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ABSTRACT

Mining data changes and connections from information sys-
tems (or databases) is made difficult by the different data
behaviors and relationships 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 dif-
fer 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 gener-
ating the association rules of changes from their connected
decision table. We establish evaluation criteria for the con-
nectedness of two temporal information systems with vary-
ing time delays by calculating weight-based accuracy and
coverage of the association rules of changes, adjusted by a
fuzzy membership function.
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H.2.8 [Database Management|: Database Applications
mining

Data

General Terms
Algorithms
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1. INTRODUCTION

As a tool for data analysis, data mining algorithms [3, 7|
enable us to discover useful patterns and rules from informa-
tion 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 [18, 14,
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20, 15]. Unlike conventional algorithms for mining statistical
associations, the rough set approach provides an algorithm
for logically formulating association rules in a decision table.
More specifically, minimal and consistent association rules
are computed using the 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 carried 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).
Therefore, there is an urgent requirement to integrate and
analyze distributed data for discovering valuable patterns
and rules across multiple information systems. The min-
ing 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, 23] 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 con-
nections 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 in-
terpreted as events; therefore, a time delayed connection im-
plies that one quantitative change causes another. From this
perspective, a candidate causality is analyzed and obtained
by connecting the quantitative changes in the distributed
data.

Causality [19, 10] derived from changes and connections
is valuable knowledge obtained from the integration of mul-
tiple information systems. This is because changing the val-
ues of data in one context may affect the values of data
in another context. Therefore, over and above the statisti-
cal associations in a single information system, such causal
knowledge has an advantage in that each of the conditions
implies a different effect. However, there are few approaches
to mining the changes and connections in data across mul-
tiple information systems. As discussed in [11, 21], most
knowledge discovery algorithms capture only statistical as-
sociations 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 formalize
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 infor-
mation systems for varying time delays. In order to mea-
sure the changes (including fast changing events), we pro-
pose 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.

This paper is arranged as follows. Section 2 recalls the
basic notions of rough sets. In Section 3, we describe a
connection method of two temporal information systems for
various time delays. In Section 4, we present our algorithm
for mining changes and connections from two temporal in-
formation systems. The experimental results are reported
in Section 5. Finally, we conclude this paper in Section 6.

2. ROUGH SETS

An attribute a is a mapping a: U — V, where U is a non-
empty finite set of objects (called the universe) and V, 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 Ip on U such that Ip =
{(x,y) € U? | Ya € B.a(x) = a(y)}. The equivalence class
of Ip for each object z (€ U) is denoted by [z]g. Let X be a
subset of U. We define the lower and upper approximations
of X by B(X)={z €U |[z]p CX}and B(X)={z €U |
[z]p N X #0}. A subset B of Ais areduct of Tif Ig = Ia
and there is no subset B’ of B with Ig/ = I4 (i.e., B is a
minimal set of attributes without losing discernibility).

A decision table is an information system T' = (U, AU{d})
such that each a € A is a condition attribute and d ¢ A is
a decision attribute. Let Vy be the value set {dl, coydul
of the decision attribute d. For each value d; € Vg, we
obtain a decision class U; = {z € U | d(z) = di} where
U=U1U---UUy, (ie, u=|Vy|) and for every z,y € U,
d(z) = d(y). The B-positive region of d is defined by Pg(d)
= B(U1) U --- UB(U}v,|).- A subset B of A is a relative
reduct of T if Pg(d) = Pa(d) and there is no subset B’ of
B with Ppg/(d) = Pa(d).

We define a formula (a1 = vi) A+ A (an = vp) in T
(denoting the condition of a rule) where a; € A and v; €
Va; (I < j < n). The semantics of the formula in T is
defined by [(a1 = vi) A -~ A(an = )]y = {2 € U |
ai1(x) = vi,...,an(x) = vn}. Let ¢ be a formula (a1 =
v1)A---A(an = vyn) in T. A decision rule for T' is of the form
¢ — (d = di), and it is true if [p], C [(d = di)] (= Us).
The accuracy and coverage of a decision rule r of the form
¢ — (d = d;) are respectively defined as follows.

U; N
accuracy(T,r,U;) = M
|[[<P]]T|
U; N
coverage(T,r,U;) = |T[[|SD]]T|

In the evaluations, |U;| is the number of objects in a de-
cision class U; and |[¢];| is the number of objects in the
universe U = U1 U---UUjy,| that satisfy condition ¢ of rule
r. Therefore, |U; N [¢] 1] is the number of objects satisfying
the condition ¢ restricted to a decision class U;.
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Figure 1: The connection con(T1,T2,1) of Ty = (Nat1,7, A1)
and T = (Nata,e, A2) with time delay A = 1.

3. CHANGES AND CONNECTIONS IN DATA

3.1 Connecting Information Systems

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

Each temporal information system T' = (Utime, A) is nor-
malized such that all the elements of Uime are replaced
by natural numbers. Let Nat;; denote a finite set of nat-
ural numbers such that {# € Nat | i < z < j}. Then,
we define the normalization of a temporal information sys-
tem T = (Utime, A) by N(T) = (Nat; j, A") with a bijec-
tion n: Ugime — Nat;; such that for every z,y € Usime,
z <y < n(x) <ny), [Uime| = |Nat; |, and A’ = {da’ | a €
A & Vx € Ugime.a' (n(z)) = a(x)}.

Definition 1  (Connections with a Time Delay). Let T1
= (Nat;,j, A1) and T> = (Natp,m, A2) be two normalized
temporal information systems such that 71 and T: have
no common attributes (A; N A2 = ). The connection
con(T1, T2, A) of Ty and T» with a time delay A (€ Nat) is
defined as an information system T' = (Utime, A) such that

® Utime = Nat; j N Natp/ - and

o A = {a I Utime ‘ a € Al}U{bl | b e Ay & Vx €
Utime.b' () = b(z — A)}

where a [ Uime denotes the attribute a restricted to domain
Utime, and b’ =i if h — A < i, otherwise, A’ = h — A.

In Figure 1, the tables on the left-hand side present two
normalized temporal information systems T1 = (Nat1,7, A1)
and T» = (Nata,6, A2), and the table on the right-hand side
shows the connection con(T1,T5>,1) of Ty and T>. The time
stamps of attributes b1 and by in T are decreased by the
time delay A = 1. For example, time stamp 3 of values 2
and 1 of by and b2 in 7% is changed into time stamp 2 in
con(T1,T2,1). As a result of the connection, the lowest two
rows in T3 are deleted to adjust for the size of Tb.

Let Tt = (Utime, A1) and To = (U{;me, A2) be two tem-
poral information systems. Their connection builds a de-
cision table T = con(T1,T>,A) in the rough set theory
if A2 is a singleton as a decision attribute. If A2 is not
a singleton, then 7% is reduced to an information system
T2[b] = (Ufime, {b}) for an attribute b € As. If T1 and Tp
are regarded as cause and effect information systems, then
the connection of 77 and 7% 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.



3.2 Changes and Time Delays

In order to classify data behaviors such as increase and de-
crease, we define the quantitative changes in the data values
of temporal information systems. Given two temporal infor-
mation systems 77 and T», their quantitative changes may
represent a connection between the candidate data of causes
and effects. Through the diversity of time delays, numerous
connections of the quantitative changes will be analyzed to
determine whether or not changing the values of attributes
in an information system T; affects the values of attributes
in another information system T5.

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

(difference) mq(a(z)) = a(z) — a(z — 1)
a(z) —a(z —1)
a(x)
1 if a(x) >k

(variation rate) my(a(z)) =

(threshold) m>x(a(z)) = {

0 otherwise

(variation rate of difference) w2, (a(x)) = 7y (wa(a(z)))

a(z—k)+---+a(z)+---+a(z+k)
2k +1

(trend) myp(ry(a(z)) =

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;,;,
A) be a normalized temporal information system. The quan-
titative change of T obtained by a quantitative estimation
operator m € {Tq, Ty, Tk, T<k, T2v, Ter(k) y With h,m € Nat
is an information system 7(T) = (Ugime, A") such that

® Utime = Natitn,j—m with ¢ +h < j —m and

o A'={d |ae€A&Vz € Uime.d'(z) = m(a(z))}
where h = 1 and m = 0if # = wg or my,, h = m = 0 if
T = TM>k OF <k, h =2 and m =0 if 7 = w2y, and h =k
and m =k if m = ().

The natural numbers h and m indicate that Nat; ; is reduced
to Natitn,j—m because the number of values obtained by
some operators decreases. For example, Figure 2 shows the
differences 74(T1) = (Nata,7, A}) and the results of the high
threshold m>25(T2) = (Natae, A3) estimated from T =
(Nati,7, A1) and To = (Nata,e, A2), respectively.

By increasing the time delay A from 0, the quantitative
changes 71 (71) and m2(72[b]) of two temporal information
systems T} and T5[b] are slidingly connected to achieve nu-
merous cause-effect decision tables as follows.

con(mi(Th), m2(T2[b]), 0), con(m1 (1), w2 (T2[b]), 1),
con(mi(Th), m2(T%[b]), 2), . .., con(mi (1), w2 (T2[b]), m)

Let T = (Utime, A) with A = {a1,...,an} and let quan-
titative estimation operators 7i,..., 7, be applied to each
attribute a; in T. Then, the decomposed and estimated in-
formation systems 71 (7T'[a1]), ..., 7n(T[axn]) are reconnected
by

con(m(T[a1]), con(ma(T(az]), - - - con(mn—1(T[an-1]),
ﬂ—n(T[an])v 0) e 70)70)
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Figure 2: The quantitative changes m4(7T1) and m>2.5(72).
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Figure 3: The connected decision table con(mq(T1[a1]) o
my(T1[az]), m>2.5(T2[b1]), 2) with time delay A = 2.

which is simply denoted by m1(T[a1]) o -+ o m,(T'[axn]). For
example, let w4 be a difference operator, m, be a varia-
tion rate operator, and m>2.5 be a high threshold operator.
Figure 3 shows that the quantitative changes mq(7T1[a1]) o
my(T1[az]) and 7w>2.5(T2[b1]) of T and T>[bi] in Figure 1
and Figure 2 are transformed into the connected decision
table con(mq(T1[a1]) o my(T1[az]), 7>2.5(T2[b1]),2) with time
delay A = 2 and the decision attribute b; € As.

A decision rule in the rough set theory is called an as-
sociation rule of changes if it is generated from a cause-
effect decision table con(mi(T1), m2(T2[b]), A) consisting of
the quantitative changes 71 (71) and w2 (T2 [b]).

For example, the following association rules of changes are
generated from the connected decision table con(mq(T1[a1])o
o (T1[az]), m>2.5(T2[b1]), 2) in Figure 3.

(difference) A (variation) — (threshold) A (time delay)
(a1 ZO)/\((ZQ :O.O)—>(b1 :O)A(AIQ)
(a1 =+11) A (a2 = +1/3) = (b1 = 1) A (A =2)

In these rules, the condition attributes are difference 74 and
variation rate m, and the decision attribute is threshold
T>2.5 with time delay A = 2. The first rule implies that
if the values of attributes a; and a> are neither decreased
nor increased, then the value of attribute b; does not exceed
threshold 2.5 in the next two time slots. The second rule
means that if the value of attribute a; is increased by +11
and the variation rate of the value of attribute az is +1/3,
then the value of attribute b; exceeds threshold 2.5 in the
next two time slots.

3.3 Indiscernibility and Weight

In this study, indiscernibility captures the increase and



decrease of values, and weight measures the quantity of data
behaviors.

Let T = (Utime, A U {d}) be a decision table and B be
a relative reduct of 7. The B-indiscernibility relation of
quantitative changes is defined by an equivalence relation
I% on Uiime such that

I ={(z,y) € UZe | Va € B.sign(a(z)) = sign(a(y))}.

The sign function sign(n) is defined by sign(n) = 1ifn > 0,
sign(n) = =1 if n < 0, and sign(n) =0 if n = 0.

By the B-indiscernibility %" of quantitative changes, the
semantics of the formula (a1 = vi) A+ A (an = vn) in T
is refined by [(a1 = vi) A+ A (an = vn)]% = {2 € Utime |
sign(ai(z)) = sign(vi),..., sign(an(x)) = sign(vn)}. Let
{s1,..., 84} denote sign(Vq) = {sign(d;) | d; € Va}. For
each value s; of sign(Vy) of the decision attribute d, we
define a decision class on quantitative changes U; = {z € U |
sign(d(z)) = s;} where U = Uy U -+ - U Ulsign(v,) (e, u=
|sign(Va)|) and for every x,y € Us, 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(z) of changes for each time stamp
T € Utime is defined by the following.

w(z)= Y la()|
a€AU{d}
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 intensively 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 association rules (a; = 0) A
(a2 = 0.0) — (b1 = 0) and (a1 = +11) A (a2 = +1/3) —
(b1 = 1) (shown in Section 3.2). The second association rule
importantly includes a fast changing event because of high
weight w(4).

Definition 4. (Weight-Based Accuracy and Coverage on
I%) Let U; be a decision class on quantitative changes and
let * € U;. The weight-based accuracy w_accuracy and
weight-based coverage w_coverage of a decision rule r of
the form ¢ — (d = d(z)) with d(z) € Vy are defined as
follows.

w(U; N [¢]T)
w([elT)
w(U; N [e]T)
w(Us;)

w_accuracy(T,r,U;) =

w_coverage(T,r,U;) =

where w(X) =37y w(z).

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

3.4 Connectedness

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

The consistency evaluation eval(T,r,U;) is defined by us-
ing the weight-based coverage and accuracy of a decision
rule r with a fuzzy membership function us.

w_coverage(T,r,Us;) X ps(w _accuracy(T,r,Us;))

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

1

if 0<v< =

0 i O_v_2

1 o 1 3

MS(’U): 8(1}—5)2 if §<’U§Z
1—8(v—1)3 if§<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 rq
and 79 in a connected decision table T'= (U, AU {d}).

ri: (a1 =4+1) A (a2 =—-1) = (d=+1)
ro: (a1 =4+1)A (a2 =—-1) = (d=-1)

These association rules have identical conditions; however,
their decisions contradict each other. Let Uy = {x € U |
d(z) = +1} and Uz = { € U | d(z) = —1}. If we have
w_accuracy(T,r1,Ur) = 0.45 and w_accuracy(T,r2,Us) =
0.55, then these rules are inconsistent with each other. There-
fore, the membership function results in pg(0.45) = 0 and
1s(0.55) = 0.02, and therefore, the consistency evaluations
eval(T,r1,U1) = coverage(T,r1,U1) x 0.02 and eval(T, r2,
Uz) = coverage(T,rz,Us) x 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,Uz2) = 0.1, then the first rule
should be highly evaluated due to the low conflict between
r1 and r2. In this case, the membership function yields
1s(0.89) = 0.9032 and ps(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,
Up) x 0.9032.

Let R be the family of subsets B of A in a decision table
T = (Utime, AU {d}) such that B is a relative reduct of T'.
For each reduct B € R, we can obtain the set Rp of minimal
association rules for every decision class U, i.e., each reduct
B provides a minimal set of condition attributes in A. The
maximum consistency evaluation in the set Rp is defined
by maz__eval(T, Rp,U;) = eval(T,r,U;) if r € Rp and for
every rule 7' € Rp, eval(T,r,U;) > eval(T,r',U;).

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

connectedness(T, B) = Z maz_eval(T, R, U;)

i=1,...,|sign(Vy)|

The underlying assumption behind the maximum eval-
uation maz eval(T, Rp, U;) is that the connectedness is



Algorithm: Change and Connection Mining

Input: temporal information systems 771 and T5[b],
maximum time delay m (€ Nat)

Output: time delay ¢

1: T{ =m(Ti[a1]) o -+ o mn(Ti[an)); Ts = w(T2[b]);

2: for A=0tom do

3 T = con(T{,Ts, A);

4 R = reducts(T); (based on Iy’)

5: for B€ R do

6: Cp =0;

T for i =1 to |sign(Vay)| do

8 max_eval; = 0;

9: for x € U; do

10: r =rule(z, B,T);

11: eval; = eval(T, r,U;); (using ps)
12: if maz_eval; < eval;

13: then max_eval; = evals;

14: rof

15: Cp = Cp +max_evaly;

16: rof

17: rof

18: connectednessa = max({Cp | B € R);
19: rof

20: return ¢ (connectedness; =

21: max({connectedness; | 0 < j < m}));

strengthened by the existence of one-sided association rules.
That is, it is required that a rule has a high consistency
evaluation in U; rather than the total value of consistency
evaluations for all the association rules in U;. 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 r; and the
following rule rs.

r3: (a1 = —=1)A (a2 = +1) — (d = +1)

A higher value of one is selected from the consistency eval-
uations eval(T,r1,U1) and eval(T,rs,Ur) rather than their
sum. This is because the two rules have opposite conditions
(a1 = +1) A (a2 = —1) and (a1 = —1) A (a2 = +1) deriving
the same decision (d = +1). The sum of their consistency
evaluations aggregates different behaviors, and therefore, it
does not indicate the connectedness of condition and deci-
sion attributes.

4. CHANGE AND CONNECTION MINING
ALGORITHM

Figure 4 shows a change and connection mining algorithm
for two temporal information systems 77 and 7T3[b] and a
maximum time delay m(€ Nat).

First of all, in order to analyze hidden behaviors in 71 =
(Utime,{ai,...,an}) and To[b] = (Ulime, {b}), quantitative
estimation operators 1, ..., 7, and 7 are applied to Ti[a1],
..., Than] and T>[b], and the estimated results are stored in
the variables 77 and T3 (in Line 1). Since we are not cer-
tain which time delay constructs a temporal relation suitable
for Ty and Ty, this algorithm functions to connect them in
varying time delays A from 0 to m (in Lines 2 - 19). In
the loop of the time delays, the connected decision table
T = (Ufime,{a1,...,an} U {b}) of T{ and Tj is computed

by T = con(T1,Ts,A) (in Line 3). Therefore, the connected
decision table T is one of the candidate cause-effect decision
tables to generate association rules of changes. Using the
rough set theory, minimal association rules r = rule(z, B, T)
(as in Line 10) are created for each relative reduct B in R =
reducts(T) [17], 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},T3,A) is based on the B-indiscernibility re-
lation 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 U; be a decision class on quantitative changes where

time = U1U- - -UU|sign(v;)| In the connected decision table
T. Each decision class on quantitative changes U; corre-
sponds to one of the values of sign(V;) of decision attribute
b. Then, the association rules r = rule(x, B,T) for all the
time stamps x in U; are generated for every ¢ = 1, ...,
|sign(V4)| (in Lines 7 - 16). The function rule(x, B,T) sim-
ply determines a decision rule for each item z (in U) in
information system 7' using each reduct of B. For each i
from 1 to |sign(V4)|, we obtain the maximum consistency
evaluation (stored in the variable maz eval;) by calculat-
ing eval(T,r,U;) (in Lines 11 - 13). Finally, the connect-
edness of T{ and Ty for each relative reduct B (stored in
variable Cp) is calculated (in Line 15). For every current
time delay A, we select the maximum connectedness de-
noted by connectednessa from all the relative reducts B in
R (in Line 18). After the loop of the time delays (Lines 2 -
19), a time delay ¢ with the maximum connectedness is re-
turned by comparing the connectedness for each time delay
in0<j<m.

S. EXPERIMENTAL RESULTS

We implemented the change and connection mining algo-
rithm in Java. In order to evaluate the proposed mining
algorithm on real-world data, two time-series data sets were
built as shown in Figure 4, by downloading climate data and
medical data in Tokyo from the web sites of [2, 1]. On the
left-hand side of Figure 4, 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 4, the medical data set consists
of weekly reported numbers of influenza victims per hos-
pital in Tokyo from September 4 2006 until June 17 2007.
These data sets can be represented by the two normalized
temporal information systems 77 = (N1 315, {temperature,
humidity}) and T> = (N5 45, {influenza}). The sizes of data
sets and attributes are obtained from information systems,
e.g., Th = (N1 315, {temperature, humidity}) implies (daily)
315 items and two attributes. We simply denote the at-
tributes temperature, humidity, and influenza by a¢, an,
and by, respectively.

Let my, m¢r(10), <35, and 74 be quantitative estimation
operators. For the climate data, first, to exclude noisy
data the long-term behaviors of daily temperatures are es-
timated by the trends 7:(10)(T1[a:]) of the temperatures in
Ti[at]. Then, the increase-decrease rates of the trends are
calculated by the variation rates m, (m(10y(T1[a¢])). Second,
we set the threshold such that the changes m<35(T1[an]) of
humidity in 7i[ap] are denoted by —1 if their values de-
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Figure 4: Climate data and medical data in Tokyo.
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-~ (tempreture = +1) & (humidity = —1) —> (influenza = —1)
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Figure 5: The consistency evaluation and the connectedness in con(my (myr(10)(T1[ac])) © m<ss(Th[an]), expr(ma(Ta[bs]), A)).

crease to equal to or less than 35%. For the medical data,
the differences mq(T2[bf]) of the numbers of influenza vic-
tims in T3 [by] are regarded as candidate effects of the quan-
titative changes  (mr10)(T1[at])) © m<s5(T1[arn]). Unlike
estimating the variation rates of temperatures, the num-
bers of victims are absolute values; therefore, the differ-
ences 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
o (mer(10) (T1[ae])) © w<35(T1[an]) and expr(ma(T2[bs])) of Th
and T»[bf] with an expansion function expr. Since Th[by]
consists of weekly data, we expand it to daily data de-
noting the differences per week. Let T' = (Nat; ;, A) and
k > 1. Then, the expansion function is defined by expy (1) =
(Utime, A") such that Ugime = Nat(;—1).k+1,5.5 and A" = {a’ |
a € A & Vx € Utime.a'(z) = a(quotient(z + k — 1,k)) }.
Figure 5 represents the outcomes of applying the algo-
rithm to the two temporal information systems 71 and 1% [by].
Let T be the connected decision table con(m, (74 (10)(T1[at]))o
m<35(T1[an]), expr(wa(T2[bs])), A). The left-hand side of Fig-
ure 5 shows the consistency evaluations eval(T, r, U;) for the
time delays A = 0,...,13 where r is an association rule
(at = at(x)) A (an = an(z)) — (bf = bs(z)) for a time stamp

x € U; where at(z) € Va,, an(z) € Vi, and by(z) € V.
In order to overview the association rules with respect to
the B-indiscernibility I%°, each association rule is general-
ized by (ar = sign(a:(z))) A (an, = sign(an(z))) — (by =
sign(bs(z))) for a time stamp x € U; where sign(a¢(z))
€ {-1,0,+1}, sign(an(z)) € {—1,0}, and sign(bs(z)) €
{—1,0,+41}. In this figure above, the generalized association
rules are listed by indexing the plot styles for their consis-
tency evaluations. In particular, it can be seen that the gen-
eralized association rule (a; = —1)A(ap = —1) — (by = +1)
has a high consistency evaluation through the whole time de-
lays, compared with the other rules. Note that the value of
each generalized association rule in the figure totally indi-
cates the evaluation obtained by measuring the weights of
association rules with similar data behaviors. The high eval-
uation 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 difficult to select a time-delayed de-
cision table that consistently connects the different contexts
of distributed data.

On the right-hand side of Figure 5, our experimental result



indicates the connectedness evaluated for each of the time
delays A = 0,...,13. As indicated by the result in the
figure, the algorithm returns the time delay A = 2 (denoting
two days) that has the maximum connectedness 0.2698 of T}
and T3 [bf]. Further, high connectedness values 0.2685 and
0.2617 are given for the time delays A = 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. CONCLUSION

We have proposed a method for mining the changes and
time-delayed connections from two temporal information sys-
tems in the rough set theory. As a novel approach, we es-
tablish a distinction between the indiscernibility and weight
of quantitative changes in the rough-set rule generation and
evaluation. Our method contains the quantitative estima-
tions for extracting the changes in numeric values from dif-
ferent data sets. The proposed mining algorithm slidingly
connects the quantitative changes in distributed data to gen-
erate (candidate) cause-effect decision tables for various time
delays. 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 connected-
ness between two information systems. The experimental
result indicates that our method can discover certain time
delays that causally connect the climate data and the med-
ical data of Tokyo.
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