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Abstract

Mining data changes and connections from information systems (or
databases) is made difficult by the different data behaviors and rela-
tionships across multiple data sets. When making a decision, such
a dynamic and integrated knowledge base can be used to set useful
rules (e.g., causality) that differ from the statistical associations in a
single resource. In this paper, using techniques based on the rough
set theory, we propose a change and connection mining algorithm for
discovering a time delay between the quantitative changes in the data
of two temporal information systems and for generating the associa-
tion rules of changes from their connected decision table. We establish
evaluation criteria for the connectedness of two temporal information
systems with varying time delays by calculating weight-based accuracy
and coverage of the association rules of changes, adjusted by a fuzzy
membership function.

keywords: rough set theory, fuzzy theory, change and connection min-
ing, causality

1 Introduction

As a tool for data analysis, data mining algorithms [3, 7] enable us to dis-
cover useful patterns and rules from information systems (or databases). In
the algorithms, association rules are generated from the frequent attributes
(or itemsets) in an information system. In addition, numerous techniques for
extracting association rules (known as decision rules) have been proposed in
the field of rough set theory [19, 15, 21, 16]. Unlike conventional algorithms
for mining statistical associations, the rough set approach provides an algo-
rithm for logically formulating association rules in a decision table. More
specifically, minimal and consistent association rules are computed using the

1This paper is an extended version of [13].
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lower approximation of a rough set by checking for any logical combination
of condition and decision attributes.

More importantly, the integration of multiple information systems is car-
ried out to create useful data that a single information system does not yield.
In the environment of computer systems, sources of data are distributed
across multiple sites, contexts, and domains (e.g., data on the web). Even
in a local site, (e.g., in computer systems of enterprises), multiple informa-
tion systems are often separated and incompatible with each other when
independently designed by users during a long period. Therefore, there is
an urgent requirement to integrate and analyze distributed data for dis-
covering valuable patterns and rules across multiple information systems.
The mining of association rules from multiple information systems has to
be realized in a highly sophisticated manner, as it involves analyzing and
integrating various data in different contexts of the systems. Existing data
mining algorithms [5, 12, 25] effectively and statistically integrate multiple
data resources; however, they do not attempt to establish data behaviors
and relationships across multiple data sets.

To enable integration and discovery, time and space stamps should be
used as references for examining changes and connections in different data
sets. The references can be used to indicate a time delay between the
time-stamped data of two distributed information systems. The quantitative
changes in the temporal data of such information systems can be interpreted
as events; therefore, a time delayed connection implies that one quantitative
change causes another. From this perspective, a candidate causality is ana-
lyzed and obtained by connecting the quantitative changes in the distributed
data.

Causality [20, 10] derived from changes and connections is valuable
knowledge obtained from the integration of multiple information systems.
This is because changing the values of data in one context may affect the
values of data in another context. Therefore, over and above the statistical
associations in a single information system, such causal knowledge has an
advantage in that each of the conditions implies a different effect. How-
ever, there are few approaches to mining the changes and connections in
data across multiple information systems. As discussed in [11, 23], most
knowledge discovery algorithms capture only statistical associations that
are substantially different from causality.

In this paper, we propose a change and connection mining algorithm
based on the notions of attribute reduction and minimal rule generation in
the rough set theory. We assume that attribute data in information systems
are associated with time stamps. For the purpose of mining, we formal-
ize the quantitative changes that are estimated using different operators;
these results are used to derive the association rules of changes by slidingly
connecting two temporal information systems for varying time delays. In
order to measure the changes (including fast changing events), we propose
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weight-based accuracy and coverage of the association rules with respect to
the indiscernibility of changes. These evaluations identify the connectedness
of the two temporal information systems for each time delay.

Our algorithm for mining changes and connections has the following
interesting features.

• Minimal rules: The minimal rule generation in the rough set theory
enables us to obtain minimal association rules using attribute reduc-
tion. Minimal causes provide better explanations of effects, as em-
ployed in abductive reasoning [22].

• Consistent rules: The discernibility of decision classes in the rough
set theory is used to derive consistent rules, i.e., logically, inconsistent
rules ϕ → α and ϕ → ¬α are excluded. As a result, the consistency is
suitable for establishing the connectedness of distributed data due to
the small conflict among the consistent rules.

• Connections between quantitative changes: In order to discover
a strong connection between information systems, we evaluate the as-
sociation rules of changes that are generated from the quantitative
changes in estimating the values of data.

• Time delays: Mining of changes and connections is realized by con-
sidering different time delays between the data of two temporal infor-
mation systems. This is temporally consistent because of the adher-
ence to the assumption in the causal theory [24], i.e., “if A causes B,
then A occurs earlier than B.”

These features follow the three classical conditions under which A causes B
(as defined in [11]): (i) statistical associations between the values of A and
B, (ii) the direction of causality, and (iii) no common causes of A and B.

This paper is arranged as follows. Section 2 briefly recalls the basic
notions of rough sets. In Section 3, we describe a connection method of
two temporal information systems for various time delays. As part of the
method, we propose the notions of quantitative changes in attribute values
and the association rules of changes. Then, we establish the connectedness
of two temporal information systems for each time delay that is evaluated by
weight-based accuracy and coverage. In Section 4, we present our algorithm
for mining changes and connections from two temporal information systems.
The experimental results are reported in Section 5. Finally, we discuss the
related work to our approach in Section 6 and conclude this paper in Section
7.
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2 Rough Sets

An attribute a is a mapping a : U → Va where U is a non-empty finite set
of objects (called the universe) and Va is the value set of a. An information
system is a pair T = (U, A) of the universe U and a non-empty finite set
A of attributes. Let B be a subset of A. The B-indiscernibility relation
is defined by an equivalence relation IB on U such that IB = {(x, y) ∈
U2 | ∀a ∈ B.a(x) = a(y)}. The equivalence class of IB for each object x
(∈ U) is denoted by [x]B. Let X be a subset of U . We define the lower
and upper approximations of X by B(X) = {x ∈ U | [x]B ⊆ X} and
B(X) = {x ∈ U | [x]B ∩X �= ∅}. A subset B of A is a reduct of T if IB = IA

and there is no subset B′ of B with IB′ = IA (i.e., B is a minimal set of
attributes without losing discernibility).

A decision table is an information system T = (U, A∪{d}) such that each
a ∈ A is a condition attribute and d �∈ A is a decision attribute. Let Vd be
the value set {d1, . . . , du} of the decision attribute d. For each value di ∈ Vd,
we obtain a decision class Ui = {x ∈ U | d(x) = di} where U = U1∪· · ·∪U|Vd|
(i.e., u = |Vd|) and for every x, y ∈ Ui, d(x) = d(y). The B-positive region
of d is defined by PB(d) = B(U1) ∪ · · · ∪B(U|Vd|). A subset B of A is a
relative reduct of T if PB(d) = PA(d) and there is no subset B′ of B with
PB′(d) = PA(d).

We define a formula (a1 = v1) ∧ · · · ∧ (an = vn) in T (denoting the
condition of a rule) where aj ∈ A and vj ∈ Vaj (1 ≤ j ≤ n). The semantics
of the formula in T is defined by [[(a1 = v1) ∧ · · · ∧ (an = vn)]]T = {x ∈ U |
a1(x) = v1, . . . , an(x) = vn}. Let ϕ be a formula (a1 = v1) ∧ · · · ∧ (an = vn)
in T . A decision rule for T is of the form ϕ → (d = di), and it is true if
[[ϕ]]T ⊆ [[(d = di)]]T (= Ui). The accuracy and coverage of a decision rule r
of the form ϕ → (d = di) are respectively defined as follows.

accuracy(T, r, Ui) =
|Ui ∩ [[ϕ]]T |

|[[ϕ]]T |
coverage(T, r, Ui) =

|Ui ∩ [[ϕ]]T |
|Ui|

In the evaluations, |Ui| is the number of objects in a decision class Ui and
|[[ϕ]]T | is the number of objects in the universe U = U1 ∪ · · · ∪ U|Vd| that
satisfy condition ϕ of rule r. Therefore, |Ui ∩ [[ϕ]]T | is the number of objects
satisfying the condition ϕ restricted to a decision class Ui.

3 Changes and Connections in Data

In this section, we present a connection method for two temporal information
systems with various time delays. We establish the quantitative changes in
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the attribute values of temporal information systems and formulate the as-
sociation rules of changes in a connected decision table. For each of the time
delays, the connectedness of two temporal information systems is evaluated
by our proposed weight-based accuracy and coverage.

3.1 Connecting Information Systems

A temporal information system is an information system T = (Utime, A)
where the objects x of Utime denote time stamps (e.g., dates and weeks) and
for each attribute a ∈ A, a(x) maps the value of a at time stamp x.

Each temporal information system T = (Utime, A) is normalized such
that all the elements of Utime are replaced by natural numbers. Let Nat i,j

denote a finite set of natural numbers such that {x ∈ Nat | i ≤ x ≤ j}.
Then, we define the normalization of a temporal information system T =
(Utime, A) by N(T ) = (Nat i,j , A

′) with a bijection n : Utime → Nat i,j such
that for every x, y ∈ Utime, x < y ⇔ n(x) < n(y), |Utime| = |Nat i,j |,
and A′ = {a′ | a ∈ A & ∀x ∈ Utime.a

′(n(x)) = a(x)}. For example,
T1 = ({2001-1-1, 2001-1-2, 2001-1-3}, A1) is normalized by the natural num-
ber set Nat1,3 = {1, 2, 3}, i.e., N(T1) = (Nat1,3, A

′
1) where n(2001-1-1) = 1,

n(2001-1-2) = 2, and n(2001-1-3) = 3.

Lemma 1 Every temporal information system is translated into a normal-
ized temporal information system.

In the remainder of this paper, we will focus on normalized temporal infor-
mation systems because of this lemma.

We define a connection of two normalized temporal information systems
with a time delay by matching and arranging time stamps.

Definition 1 (Connections with a Time Delay) Let T1 = (Nat i,j , A1)
and T2 = (Nath,m, A2) be two normalized temporal information systems such
that T1 and T2 have no common attributes (A1 ∩ A2 = ∅). The connection
con(T1, T2, Δ) of T1 and T2 with a time delay Δ (∈ Nat) is defined as an
information system T = (Utime, A) such that

• Utime = Nat i,j ∩ Nath′,m−Δ and

• A = {a�Utime | a ∈ A1} ∪ {b′ | b ∈ A2 & ∀x ∈ Utime.b
′(x) = b(x − Δ)}

where a�Utime denotes the attribute a restricted to domain Utime, and h′ = i
if h − Δ < i, otherwise, h′ = h − Δ.

In Figure 1, the tables on the left-hand side present two normalized temporal
information systems T1 = (Nat1,7, A1) and T2 = (Nat2,6, A2), and the table
on the right-hand side shows the connection con(T1, T2, 1) of T1 and T2. The
time stamps of attributes b1 and b2 in T2 are decreased by the time delay Δ =
1. For example, time stamp 3 of values 2 and 1 of b1 and b2 in T2 is changed
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time a1 a2

1 3 1
2 3 1
3 3 2
4 5 3
5 16 4
6 3 4
7 1 2

&

time b1 b2

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

=⇒

time a1 a2 b1 b2

1 3 1 2 1
2 3 1 2 1
3 3 2 1 3
4 5 3 3 4
5 16 4 5 5

Figure 1: The connection con(T1, T2, 1) of T1 = (Nat1,7, A1) and T2 =
(Nat2,6, A2) with time delay Δ = 1.

into time stamp 2 in con(T1, T2, 1). As a result of the connection, the lowest
two rows in T1 are deleted to adjust for the size of T2. Furthermore, this
connection method can be applied to more than two information systems.
For example, the connection con(con(T1, T2, Δ1), T3, Δ2) is obtained when
we integrate three information systems T1, T2, and T3 with time delays Δ1

and Δ2.
Let T1 = (Utime, A1) and T2 = (U ′

time, A2) be two temporal information
systems. Their connection builds a decision table T = con(T1, T2, Δ) in the
rough set theory if A2 is a singleton as a decision attribute. If A2 is not a
singleton, then T2 is reduced to an information system T2[b] = (U ′

time, {b})
for an attribute b ∈ A2. Alternatively, we can translate from A2 into a
singleton without losing the information. Let A2 = {b1, . . . , bn}. Then,
the translation is defined such that the attributes b1, . . . , bn are expressed
by an n-tuple, i.e., T f

2 = (U ′
time, {f(b1,...,bn)}) where for every x ∈ U ′

time,
f(b1,...,bn)(x) = (b1(x), . . . , bn(x)). Therefore, we obtain two decision tables
con(T1, T2[b], Δ) and con(T1, T

f
2 , Δ). If T1 and T2 are regarded as cause and

effect information systems, then the connection of T1 and T2 with a time
delay leads to a cause-effect decision table. However, if the data behavior
cannot be interpreted in terms of a decision table, a cause-effect decision
table cannot be generated. In addition to the varying of time delays, we
have to extract data behaviors by estimating the changes in the data values
of both cause and effect information systems.

3.2 Changes and Time Delays

In order to classify data behaviors such as increase and decrease, we de-
fine the quantitative changes in the data values of temporal information
systems. Given two temporal information systems T1 and T2, their quan-
titative changes may represent a connection between the candidate data of
causes and effects. Through the diversity of time delays, numerous connec-
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tions of the quantitative changes will be analyzed to determine whether or
not changing the values of attributes in an information system T1 affects the
values of attributes in another information system T2.

Definition 2 (Quantitative Estimation Operators)
Several quantitative estimation operators for the numeric values a(x) of at-
tributes are defined by the following.

(difference) πd(a(x)) = a(x) − a(x − 1)

(variation rate) πv(a(x)) =
a(x) − a(x − 1)

a(x)

(threshold) π≥k(a(x)) =

{
1 if a(x) ≥ k

0 otherwise
(variation rate of difference) π2v(a(x)) = πv(πd(a(x)))

(trend) πtr(k)(a(x)) =
a(x−k)+· · ·+a(x)+· · ·+a(x+k)

2k + 1

These operators are (sometimes compositionally) used to estimate the
quantitative changes in temporal information systems T as follows.

Definition 3 (Quantitative Changes) Let T = (Nat i,j , A) be a normal-
ized temporal information system. The quantitative change of T obtained
by a quantitative estimation operator π ∈ {πd, πv, π≥k, π≤k, π2v, πtr(k)} with
h, m ∈ Nat is an information system π(T ) = (Utime, A

′) such that

• Utime = Nat i+h,j−m with i + h ≤ j − m and

• A′ = {a′ | a ∈ A & ∀x ∈ Utime.a
′(x) = π(a(x))}

where h = 1 and m = 0 if π = πd or πv, h = m = 0 if π = π≥k or π≤k,
h = 2 and m = 0 if π = π2v, and h = k and m = k if π = πtr(k).

The natural numbers h and m indicate that Nat i,j is reduced to Nat i+h,j−m

because the number of values obtained by some operators decreases. For ex-
ample, Figure 2 shows the differences πd(T1) = (Nat2,7, A

′
1) and the results of

the high threshold π≥2.5(T2) = (Nat2,6, A
′
2) estimated from T1 = (Nat1,7, A1)

and T2 = (Nat2,6, A2), respectively.
In the process of data analysis, we are not certain about the tempo-

ral relationship between two information systems; therefore, they should be
combined exhaustively in a scope of time delays. By increasing the time
delay Δ from 0, the quantitative changes π1(T1) and π2(T2[b]) of two tem-
poral information systems T1 and T2[b] are slidingly connected to achieve
numerous cause-effect decision tables as follows.

con(π1(T1), π2(T2[b]), 0), con(π1(T1), π2(T2[b]), 1),
con(π1(T1), π2(T2[b]), 2), . . . , con(π1(T1), π2(T2[b]), m)
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time a1 a2

1 3 1
2 3 1
3 3 2
4 5 3
5 16 4
6 3 4
7 1 2

=⇒

time a1 a2

2 0 0
3 0 +1
4 +2 +1
5 +11 +1
6 -13 0
7 -2 -2

time b1 b2

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

=⇒

time b1 b2

2 0 0
3 0 0
4 0 1
5 1 1
6 1 1

Figure 2: The quantitative changes πd(T1) and π≥2.5(T2).

Let T = (Utime, A) with A = {a1, . . . , an} and let quantitative estima-
tion operators π1, . . . , πn be applied to each attribute aj in T . Then, the
decomposed and estimated information systems π1(T [a1]), . . . , πn(T [an]) are
reconnected by

con(π1(T [a1]), con(π2(T [a2]), · · · con(πn−1(T [an−1]),
πn(T [an]), 0) · · · , 0), 0)

which is simply denoted by π1(T [a1]) ◦ · · · ◦ πn(T [an]). For example, let
πd be a difference operator, πv be a variation rate operator, and π≥2.5 be
a high threshold operator. Figure 3 shows that the quantitative changes
πd(T1[a1]) ◦ πv(T1[a2]) and π≥2.5(T2[b1]) of T1 and T2[b1] in Figure 1 and
Figure 2 are transformed into the connected decision table con(πd(T1[a1]) ◦
πv(T1[a2]), π≥2.5(T2[b1]), 2) with time delay Δ = 2 and the decision attribute
b1 ∈ A2.

3.3 Association Rules of Changes

We define association rules with respect to quantitative changes, which are
employed to evaluate the connectedness of two temporal information sys-
tems. Let T1 and T2[b] be two temporal information systems and π1 and
π2 be quantitative estimation operators. A decision rule in the rough set
theory is called an association rule of changes if it is generated from a cause-
effect decision table con(π1(T1), π2(T2[b]), Δ) consisting of the quantitative
changes π1(T1) and π2(T2[b]). It should be noted that the association rules
of changes (a1 = v1) ∧ · · · ∧ (an = vn) → (b = v) adhere to the natures of

8



time a1 a2

1 0 0.0
2 0 +1.0
3 +2 +0.5
4 +11 +1/3
5 -13 0.0
6 -2 −0.5

&

time b1

2 0
3 0
4 0
5 1
6 1

=⇒

time a1 a2 b1

1 0 0 0
2 0 +1.0 0
3 +2 +0.5 1
4 +11 +1/3 1

Figure 3: The connected decision table con(πd(T1[a1])◦πv(T1[a2]), π≥2.5(T2[b1]),
2) with time delay Δ = 2.

causality as follows.

(i) The cause-effect decision table is built by the quantitative changes
in the data of two temporal information systems T1 and T2[b] that
correspond to the data behaviors of causes and effects.

(ii) A time delay exists such that the time stamps of the condition at-
tributes a1 = v1, . . . , an = vn in π1(T1) occur earlier than those of the
decision attribute b = v in π2(T2[b]).

For example, the following association rules of changes are generated
from the connected decision table con(πd(T1[a1])◦πv(T1[a2]), π≥2.5(T2[b1]), 2)
in Figure 3.

(difference) ∧ (variation)→(threshold) ∧ (time delay)
(a1 = 0) ∧ (a2 = 0.0)→(b1 = 0) ∧ (Δ = 2)

(a1 = +11) ∧ (a2 = +1/3)→(b1 = 1) ∧ (Δ = 2)

In these rules, the condition attributes are difference πd and variation rate πv

and the decision attribute is threshold π≥2.5 with time delay Δ = 2. The first
rule implies that if the values of attributes a1 and a2 are neither decreased
nor increased, then the value of attribute b1 does not exceed threshold 2.5 in
the next two time slots. The second rule means that if the value of attribute
a1 is increased by +11 and the variation rate of the value of attribute a2 is
+1/3, then the value of attribute b1 exceeds threshold 2.5 in the next two
time slots.

3.4 Indiscernibility and Weight

In order to interpret the association rules of changes, we would like to make a
distinction between the indiscernibility and weight of quantitative changes
by improving the evaluation of decision rules in the rough set theory. In
this study, indiscernibility captures the increase and decrease of values, and
weight measures the quantity of data behaviors.
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Let T = (Utime, A ∪ {d}) be a decision table and B be a relative reduct
of T . The B-indiscernibility relation of quantitative changes is defined by
an equivalence relation Iqc

B on Utime such that

Iqc
B = {(x, y) ∈ U2

time | ∀a ∈ B.sign(a(x)) = sign(a(y))}.
The sign function sign(n) is defined by sign(n) = 1 if n > 0, sign(n) = −1
if n < 0, and sign(n) = 0 if n = 0.

By the B-indiscernibility Iqc
B of quantitative changes, the semantics of the

formula (a1 = v1)∧ · · · ∧ (an = vn) in T is refined by [[(a1 = v1)∧ · · ·∧ (an =
vn)]]qc

T = {x ∈ Utime | sign(a1(x)) = sign(v1), . . . , sign(an(x)) = sign(vn)}.
Let {s1, . . . , su} denote sign(Vd) = {sign(dj) | dj ∈ Vd}. For each value si of
sign(Vd) of the decision attribute d, we define a decision class on quantitative
changes Ui = {x ∈ U | sign(d(x)) = si} where U = U1∪· · ·∪U|sign(Vd)| (i.e.,
u = |sign(Vd)|) and for every x, y ∈ Ui, sign(d(x)) = sign(d(y)).

We consider scanning not only quantitative changes but also those events
that drastically change attribute values (which we refer to as fast changing
events). As a measuring method, the weight w(x) of changes for each time
stamp x ∈ Utime is defined by the following.

w(x) =
∑

a∈A∪{d}
||a(x)||

where || || : R → R is the absolute value function such that ||n|| = n if
n ≥ 0, otherwise, ||n|| = −n. For example, the connected decision table
in Figure 3 contains fast changing events because a1(4) = +11 is an inten-
sively higher value than the other values. Therefore, we obtain high weight
w(4) = 12.33 · · · for time stamp 4 but low weight w(1) = 0 for time stamp
1. Weights w(1) and w(4) can be used to respectively evaluate the two as-
sociation rules (a1 = 0)∧ (a2 = 0.0) → (b1 = 0) and (a1 = +11)∧ (a2 = +1/
3) → (b1 = 1) (shown in Section 3.3). The second association rule impor-
tantly includes a fast changing event because of high weight w(4).

Definition 4 (Weight-Based Accuracy and Coverage on Iqc
B ) Let Ui

be a decision class on quantitative changes and let x ∈ Ui. The weight-based
accuracy w accuracy and weight-based coverage w coverage of a decision
rule r of the form ϕ → (d = d(x)) with d(x) ∈ Vd are defined as follows.

w accuracy(T, r, Ui) =
w(Ui ∩ [[ϕ]]qc

T )
w([[ϕ]]qc

T )

w coverage(T, r, Ui) =
w(Ui ∩ [[ϕ]]qc

T )
w(Ui)

where w(X) =
∑

x∈X w(x).

The accuracy and coverage unify similar data behaviors on indiscernibility
and measure the quantity of data behaviors on the weight.
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3.5 Connectedness

The connectedness of two temporal information systems is significantly eval-
uated by weight-based accuracy and coverage. First, we define a consistency
evaluation that finds a most consistent association rule for each decision
class. Second, we estimate the total value of the maximum consistency
evaluations for all the decision classes.

The consistency evaluation eval(T, r, Ui) is defined by using the weight-
based coverage and accuracy of a decision rule r with a fuzzy membership
function μS as follows.

eval(T, r, Ui) = w coverage(T, r, Ui) × μS(w accuracy(T, r, Ui))

The fuzzy membership function μS : [0, 1] → [0, 1] (similar to the S fuzzy
set [6]) is defined by the following.

μS(v) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

0 if 0 ≤ v ≤ 1
2

8(v − 1
2
)2 if

1
2

< v ≤ 3
4

1 − 8(v − 1)2 if
3
4

< v ≤ 1

By applying the membership function to each accuracy value, we determine
whether or not each association rule is suitable for connecting two temporal
information systems. In other words, association rules with low accuracy
values should be eliminated even if their coverage values are high. This
is because such rules are inconsistent with some other rules; however, we
intend to find consistent rules beyond statistical associations. The reason
why we use the fuzzy membership function is to emphasize the accuracy
values of (in)consistent rules.

For example, consider the following association rules r1 and r2 in a con-
nected decision table T = (U, A ∪ {d}).

r1 : (a1 = +1) ∧ (a2 = −1) → (d = +1)
r2 : (a1 = +1) ∧ (a2 = −1) → (d = −1)

These association rules have identical conditions; however, their decisions
contradict each other. Let U1 = {x ∈ U | d(x) = +1} and U2 = {x ∈ U |
d(x) = −1}. If we have w accuracy(T, r1, U1) = 0.45 and w accuracy(T, r2,
U2) = 0.55, then these rules are inconsistent with each other. Therefore,
the membership function results in μS(0.45) = 0 and μS(0.55) = 0.02, and
therefore, the consistency evaluations eval(T, r1, U1) = coverage(T, r1, U1)×
0.02 and eval(T, r2, U2) = coverage(T, r2, U2) × 0 return very low values.
In contrast, if we have the other values w accuracy(T, r1, U1) = 0.89 and
w accuracy(T, r2, U2) = 0.1, then the first rule should be highly evaluated
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due to the low conflict between r1 and r2. In this case, the membership
function yields μS(0.89) = 0.9032 and μS(0.1) = 0. Thus, the accuracy
value of the first association rule will affect the consistency evaluation by
calculating eval(T, r1, U1) = coverage(T, r1, U1) × 0.9032.

Let R be the family of subsets B of A in a decision table T = (Utime, A∪
{d}) such that B is a relative reduct of T . For each reduct B ∈ R,
we can obtain the set RB of minimal association rules for every decision
class Ui, i.e., each reduct B provides a minimal set of condition attributes
in A. The maximum consistency evaluation in the set RB is defined by
max eval(T, RB, Ui) = eval(T, r, Ui) if r ∈ RB and for every rule r′ ∈ RB,
eval(T, r, Ui) ≥ eval(T, r′, Ui).

Definition 5 (Connectedness on Association Rules of Changes) The
connectedness of condition and decision attributes for each relative reduct B
of T is defined by

connectedness(T, B) =
∑

i=1,...,|sign(Vd)|
max eval(T, RB, Ui)

The underlying assumption behind the maximum evaluation max eval(T, RB,
Ui) is that the connectedness is strengthened by the existence of one-sided
association rules. That is, it is required that a rule has a high consistency
evaluation in Ui rather than the total value of consistency evaluations for
all the association rules in Ui. From the assumption, a maximum value of
one is selected from the association rules of different conditions implying the
same decision. For example, consider the above rule r1 and the following
rule r3.

r3 : (a1 = −1) ∧ (a2 = +1) → (d = +1)

A higher value of one is selected from the consistency evaluations eval(T, r1, U1)
and eval(T, r3, U1) rather than their sum. This is because the two rules have
opposite conditions (a1 = +1) ∧ (a2 = −1) and (a1 = −1) ∧ (a2 = +1) de-
riving the same decision (d = +1). The sum of their consistency evaluations
aggregates different behaviors, and therefore, it does not indicate the con-
nectedness of condition and decision attributes.

We calculate the connectedness for each of the connected decision tables
such that the association rules of changes are generated and evaluated by
sliding the connection of two temporal information systems. From various
time delays, a maximum connectedness is discovered as a strong connection
of the systems.

4 Change and Connection Mining Algorithm

This section describes a change and connection mining algorithm for two
temporal information systems T1 and T2[b] and a maximum time delay

12



Algorithm: Change and Connection Mining

Input: temporal information systems T1 and T2[b],
maximum time delay m (∈ Nat)

Output: time delay t
1: begin
2: T ′

1 = π1(T1[a1]) ◦ · · · ◦ πn(T1[an]); T ′
2 = π(T2[b]);

3: for Δ = 0 to m do
4: T = con(T ′

1, T
′
2, Δ);

5: R = reducts(T ); (based on Iqc
B )

6: for B ∈ R do
7: CB = 0;
8: for i = 1 to |sign(Vd)| do
9: max evali = 0;
10: for x ∈ Ui do
11: r = rule(x, B, T );
12: evali = eval(T, r, Ui); (using μS)
13: if max evali < evali then max evali = evali;
14: rof
15: CB = CB + max evali;
16: rof
17: rof
18: connectednessΔ = max({CB | B ∈ R);
19: rof
20: return t (connectednesst = max({connectednessj | 0 ≤ j ≤ m}));
21: end;

Figure 4: The change and connection mining algorithm for two temporal
information systems T1 and T2[b].

m(∈ Nat). As shown in Figure 4, this algorithm generates and evaluates
association rules of changes in the connections of T1 and T2[b] for various
time delays.

First of all, in order to analyze hidden behaviors in T1 = (Utime, {a1, . . . , an})
and T2[b] = (U ′

time, {b}), quantitative estimation operators π1, . . . , πn and π
are applied to T1[a1], . . . , T1[an] and T2[b], and the estimated results are
stored in the variables T ′

1 and T ′
2 (in Line 2). Since we are not certain

which time delay constructs a temporal relation suitable for T ′
1 and T ′

2, this
algorithm functions to connect them in varying time delays Δ from 0 to
m (in Lines 3 - 19). In the loop of the time delays, the connected de-
cision table T = (U ′′

time, {a1, . . . , an} ∪ {b}) of T ′
1 and T ′

2 is computed by
T = con(T ′

1, T
′
2, Δ) (in Line 4). Therefore, the connected decision table

13
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Figure 5: Climate data and medical data in Tokyo.

T is one of the candidate cause-effect decision tables to generate associa-
tion rules of changes. Using the rough set theory, minimal association rules
r = rule(x, B, T ) (as in Line 11) are created for each relative reduct B in
R = reducts(T ) [18], i.e., B is a subset of the set {a1, . . . , an} in T that
supplies a minimal set of condition attributes of rules. Computing the set
R = reducts(T ) of relative reducts of T = con(T ′

1, T
′
2, Δ) is based on the B-

indiscernibility relation of quantitative changes by extending the standard
reduct set computation in [4]. In other words, the reducts are computed by
the standard reduct set algorithm that is extended by the B-indiscernibility
relation of quantitative changes.

Let Ui be a decision class on quantitative changes where U ′′
time = U1 ∪

· · · ∪ U|sign(Vb)| in the connected decision table T . Each decision class on
quantitative changes Ui corresponds to one of the values of sign(Vb) of de-
cision attribute b. Then, the association rules r = rule(x, B, T ) for all the
time stamps x in Ui are generated for every i = 1, . . . , |sign(Vb)| (in Lines 8
- 16). The function rule(x, B, T ) simply determines a decision rule for each
item x (in U) in information system T using each reduct of B. For each i
from 1 to |sign(Vb)|, we obtain the maximum consistency evaluation (stored
in the variable max evali) by calculating eval(T, r, Ui) (in Lines 12 - 13).
Finally, the connectedness of T ′

1 and T ′
2 for each relative reduct B (stored

in variable CB) is calculated (in Line 15). For every current time delay Δ,
we select the maximum connectedness denoted by connectednessΔ from all
the relative reducts B in R (in Line 18). After the loop of the time delays
(Lines 3 - 19), a time delay t with the maximum connectedness is returned
by comparing the connectedness for each time delay in 0 ≤ j ≤ m.

5 Experimental Results

We implemented the change and connection mining algorithm in Java. In
order to evaluate the proposed mining algorithm on real-world data, two

14
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Figure 6: Temperature data in T1[at], and the quantitative changes
πtr(10)(T1[at]) and πv(πtr(10)(T1[at])).

time-series data sets were built as shown in Figure 5, by downloading climate
data and medical data in Tokyo from the web sites of [2, 1]. On the left-
hand side of Figure 5, the climate data set contains the daily observed
data of minimum temperature and humidity in Tokyo from August 7 2006
until July 15 2007. On the right-hand side of Figure 5, the medical data
set consists of weekly reported numbers of influenza victims per hospital
in Tokyo from September 4 2006 until June 17 2007. These data sets can
be represented by the two normalized temporal information systems T1 =
(N1,315, {temperature, humidity}) and T2 = (N5,45, {influenza}). The sizes
of data sets and attributes are obtained from information systems, e.g.,
T1 = (N1,315, {temperature, humidity}) implies (daily) 315 items and two
attributes. We simply denote the attributes temperature, humidity, and
influenza by at, ah, and bf , respectively.

Let πv, πtr(10), π≤35, and πd be quantitative estimation operators. Fig-
ures 6 - 8 demonstrate the results of applying the quantitative estimation
operators to the climate data and the medical data of Tokyo.

For the climate data, first, to exclude noisy data the long-term behaviors
of daily observed temperatures are estimated by the trends πtr(10)(T1[at]) of
the temperatures in T1[at] on the left-hand side in Figure 6. Then, the
increase-decrease rates of the trends are calculated by the variation rates
πv(πtr(10)(T1[at])) from the data of the trends πtr(10)(T1[at]) on the right-
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Figure 7: Humidity data in T1[ah] and the quantitative change π≤35(T1[ah])).
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Figure 8: Influenza data in T1[bf ] and the quantitative change πd(T2[bf ]).

hand side. Second, we set the threshold such that the changes π≤35(T1[ah])
of humidity in T1[ah] are denoted by −1 if their values decrease to equal to
or less than 35% at the time stamp. Figure 7 presents the daily observed
humidity levels in the temporal information system T1[ah] on the left-hand
side. Then, the quantitative changes π≤35(T1[ah]) are estimated from the
data of T1[ah] on the right-hand side.

For the medical data, the differences πd(T2[bf ]) of the numbers of in-
fluenza victims in T2[bf ] are regarded as candidate effects of the quantita-
tive changes πv(πtr(10)(T1[at]))◦π≤35(T1[ah]). Figure 8 shows the number of
influenza victims for each week in the temporal information system T1[bf ]
on the left-hand side and the differences πd(T2[bf ]) estimated from the data
of T1[bf ] on the right-hand side. Unlike estimating the variation rates of
temperatures, the numbers of victims are absolute values; therefore, the
differences should be calculated (since absolute values contain 0).

After the estimation, we turn to connecting the climate data and the
medical data by using the quantitative changes πv(πtr(10)(T1[at]))◦π≤35(T1[ah])
and exp7(πd(T2[bf ])) of T1 and T2[bf ] with an expansion function exp7. Since
T2[bf ] consists of weekly data, we expand it to daily data denoting the dif-
ferences per week. Let T = (Nat i,j , A) and k > 1. Then, the expansion
function is defined by expk(T ) = (Utime, A

′) such that
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• Utime = Nat (i−1)·k+1,j·k and

• A′ = {a′ | a ∈ A & ∀x ∈ Utime.a
′(x) = a(quotient(x + k − 1, k))}.

Figure 9 represents the outcomes of applying the algorithm to the two
temporal information systems T1 and T2[bf ]. Let T be the connected de-
cision table con(πv(πtr(10)(T1[at])) ◦ π≤35(T1[ah]), exp7(πd(T2[bf ])), Δ). The
left-hand side of Figure 9 shows the consistency evaluations eval(T, r, Ui) for
the time delays Δ = 0, . . . , 13 where r is an association rule (at = at(x)) ∧
(ah = ah(x)) → (bf = bf (x)) for a time stamp x ∈ Ui where at(x) ∈ Vat ,
ah(x) ∈ Vah

, and bf (x) ∈ Vbf . In order to overview the association rules
with respect to the B-indiscernibility Iqc

B , each association rule is general-
ized by (at = sign(at(x))) ∧ (ah = sign(ah(x))) → (bf = sign(bf (x))) for a
time stamp x ∈ Ui where sign(at(x)) ∈ {−1, 0, +1}, sign(ah(x)) ∈ {−1, 0},
and sign(bf (x)) ∈ {−1, 0, +1}. In this figure above, the generalized as-
sociation rules are listed by indexing the plot styles for their consistency
evaluations. In particular, it can be seen that the generalized association
rule (at = −1) ∧ (ah = −1) → (bf = +1) has a high consistency evaluation
through the whole time delays, compared with the other rules. Note that
the value of each generalized association rule in the figure totally indicates
the evaluation obtained by measuring the weights of association rules with
similar data behaviors. The high evaluation of the generalized rule reports
that if the values of the temperature decrease and the humidity are equal to
or under the 35 percent limit, then the number of influenza victims increases.
Without the consistency evaluation and various time delays, it would be dif-
ficult to select a time-delayed decision table that consistently connects the
different contexts of distributed data.

On the right-hand side of Figure 9, our experimental result indicates
the connectedness evaluated for each of the time delays Δ = 0, . . . , 13. As
indicated by the result in the figure, the algorithm returns the time delay
Δ = 2 (denoting two days) that has the maximum connectedness 0.2698
of T1 and T2[bf ]. Further, high connectedness values 0.2685 and 0.2617
are given for the time delays Δ = 3 and 1 (denoting three days and one
day). This result confirms the existence of certain time delays that strongly
connect the climate data and the medical data of Tokyo.

6 Related Work

Many data mining algorithms for multiple databases have been proposed in
the area of data mining and knowledge discovery. Cheung et al [5] devel-
oped a distributed algorithm DMA (for Distributed Mining of Association
rules). This algorithm is efficient because the number of candidate item-
sets is reduced by locally pruning itemsets in multiple databases. Jin and
Agrawal [12] established new operators for querying frequent patterns across
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Figure 9: The consistency evaluation and the connectedness in
con(πv(πtr(10)(T1[at])) ◦ π≤35(T1[ah]), exp7(πd(T2[bf ]), Δ)).

multiple databases and presented an algorithm for finding an optimized
query plan across multiple databases. These approaches can find frequent
patterns in multiple databases; however they cannot analyze quantitative
changes and temporal relationships in data across multiple databases. Zhu
and Wu [25] developed an algorithm for discovering relational patterns where
multiple databases are jointed together to construct a hybrid frequent pat-
tern tree. The relational patterns are constraints described by relationships
and operators on support values in multiple databases. Unlike their algo-
rithm, our algorithm for mining changes and connections with some time
delays is closely related to the mining of causality in time-series data, essen-
tially differing from the frequent relational patterns.

As described in [14], several causal discovery systems have been devel-
oped such as CaMML, TETRAD, and TimeSleuth. Their algorithms and
systems infer causal relationships based on Bayesian learning ideas. Silver-
stein et al.[23] proposed a constraint-based algorithm for discovering causal-
ity. They distinguished causality mining from traditional association rule
mining as simply finding a statistical relationship between itemsets. Our
method is related to such causal discovery research because the minimal
and consistent rules with time delays follow some notions of the causal the-
ories. In comparison, their methods basically analyze the values of original
data; however, our work attempts to estimate quantitative changes (includ-
ing fast changing events) and time-delayed connections in the data of two
temporal databases. In other words, our algorithm formulates association
rules under the indiscernibility of unifying similar data behaviors and the
weight of measuring quantities. These rules are significantly used to evaluate
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the connectedness of two databases for each of different time delays.
In the area of the rough set theory, several studies have been undertaken

on mining temporal data. Hirano and Tsumoto [8] presented a method for
finding patterns from spatio-temporal data using rough set based clustering.
This approach can group sequences from a single spatio-temporal informa-
tion system wherein data are associated with time and spatial positions.
In comparison, our work proposes to distinguish between the indiscerni-
bility and weight in the rule generation so that fast changing events and
time-delayed connections can be detected from the quantitative changes in
distributed data.

As a rough set research, Milton , Maheswari, and Siromoney [17] pro-
posed to simply combine multiple information systems on the axis of com-
mon attributes. Their work is based on the relational learning of multiple
relations in inductive logic programming. However, in the research, no eval-
uation criteria for connecting multiple information systems were presented
and no algorithm for analyzing quantitative changes and time delays be-
tween two information systems was considered. In addition, Inuiguchi [9]
extended a rule induction method for multi-agent rough sets. His method
can analyze a conflict tolerance of multiple decision tables that have identical
objects and attributes. In contrary, we consider multiple information sys-
tems with different attributes for analyzing their changes and time-delayed
connections. By using the time stamps of data, a connected decision table is
constructed such that one information system is used as condition attributes
and the other information system is used as decision attributes.

7 Conclusion and Future Work

We have proposed a method for mining the changes and time-delayed con-
nections from two temporal information systems in the rough set theory.
As a novel approach, we establish a distinction between the indiscernibil-
ity and weight of quantitative changes in the rough-set rule generation and
evaluation. Our method contains the quantitative estimations for extract-
ing the changes in numeric values from different data sets. The proposed
mining algorithm slidingly connects the quantitative changes in distributed
data to generate (candidate) cause-effect decision tables for various time de-
lays. We devise an evaluation method for the consistency in the association
rules of changes by adjusting weight-based accuracy and coverage in order
to compute the connectedness between two information systems. The ex-
perimental result indicates that our method can discover certain time delays
that causally connect the climate data and the medical data of Tokyo.

Our future research is concerned with establishing an algebra for complex
queries of the quantitative estimation operators in order to discover changes
and connections across multiple information systems for users’ requirements.
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In practical applications, users could indicate such complex queries that help
decide the direction to capture the implicit essence of data when data mining
relies on domain knowledge.
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Rough set algorithms in classification problem. In L. Polkowski,
S. Tsumoto, and T. Young Lin, editors, Rough set methods and ap-
plications, pages 49–88. Physica-Verlag, 2000.

[5] D. W. Cheung, V. T. Y. Ng, A. W. Fu, and Y. Fu. Efficient mining of
association rules in distributed databases. IEEE Trans. Knowl. Data
Eng., 8(6):911–922, 1996.

[6] J. Galindo. Fuzzy Databases: Modeling, Design, and Implementation.
IGI Publishing, 2006.

[7] J. Han, J. Pei, and Y. Yin. Mining frequent patterns without candidate
generation. In Proceedings of the 2000 ACM SIGMOD International
Conference on Management of Data, pages 1–12, 2000.

[8] S. Hirano and S. Tsumoto. A clustering method for spatio-temporal
data and its application to soccer game records. In Proceedings of the
10th International Conference on Rough Sets, Fuzzy Sets, Data Mining,
and Granular Computing, pages 612–621, 2005.

[9] M. Inuiguchi. Rule induction based on multi-agent rough sets. In
Computational Intelligence and Industrial Applications: Proceedings of
ISCIIA 2006, pages 320–327, 2006.

20



[10] D. D. Jensen. Beyond prediction: Directions for probabilistic and re-
lational learning. In Proceedings of the 17th International Conference
on Inductive Logic Programming (ILP 2007), LNCS 4894, pages 4–21,
2007.

[11] D. D. Jensen, A. S. Fast, B. J. Taylor, and M. E. Maier. Automatic iden-
tification of quasi-experimental designs for discovering causal knowl-
edge. In KDD ’08: Proceeding of the 14th ACM SIGKDD international
conference on Knowledge discovery and data mining, pages 372–380,
2008.

[12] R. Jin and G. Agrawal. Systematic approach for optimizing complex
mining tasks on multiple databases. In Proceedings of the 22nd Inter-
national Conference on Data Engineering (ICDE 2006), page 17, 2006.

[13] K. Kaneiwa. A rough set approach to mining connections from informa-
tion systems. In In Proceedings of the 25th ACM Symposium on Applied
Computing (ACM SAC 2010), Track on Data Mining, to appear.

[14] K. Karimi and H. J. Hamilton. Distinguishing causal and acausal tem-
poral relations. In Proc. of the 7th Pacific-Asia Conference on Advances
in Knowledge Discovery and Data Mining (PAKDD 2003), LNCS 2637,
2003.

[15] J. Komorowski, L. Polkowski, and A. Skowron. Rough sets: a tutorial.
In S.K. Pal and editors A. Skowron, editors, Rough-Fuzzy Hybridization:
A New Method for Decision Making, pages 3–98. Springer-Verlag, 1998.

[16] Y. Kudo and T. Murai. A note on characteristic combination patterns
about how to combine objects in object-oriented rough set models. In
Third International Conference on Rough Sets and Knowledge Technol-
ogy (RSKT 2008), pages 115–123, 2008.

[17] R. S. Milton, V. U. Maheswari, and A. Siromoney. Studies on rough
sets in multiple tables. In Rough Sets, Fuzzy Sets, Data Mining, and
Granular Computing, 10th International Conference (RSFDGrC 2005),
pages 265–274, 2005.

[18] S. K. Pal and P. Mitra. Pattern Recognition Algorithms for Data Min-
ing: Scalability, Knowledge Discovery, and Soft Granular Computing.
Chapman & Hall, Ltd., 2004.

[19] Z. Pawlak. Rough Sets: Theoretical Aspects of Reasoning about Data.
Kluwer Academic Publishers, 1992.

[20] J. Pearl. Causality: models, reasoning, and inference. Cambridge Uni-
versity Press, 2000.

21



[21] L. Polkowski, S. Tsumoto, and T. Young Lin. A rough set perspective
on knowledge discovery in information systems. In Rough set methods
and applications, pages 9–45. Physica-Verlag, 2000.

[22] K. Satoh and S. Tojo. Disjunction of causes and disjunctive cause: a so-
lution to the paradox of conditio sine qua non using minimal abduction.
In JURIX’06, 2006.

[23] C. Silverstein, S. Brin, R. Motwani, and J. D. Ullman. Scalable
techniques for mining causal structures. Data Min. Knowl. Discov.,
4(2/3):163–192, 2000.

[24] M. Tooley. Time, Tense, and Causation. Oxford University Press, 2000.

[25] X. Zhu and X. Wu. Discovering relational patterns across multiple
databases. In Proceedings of the 23rd International Conference on Data
Engineering (ICDE 2007), pages 726–735, 2007.

22



<<
  /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 /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /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 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /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 [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


