge
learned from cases performs the role of third person who
provides the different view point from the two users. In
this way, we aim to activate the users’ discussion more
by the automatically created knowledge.

In the proposed model, the user improves the knowledge
set expressed by himself/herself as a personal knowl-
edge set only for himself/herself. The two users also
improve the knowledge set learned from cases as a com-
mon resource for the group. Becasue this knowledge is
automatically created from cases, it has no bias. This
is a good seed for creating shared knowledge in a group.
We also expect that an explicit definition of knowledge
owners leads to getting honest knowledge from users
because they do not have to care security or privacy.

The organization of the remainder of this paper is as
follows. Section 2 describes the related work. Section 3
describes the overview of our model. Section 4 explains
the definition of flaw and the feedback messages to the
user. In Section 5, we did a user experiment in which
real experts joined for evaluating our model. Section 6
offers some conclusions.

2. RELATED WORKS
This section introduces existing researches of knowledge
acquisition and discussion-support systems.

2.1 Knowledge acquisition
Knowledge acquisition methods by interviews usually
exploit some questioning strategies [5]. Although the
earlier methods conduct an interview only once, the
later methods try to obtain knowledge interactively with
the user. In Mole [9], the system shows the problems
which happened when using the acquired knowledge in
real situations. More [10] and ETS [11] expects the feed-
backs from the user by showing the acquired knowledge
in styles different from the style the user has used for
expressing his/her knowledge.

In knowledge acquisition methods by inductive learning,
learning errors are inevitable. Therefore many methods
do a deductive explanation on the learned rules [12,
13, 14, 15]. In the deductive explanation, the system
matches the learned rules to the rules which the user has
inputted beforehand, and shows the inconsistency to the
user. However, these methods suppose that only one
user does a knowledge acquisition at a time. They do
not suppose the situation in which several users discuss
the problems for acquiring knowledge in real-time.

Some works support a real-time discussion by several
users for knowledge acquisition. AQUINAS [16] asks
several users to fill a matrix whose axes are attributes
and classes, and prompts a users’ discussion by show-
ing the difference of the users’ matrices. GRAPE [17]
proposes an interface where users in different places can
discuss in real-time and collaboratively build a classi-
fication tree. In these systems, the users can create a
knowledge which roughly classifies cases to small num-
ber of categories. However, we cannot create a rule
which consider the detailed conditions of attributes.

2.2 Discussion-support system
As popular models of the flow of discussion, there are
conversation theory [18] and IBIS model [19]. Many
discussion-support systems allow the users to discuss
the issues guided by these models [18, 19, 20, 21]. These
systems can track the state of the discussion because
they ask the users to put a tag representing the type
of his/her message. There also exists EMSs(Electronic
Meeting Systems) [22] or chat-support systems [23] with
laxer process management of conversation like brain
storming and NGT(Nominal Group Technique). How-
ever these systems do not analyze the content of the
conversations. Even if there is incoherence among the
conversations, they do not indicate it to the users.

As popular discussion-support systems using a tool for
formulating ideas, there are Cognoter [24]，GrIPS [25],
Tivoli [26] and PReSS [27]. In these systems, the users
can put keywords which occur in their minds on the
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Figure 1: Overview of our proposed model

screen, change those locations, and link them each other.
These systems focus on the process of idea creation
(convergence and divergence of ideas). As a function of
checking the content of ideas, only GrIPS recommends
keywords, which associatively enriches the idea. How-
ever it does not indicate the difference or incoherence
between ideas.

3. OVERVIEW OF PROPOSED MODEL

3.1 Overview
The overview of our interactive knowledge EC model
is shown in Figure 1. Firstly two users express their
knowledge in an explicit style (The format is explained
in the next subsection) respectively without a discus-
sion. After here, we call this knowledge set “user knowl-
edge.” Cases are also inputted to the system. The
system conducts an inductive learning from the cases
and creates another knowledge. After here, we call this
knowledge set “system knowledge”. The system detects
flaws among the three kinds of knowledge set and cre-
ates questions for solving the flaws. Priority is put to
each flaw according to its flaw type. Detected flaws and
their questions are sorted according to their priority and
are shown to the users.

The users discuss the problems guided by the ques-
tion from the system. Each user improves his/her user
knowledge as his/her personal knowledge. The improved
user knowledge will be used only by the user. Both the
users also improve the system knowledge as knowledge
stored for the group. The improved system knowledge
will be used by many people in the group. This means
that to the neutral knowledge which is obtained from
cases, the knowledge which both the users can confi-
dently recommend to others will be left or added. Like
this, our model tries to realize knowledge EC from the
viewpoint of respecting each user’s knowledge and keep-
ing the more sophisticated knowledge for the group. Af-
ter revising one or a few units of knowledge, the users
ask the system to detect flaws again from the revised
knowledge sets. By repeating this, the users can inter-
actively conduct knowledge EC with the system.

attribute : attribute value

weather : fine clowdy rain/ /

wind : strong medium weak/ /

weather previous day( ) : fine clowdy rain/ /

wind previous day( ) : strong medium weak/ /

diff of water temperature.
from the previous day

: up medium down/ /

max velocity of tide. : fast medium slow/ /

tide type : spring middle neap/ /

red tide : yes no/

wave-dissipating block : yes no/

water temperature wt( ) : very high high medium/ / / low very low/

bait : krill worm sea slater/ / / crumb

Figure 2: Examples of attributes and their pos-
sible categorical values in gure-fishing domain

3.2 Format of knowledge
We use if-then rule as a knowledge representation in our
model. We target classification knowledge as a knowl-
edge type. Classification knowledge is a type of knowl-
edge which consists of a decision and information for
making a decision. Concretely this knowledge is ex-
pressed in class, attribute and attribute value. We use
categorical value as attribute value for making the users
express their knowledge easier. Figure 2 shows an ex-
ample of class, attribute, and attribute value in the do-
main of gure-fishing which is used in the user experi-
ment in Section 5. In this case, there are 11 attributes
like weather and bait. There are several categorical val-
ues to each attribute. Class is either “good catch” or
“bad catch”. Altough we have boolean value in class in
this example, the model allows us to use N-class value.
The followings are the formats of a case, user knowl-
edge, and system knowledge.

A case is represented in attribute values to all the at-
tributes and which class the case belongs to. The rule
format for a user knowledge is as follows:
if (attribute, value) · · · (attribute, value) then (class)
In “if part” (“conditional part”), each set of attribute
and attribute value is called “conditional clause”. The
relationship between adjacent conditional clauses is AND.
The model does not allow us to use OR between condi-
tional clauses. If the user should write OR in the rule,
he/she has to split the rule into two rules.

System knowledge is created by decision tree. Decision
tree is a tree structure in which an internal node shows
an attribute to be tested, an edge shows attribute value,
and a leaf node shows a class. This tree structure is
created from cases by inductive learning [7]. One path
from the root node to a leaf node can be seen as one
if-then rule. The rule format for a system knowledge
is as same as that for a user knowledge. Examples of
user knowledge and system knowledge in gure-fishing
domain are shown in Figure 3-(a-c).
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( ) ( )a User knowledge User A

User knowledge User A( )

Rule1 :

Rule2 :

Rule3 :

Rule4a :

Rule5 :

Rule4b :

Rule4c :

Rule4d :

if wt very high then bad catch( , ) ( )

if wt high tide type spring then bad catch( , )( , ) ( )

if wt high tide type neap bait slater then good catch( , )( , )( , ) ( )

if wt high tide type neap bait krill then bad catch( , )( , )( , ) ( )

if wt high tide type neap bait worm then bad catch( , )( , )( , ) ( )

if wt high tide type neap bait crumb then bad catch( , )( , )( , ) ( )

if wt low diff of wt medium then good catch( , )( , ) ( )
.
.
.

User knowledge User B( )

Rule1 :

Rule2 :

Rule3 :

Rule4 :

Rule5 :

if wt very high then bad catch( , ) ( )

if wt high tide type spring then good catch( , )( , ) ( )

if wt high tide type neap then bad catch( , )( , ) ( )

if wt low then good catch( , ) ( )
.
.
.

if wt high tide type middle then good catch( , )( , ) ( )

( ) ( )b BUser knowledge User

System knowledge

Rule1 :

Rule2 :

Rule3 :

Rule4 :

Rule5 :

if wt very high then bad catch( , ) ( )

if wt high tide type spring then good catch( , )( , ) ( )

if wt high tide type neap then bad catch( , )( , ) ( )

if wt low then bad catch( , ) ( )
.
.
.

if wt high tide type middle then good catch( , )( , ) ( )

( )c System knowledge

Figure 3: Examples of rules in gure-fishing do-
main

4. FLAW DETECTION
In our model, the system picks up a rule respectively
from one user’s user knowledge, another user’s user knowl-
edge, and the system knowledge. Then it checks whether
or not there is a flaw among those three rules. The sys-
tem checks all the combinations of rules from the three
kinds of knowledge set. A flaw is put to the combination
of rules.

4.1 Definition of flaw
We define three kinds of flaw as follows:
(Type1) Contradiction:
Among two or three rules, the conditional parts are
same, but the classes are different each other.
(Type2) Lack, excess or replacement of condition:
Pick up two rules from the three rules. Seeing from
one rule, there is a conditional clause with an attribute,
which the rule does not use, in the other rule (lack of
condition). Or seeing from one rule, there is no con-
ditional clause with an attribute, which the rule uses,
in the other rule (excess of condition). Or each rule
has a conditional clause whose attribute is not used in
the other rule (replacement of condition). The flaw of
Type2 occurs only when both the rules have at least one
clause whose attribute and attribute value are same.

Table 1: Priority of flaws

Pri- Combination of the three rules Flaw
ority type

1 The conditional parts of the three rules are same,
but there are some rules whose classes are different
from others.

Type1

2 In two rules out of the three rules, the conditional
parts are same, but the classes are different each
other. And there is a lack, excess or replacement
of condition in the remaining rule.

Type1
and
Type2

3 In two rules out of the three rules, the conditional
parts are same, but the classes are different each
other. And there is not a lack, excess or replace-
ment of condition in the remaining rule.

Type1

4 Two rules out of the three rules are same. And
there is a lack, excess or replacement of condition
in the remaining rule.

Type2

5 Two rules out of the three rules are same. And
there is not a lack or excess or replacement of con-
dition in the remaining rule.

Type3

6 There are no rules with the same conditional part.
But there is a pair of rules which have a lack, excess
or replacement of condition each other.

Type2

7 All the three rules have no same clause in the con-
ditional part each other.

(Type3) Lack of rule:
The same rule (Both the conditional part and class are
same) is in two types of knowledge set, but it is not in
the rest of the knowledge set.

4.2 Priority of flaw
For defining the priority of flaw, we consider the follow-
ing three fundamental policies:
(1) Give priority to the flaw which has contradiction.
(2) Give priority to the flaw which has many rules whose
conditional parts are same.
(3) Give priority to the flaw which has rules with a lack,
excess or replacement of condition.

We also think that there is higher importance in the
order of (1)-(3). The reason is as follows. Firstly the
contradiction makes a user, who uses this knowledge,
confused because he/she does not know which rule’s
decision to adopt. Therefore Policy (1) comes first.
Policy (2) considers how many people think the con-
dition important. Policy (3) considers whether or not
the system can provide more concrete suggestion. We
thought that it is easier for the two users to think from
important rules. When the users meet more important
rules which affect broader cases after correcting some
trivial rules, they may have to revise again those cor-
rected rules. Therefore Policy (2) comes before Policy
(3). From the above discussion we define the priority of
flaws as in Table 1. We also show the rules which only
one user has as Priority 7. This is because other users
may consult this rule for acquiring new knowledge.

4.3 Content of question
In our model, the system selects a user to show a ques-
tion based on the correctness of the user’s knowledge.
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Table 2: Contents of questions to the flaws
Flaw Content of question
type
When the conditional parts of the three rules are same
Type1 “Only your decision is different from others.”
Type1 “All the members’ decisions are different each other.”
When two (User A and User B) rules are same
Type3 “Only you do not have this rule.” (to User C)
Type2 (If lack of condition) “Your rule lacks of attribute X.

Your rule may be generalized excessively.” (to User C)
Type2 (If excess of condition) “Only your rule uses attribute

X. Your rule may be specialized excessively.” (to User
C)

Type2 (If replacement of condition) “You considers attribute
X as a critical one. But attribute Y may be a critical
one.” (to User C)

When two (User A and User B) rules’ conditional parts are same
but their classes are different
Type1 “Your decision is different from User B (A).” (to User

A(B))
Type2 (If lack of condition) “Attribute X may not influence

the decision.” (to User A(B))
Type2 (If excess of condition) “There is a possibility that you

cannot make a decision unless you consider attribute
X.” (to User A(B))

Type2 (If replacement of condition) “There is a possibility
that critical attribute is not attribute X but attribute
Y.” (to User A(B))

When no rule’s conditional part is same
Type2 (If lack of condition) “Your rule does not consider at-

tribute X which is used in User A’s rule. Please check
your rules each other.”

Type2 (If excess of condition) “You use attribute X in your
rule. User A does not consider the attribute. Please
check your rules each other.”

Type2 (If replacement of condition) “You consider attribute
X as a critical one. But, User A considers attribute Y
as a critical one. Please check your rules each other.”

This selection is conducted by the majority vote. When
the system selects a rule respectively from the three
kinds of knowledge set, if the two rules are same and
the other rule is different from them, the system sees the
different rule as an incorrect one. The system shows a
question to the owner of the rule (User A) for solving
the flaw. It also notifies the other user (User B) that
the question is shown to User A. If the owner is the
system, it shows a question to both the users.

A question is created according to the type of the flaw
and the combination of the rules which causes the flaw.
We designed the contents of questions as in Table 2.
This table shows the questions when one user’s rule
is not correct. Firstly, we explain the case when the
conditional parts of the three rules are same. In this
case, when two rules’ classes are same and the other
rule’s class is different from them, the system tells the
user whose decision is different that the user’s decision
is different from others. When all the rules’ classes are
different, the system tells all the users that all the users’
decisions are different.

Secondly, we explain the case when only two rules’ con-
ditional parts are same. The question differs between
the case that those two rules’ classes are same and the
case that they are different. When they are same, and if

the flaw is Type3, the system tells the user who does not
have the rule that only the user does not have the rule.
If the flaw is Type2, the system provides a question to
the user whose rule is different from others’ (we call this
user “target user” in this paragraph). The content dif-
fers by lack, excess, or replacement of condition. If the
target user’s rule has a lack of condition to other users’
rules, he/she may generalize the rule excessively. This
means that he/she does not know the missing attribute
influences the decision, or even if he/she knows that,
he/she thinks the attribute is not so critical. If the tar-
get user’s rule has an excess of condition to other users’
rules, he/she may specialize the rule excessively. This
means that he/she considers very rare cases, or thinks
indecisive attributes as critical ones.

When the two rules’ classes are different, this becomes
a flaw (Type1). Firstly the system tells both the users
that their decisions are different each other. If the flaw
is also Type2, the system provides a question based on
the idea that the rule whose conditional part is different
from the other two rules (we call the owner of this rule
“target user” in this paragraph) serves as a useful refer-
ence for revising those two rules. The content differs by
excess, lack, or replacement of condition. If the target
user’s rule has a lack of condition to other users’ rules,
firstly the system tells the target user of that fact. Then
it tells the other users that their extra attribute may
not influence the decision. This is because the decision
becomes difficult due to the consideration of the extra
attribute and in the result their decisions are divided.
If the target user’s rule has an excess of condition to
other users’ rules, the system tells the other users that
their missing attribute may influence the decision. This
is because their decisions may be divided because they
miss the critical attribute.

When the three rules’ conditional parts are different
each other, flaws (Type2) can happen. In this case,
because the system cannot predict whose rule is wrong,
it just tells all the users that their rules include a lack,
excess, or replacement of condition to others’.

4.4 Examples of flaw
Examples of flaw are shown in Figure 3-(a)-(c). The
combination of the three users’ Rule1s is not a flaw be-
cause all the rules are same. The combination of Rule2s
is a flaw (Type1) because the conditional parts of the
three rules are same but only User A’s rule is different
in class. The combination of Rule3s is a flaw (Type3)
because only user A does not have the rule “if (wt,
high) (tide type, middle) then (good catch)”. The com-
bination of Rule4s is a flaw (Type2) (also the case that
two rules are same). In this case, User B and the sys-
tem reach a consensus in that “if (wt, high)(tide, neap)
then (bad catch).” However, User A tries to judge this
case by also considering the bait. In this case, if the
rule of User B and the system is correct, incorporating
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the bait makes the rule overspecialized. The combina-
tion of Rule5s is a flaw (Type2) (also the case that two
rules’ conditional parts are same, but their classes are
different). To the condition (wt, low), UserB’s deci-
sion is “good catch” and the system’s decision is “bad
catch.” User A tries to consider this case including the
attribute “difference of water temperature from the pre-
vious day.” There is a possibility that we cannot judge
only from the water temperature of the day and we
can judge when considering also the difference of water
temperature from the previous day.

5. EVALUATION

5.1 Objective of evaluation and target domain
We think that the followings are major issues for the
evaluation of our model:
(1) Validity of flaw definition and question
(2) Validity of flaw priority
(3) Performance of each user’s knowledge EC

We conducted this evaluation by asking real experts to
use our system for real problems. Due to the space lim-
itation of the paper, we show the result of Issue (1) and
Issue (3). To Issue (2), we confirmed its validity from
the order of the users’ rule modification and the an-
swers to the questionnaire about the usefulness of the
flaw order. For Issue (1), we counted the number of
flaws which were left after the experiment, and asked
the users the reason they had not modified the rules for
each left flaw. For Issue (3), we conducted two kinds
of experiment: an experiment in which the users used
the system with the flaw detection and an experiment
in which the users used the system without the flaw
detection. We checked the number of modifications of
the rules and the improvement of the rules’ quality. Fi-
nally, we analyzed the content of the discussion during
the knowledge EC for acquiring the further findings. In
our research, we conducted the experiment in the do-
main of fishing because it is one of the typical domains
in which experts need to conduct knowledge EC. Among
many types of fishing, we target gure-fishing (“gure” is
a a name of fish in Japanese. It is called “girella” in
English.) around Akashi channel in Japan.

5.2 Experimental method
The knowledge acquired in this experiment is whether
we can get good catch or bad catch under a specific
condition of weather and bait. Attributes and attribute
values were set as in Figure 2. Class is either “good
catch” or “bad catch.” The range of the attribute values
were set by considering the real weather data recorded
for one year. We obtained the weather data from Hyogo
Fisheries Technology Institute and Kobe City Fishing
Park. Six anglers whose skills were almost same pro-
vided 66 cases as fishing results. After the inductive
learning, 19 rules were created.

Table 3: The number of left flaws out of the
detected flaws and the solution ratio

Flaw Pair 1 Pair 2 Pair 3 All pairs solution
type ratio(%)

1 0/0 0/2 0/1 0/3 100
2 0/55 1/63 0/33 1/151 99.3
3 0/38 4/29 0/26 4/93 95.7
IR 7/50 3/57 0/33 10/140 92.9

IR:Independent rule

12 experts including an editor of a commercial fishing
magazine and a champion of the all-Japan gure-fishing
tournament participated in this experiment. Two users
who are in the same room discuss the issues in real time
for knowledge EC. Flaws and questions are displayed
in their own PCs. Two PCs share rules through the
network. We made six pairs from 12 users. Three pairs
used the system with the flaw detection. The other
three pairs used the system without the flaw detection.

5.3 Validity of flaw definition and question
Table 3 shows the number of the detected flaws and that
of the left flaws without rule modifications in each type
of flaw including the rules only one user independently
has. We also show the ratio of solving the flaws (solution
ratio) in Table 3. From this table, we can see that the
ratio of the left flaw is less than 5%. We asked the users
to select a reason that they did not solve the flaw from
the following options. It is asked in each unsolved flaw.
We also show the number of answers bellows.
(1) I did not modify the rule because the difference of
condition or decision is not so important. (0 times)
(2) It was a trouble to modify the rule. (0 times)
(3) I forgot to modify the rule. (0 times)
(4) We did not modify the rule because our opinions are
different. (3 times)
(5) It is difficult to judge by myself. (19 times)
(6) I think the system’s question is wrong and this flaw
should be left. (0 times)
(7) Other. (8 times)

All the reasons the users selected “Other” are “Our
rules are same, but we were not confident to keep the
rule for the group.” From the results of the question-
naire, we can see that all the reasons are caused by the
content of the rules and not caused by the definition of
flaw or the contents of the system’s questions. From the
results of the above two kinds of evaluation, we think
that the definition of flaw and the contents of questions
for solving them is valid. We also notice from these re-
sults that the rules which only one user has are left and
the most of the above reasons are that the users were
not confident to keep the rule for the group. We can
see that the users used the function of separately stor-
ing the knowledge which are public for the group and
the knowledge which are personal only for the user.
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Table 4: The number of rule operations.
(a) With the flaw detection

User User User User User User
1 2 3 4 5 6

change 4 3 13 2 2 7
deletion 3 7 11 11 4 0
addition 14 18 20 12 25 24

(b) Without the flaw detection

User User User User User User
7 8 9 10 11 12

change 0 2 0 4 1 2
deletion 1 0 20 5 1 5
addition 6 0 7 1 0 2

Table 5: Precision of rules created by each user
User User User User User User

1 3 5 7 9 11
before 0.54 0.43 0.43 0.46 — 0.54
after 0.65 0.71 0.54 0.50 0.54 0.61

5.4 Effectiveness of knowledge EC
The number of times of rule change, deletion and addi-
tion are shown in Table 4. We can see that the number
of rule operations is larger in the case with the flaw
detection than in the case without the flaw detection.
This means that the system provided more clues for
acquiring or improving knowledge to the users. How-
ever, we cannot judge whether the users could improve
their knowledge by using the system with the flaw de-
tection. If we want to know this, we have to use both
the knowledge (the rules before using the system and
the rules after using the system) in real situations.

For this evaluation, we asked one expert of gure fishing
to go fishing for two years and give us the fishing results.
We used these fishing results as test data for evaluating
the quality of the rules. There are 14 “good catch”
days and 17 “bad catch” days. We deleted randomly
three days from 17 “bad catch” days. Thus, we used
14 “good catch” days and 14 “bad catch” days as test
data. We used the rules of User 1, 3, 5, 7, 9 and 11.
We applied the rules before using the system and the
rules after using the system to the above test data. We
compared the matched rule’s class with the real case’s
class in each day.

The precision is shown in Table 5. We can see that the
precision has become higher for every user (except User
9). User 9 firstly could not understand the difference
between rules and cases and wrote many incomplete
rules. We cannot calculate the precision before using
the system because there are cases which do not match
any rule. We can also see that the improvement of pre-
cision is higher for User 1, 3 and 5 than for User 7 and
11. The precision after using the system of User 1, 3
and 5 tends to be higher than that of User 7, 9 and 11.
We can say that the users who used the system with the

Table 6: The number of rule operations by the
discussion type

Pair 1 Pair 2 Pair 3
Discussion User User User User User User
pattern 1 2 3 4 5 6

1 15 19 19 13 23 25
2 2 5 11 2 3 2
3 0 1 6 0 0 0
4 0 0 0 0 8 0
5 1 3 7 7 4 3

flaw detection could improve the quality of the knowl-
edge better than the users who used the system without
the flaw detection. The quality of the final knowledge
of the users with the flaw detection also became better
than that of the users without the flaw detection.

From the results of the two experiments in this subsec-
tion, we can see that the proposed method activated
the users’ discussions, and in the result they tried to
improve their knowledge more times, and finally the
quality of the knowledge became better.

5.5 Analysis of discussions
In this subsection, we analyze the users’ discussions for
acquiring further findings. We found that discussions
when users modify their rules are categorized as follows:
Pattern 1: The users notice the error of the rules by
discussing each other.
Pattern 2: The user does not have the experience, but
he/she understands the other user’s explanation.
Pattern 3: The user does not understand the other
user’s explanation, but he/she has confidence with the
other user and modifies his/her rule.
Pattern 4: The users disagree with each other, but one
user gives in and modifies his/her rule.
Pattern 5: The user reconsiders the rule and modifies
it by himself/herself.

We analyzed the video of the discussions, and catego-
rized all the discussions when modifying the rule ac-
cording to the above five patterns. Table 6 shows the
result. The human relationships of the pairs are as fol-
lows. In Pair 1, they met for the first time. User 1
has more advanced skills than User 2. In Pair 2, their
relationship is the master and pupil. User 3 is a pupil
and User 4 is a master. In Pair 3, they are friends and
their skills are almost same.

From Pattern 2 in Table 6, we can see the difference
of the users’ skills. In Pair 1 and Pair 2, the number
of times of modifying rules differs between the users.
From Pattern 3 in Table 6, we can see the influence of
the relationship of the master and pupil. User 3 modi-
fied the rules many times even if he did not understand
the other’s explanation. In Pair 3, User 6 tried to find a
reason to each rule learned from cases and explained it
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to the other. But his explanation sometimes seemed like
a stretch. We found many scenes where User 5 got con-
fused. User 5 is more reserved on discussions than User
6. This is why Pattern 4 occurred for User 5. From this
result, we can see that the performance of the knowl-
edge EC is influenced by the members’ relationships like
confidence and the members’ personalities. We have to
carefully select members for the knowledge EC or show
a guideline for the discussion to the members.

6. SUMMARY AND FUTURE WORKS
In this research, we proposed a model which supports
two users’ discussion for externalizing tacit knowledge
and combining the expressed knowledge for SECI model.
In our model, the computer creates knowledge by in-
ductive learning of cases and detects flaws among this
knowledge and the two kinds of knowledge expressed
by the two users respectively. It provides a question
for solving the flaw to the appropriate user. The two
users do a discussion in real-time from this question.
We applied our model to the knowledge management
in the gure-fishing domain. We asked some gure-fishing
experts to do a discussion by using this system. From
the result, we can see that the users tried to improve
the knowledge more by using our system. We also see
that the the knowledge improved by the system works
better for the real situation. The current problem of our
model is that the knowledge representation in the model
is only if-then rule. The future work of this model is to
extending other types of representation by introducing
basic natural language processing techniques.

7. REFERENCES
[1] Drucker, P.F., et al.: Harvard Business Review on

Knowledge Management, Harvard Business
School Press, 1998.

[2] Nonaka, I.: A Dynamic Theory of Organizational
Knowledge Creation, Organization Science, Vol.5,
No.1, pp. 14–37, 1994.

[3] Davenport, T. and Prusak, L.: Working
Knowledge, Harvard Business School Press, 1998.

[4] Wenger, E., McDermott, R. and Snyder, W.M.:
Cultivating Communities of Practice, Harvard
Business School Press, 2002.

[5] Jackson, P.: Introduction to Expert Systems,
Addison-Wesley Publishing Company, 1986.

[6] Grudin, J.: CSCW, Comm. of the ACM , Vol.34,
No.12, pp. 30-34, 1991.

[7] Quinlan, J.: C4.5 Programs for Machine
Learning, Morgan Kaufmann Publishers, 1993.

[8] Kawakita, J.: The KJ Method – a Scientific
Approach to Problem Solving. Technical report,
Kawakita Research Institute, 1975.

[9] Eshelman, L. and McDermotto, J.: MOLE: A
Knowledge Acquisition Tool That Uses Its Head,
Proc. of AAAI’86 , pp. 950–955, 1986.

[10] Kahn, G.: Strategies for Knowledge Acquisition,
IEEE Trans. on PAMI , No. 5, pp. 511–522, 1985.

[11] Boose, J.: A Knowledge Acquisition Program for
Expert Systems based on Personal Construct
Psychology, Journal of Man-Machine Studies ,
Vol. 23, pp. 495–525, 1986.

[12] Dabija, V.D., Tsujino, K. and Nishida, S.:
Learning to Learn Decision Trees, Proc. of
AAAI’92 , pp.88-95, 1992.

[13] Lebowitz, M.: Integrated Learning: Controlling
Explanation, Cognitive Science, Vol. 10, pp.
219–240, 1986.

[14] Towell, G.G., Shavlik, J.W. and Noordewier, M.:
Refinement of Approximate Domain Theories by
Knowledge-based Neural Networks, Proc. of
AAAI’90 , pp. 861–866, 1990.

[15] Pazzani, M.J. and Kibler, D.: The Utility of
Knowledge in Inductive Learning, Machine
Learning, Vol.9, pp.57-94, 1992.

[16] Boose, J.H. and Bradshaw, J.: Expertise Transfer
and Complex Prblems, Intl. Journal of Man-
Machine Studies , Vol. 26, No. 1, pp. 3–28, 1987.

[17] Ueda, H.: Knowledge Acquisition Support
Groupware GRAPE, IPSJ SIG Technical Reports
of HI, Vol.1991 No.18, pp.171-178, 1991.

[18] Winograd, T. and Flores, F.: Understanding
Computers and Cognition, Addison-Wesley
Publishing Company, Inc, 1986.

[19] Conklin, J. and Begeman, M.L.: gIBIS: A
Hypertext Tool for Exploratory Policy Discussion,
Proc. of CSCW’88 , pp.140-152, 1988.

[20] Shepherd, A., Mayer, N. and Kuchinsky, A.:
Strudel - An Extensible Electronic Conversation
Toolkit, Proc. of CSCW’90 , pp. 93–104, 1990.

[21] Medina-Mora, R., et al.: The Action Workflow
Approach to Workflow Management Technology,
Proc. of CSCW’92 , pp. 281-288, 1992.

[22] Nunamaker, J.M., et al.:Electronic Meeting
Systems to Support Group Work, Comm. of the
ACM , Vol.34, No.7, pp.40-61, 1991.

[23] Farnham, S., et al.: Structured Online
Interactions: Improving the Decision-Making of
Small Discussion Groups, in Proc. of CSCW’00,
pp. 299–308, 2000.

[24] Gregg, F. and Stefik, M.: Cognoter, Theory and
Practice of a Colaborative Tool, Proc. of
CSCW’86 , pp.7-15, 1986.

[25] Kohda, Y., et al.: Group Idea Processing System:
GrIPS，Journal of JSAI，Vol. 8, No. 5, pp.
65–74, 1993.

[26] Moran, T.P., van Melle, W. and Chiu, P.:
Tailorable Domain Objects as Meeting Tools for
an Electronic Whiteboard, Proc. of CSCW’98,
pp.295-304, 1998.

[27] Cox, D. and Greenberg, S.: Supporting
Collaborative Interpretation in Distributed
Groupware, Proc. of CSCW’00, pp.289-298, 2000.

158



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Academy
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Alba
    /AlbaMatter
    /AlbaSuper
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BabyKruffy
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chick
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Croobie
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /Fat
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Freshbot
    /Frosty
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GlooGun
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jenkinsv20
    /Jenkinsv20Thik
    /Jokerman-Regular
    /Jokewood
    /JuiceITC-Regular
    /Karat
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /Poornut
    /PoorRichard-Regular
    /Porkys
    /PorkysHeavy
    /Pristina-Regular
    /PussycatSassy
    /PussycatSnickers
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Square721BT-Roman
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /WeltronUrban
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


