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Time series analysis has always been an important and interesting research field due to its frequent
appearance in different applications. In the past, many approaches based on regression, neural networks
and other mathematical models were proposed to analyze the time series. In this paper, we attempt to use
the data mining technique to analyze time series. Many previous studies on data mining have focused on
handling binary-valued data. Time series data, however, are usually quantitative values. We thus extend
our previous fuzzy mining approach for handling time-series data to find linguistic association rules. The

Z?S’:;\g‘:?is(;n rule proposed approach first uses a sliding window to generate continues subsequences from a given time
Data mining series and then analyzes the fuzzy itemsets from these subsequences. Appropriate post-processing is
Fuzzy set then performed to remove redundant patterns. Experiments are also made to show the performance of
sliding window the proposed mining algorithm. Since the final results are represented by linguistic rules, they will be
Time series friendlier to human than quantitative representation.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Time series analysis has always been an important and inter-
esting research field due to its frequent appearance in different
applications. Some domains such as bioinformatics [2,13], medical
treatment [27] and finance [7] especially emphasize it for making
good prediction and decision. A time series is usually composed
of lots of data points, each of which represents a value at a cer-
tain time. In the past, many approaches based on regression [22],
neural networks [16,25,31] and other mathematical models [10]
were proposed to analyze the time series. Many previous studies
on data mining have focused on handling binary-valued data. Time
series data, however, are usually quantitative values, so designing
a sophisticated data-mining algorithm able to deal with this type of
data presents a challenge to workers in this research field [12,31].

Recently, fuzzy set theory has been used more and more
frequently in intelligent systems because of its simplicity and simi-
larity to human reasoning [20,33]. It was first proposed by Zadeh in
1965 [33]. It is primarily concerned with quantifying and reason-
ing using natural language in which words can have ambiguous
meanings. This can be thought of as an extension of traditional
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crisp sets, in which each element must either be in or not in a set.
The theory has been applied in fields such as manufacturing, engi-
neering, diagnosis, economics, among others [15,20,24,29]. Several
fuzzy learning algorithms for inducing rules from given sets of data
have been designed and used to good effect with specific domains.
As to fuzzy data mining, Hong et al. proposed several fuzzy mining
algorithms to mine linguistic association rules from quantitative
data [16,19,23]. They transformed each quantitative item into a
fuzzy set and used fuzzy operations to find fuzzy rules. The min-
ing results obtained could be smooth due to the fuzzy membership
characteristics. Cai et al. proposed a weighted mining approach to
reflect different importance to different items [8]. Each item was
attached a numerical weight given by users. Weighted supports
and weighted confidences were then defined to determine inter-
esting association rules. Yue et al. then extended their concepts to
fuzzy item vectors [32].

In this paper, we thus extend our previous approach [16] and
propose a fuzzy mining algorithm for time series to find linguistic
association rules. The proposed approach first uses a sliding win-
dow to generate continues subsequences from a given time series
and then analyzes the fuzzy itemsets from these subsequences.
Appropriate post-processing is also performed to remove redun-
dant patterns.

The proposed approach thus has two advantages. Firstly, since
the final results are represented by linguistic rules, they will be
friendlier to human than quantitative representation. Secondly, one
problem for association-rule mining approaches is that too many
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rules may be generated. Through the post-processing procedure in
the algorithm, lots of redundant rules can be filtered such that the
mined rules can be compact. Users can thus utilize the rules more
easily.

The remaining parts of this paper are organized as follows. Some
related works and the proposed approach for mining fuzzy associ-
ation rules on time series are given in Section 2. An example to
illustrate the proposed algorithm is described in Section 3. Experi-
ments to demonstrate the performance of the proposed algorithm
are stated in Section 4. A discussion is given in Section 5. Conclu-
sions and future works are given in Section 6.

2. Mining fuzzy association rules for time series

Data mining is most commonly used in attempts to induce
association rules from transaction data [6]. The goal is to discover
important associations among items such that the presence of some
items in a transaction will imply the presence of some other items.
To achieve this purpose, Agrawal and his co-workers proposed sev-
eral mining algorithms based on the concept of large itemsets to
find association rules in transaction data [3-6].

Das et al. proposed a mining algorithm for time-series analysis
[12]. Their approach composed of two phases: time-series dis-
cretization and association-rule generation. In the discretization
phase, the approach used a clustering method to find basic shapes
from time series, and then transformed the time series into a dis-
cretized series based on the basic shapes found. In the second phase,
an Apriori-like method was used to generate association rules. The
rules found out in the above way were different from traditional
association rules. The rule format was “If A occurs, then B occurs
within time T”, which meant the occurrence of B was followed by A
within T time units. In addition, Yuan et al. proposed a mining algo-
rithm for discovering quantitative movement pattern from time
series. A rule mined out might be like this: “If the rate of exchange
of some stock rises 15%, then its closing price may rise 10%”.

In handling time-series data, Song and Chissom proposed a fuzzy
stochastic fuzzy time series and its models by assuming its val-
ues are fuzzy sets [26]. Chen and Hwang proposed a two-factor
time-variant fuzzy time series model to deal with forecasting prob-
lems [9]. Au and Chan proposed a fuzzy mining approach to find
fuzzy rules for time series classification [1]. Watanabe exploited
the Takagi-Sugeno model to build a time-series model [28].

The proposed fuzzy mining algorithm in this paper integrates
the fuzzy sets, the Apriori mining algorithm, and the time-series
concepts to find out appropriate linguistic association rules. It first
generates continuous subsequences from the given time series by
a sliding window size. The algorithm then uses membership func-
tions to transform data points in each subsequence into fuzzy sets.
After transformation, the scalar cardinalities of all linguistic terms
are calculated as their fuzzy counts. The mining process then finds
fuzzy large itemsets based on the fuzzy counts. A post-processing
step is then performed to remover redundant fuzzy large item-
sets. The fuzzy association rules are finally discovered from the
fuzzy large itemsets. Details of the proposed mining algorithm are
described below.

The proposed fuzzy time-series mining algorithm:

INPUT: A time series S with k data points, a set of h membership
functions for data values, a predefined minimum support
o, a predefined minimum confidence A, and a sliding-
window size w.
OUTPUT: A set of fuzzy association rules with confidence values
from S.

STEP 1: Transform the time series S into a set of subsequences
WI(S) according to the sliding-window size w. That is,
W(S) = {splsp = (dp, dpy1, ..., dpyw-1), p=Tt0k —w+1},
where d,, is the value of the p-th data pointin S.

STEP 2: Transform thej-th (j =1 tow)quantitative value v,; in each
subsequencesp (p=1tok —w+1)into afuzzy set f,; repre-
sented as (fpj1/Rj1 +fpj2/Rj2 + . . . + fpjn/Rjn) using the given
membership functions, where R; is the I-th fuzzy region
of the j-th data point in each subsequence, h is the number
of fuzzy memberships, and f; is vp;’s fuzzy membership
value in region R;. Each Rj is called a fuzzy item.

STEP 3: Calculate the scalar cardinality of each fuzzy item R;; as:

k—w+1

COUTltj[ = E fpjl'
p=1

STEP 4: Collect each fuzzy item to form the candidate 1-itemsets
C.

STEP 5: Check whether the support value (=countj/k —w+1) of
each Ry (p<j<p+w-1and 1<l<h)inC; is larger than
or equal to the predefined minimum support value «. If
Ry satisfies the above condition, put it in the set of large
1-itemsets (L ). That is:

L1 = {Rylcounty > o, 1 <j<p+w-Tland1<I<h}.

STEP 6: IF L, is not null, then do the next step; otherwise, exit the
algorithm.

STEP 7: Setr=1, where ris used to represent the number of fuzzy
items in the current itemsets to be processed.

STEP 8: Join the large r-itemsets L to generate the candidate
(r+1)-itemsets C.1 in a way similar to that in the apri-
ori algorithm [6] except that two items generated from
the same order of data points in subsequences cannot
simultaneously exist in an itemset in C..1. Restated, the
algorithm first joins L and L, under the condition that
r—1items in the two itemsets are the same and the other
one is different. It then keeps in C..; the itemsets which
have all their sub-itemsets of r items existing in L and do
not have any two items R;, and R;; of the same j.

STEP 9: Do the following substeps for each newly formed (r+1)-
itemset [ with fuzzy items (I, I, . . ., I;+1) in Creq:

(a) Calculate the fuzzy value of Iin each subsequence sp as
fir = fflp AfISZP AL Affril , Wheref,JS_P is the membership

value of fuzzy item [; in sp. If the minimum operator is
used for the intersection, then:

r+1
Sp _ NinfS,
1P = Minfyv.
j=11

(b) Calculate the count of I in all the subsequences as:
k-w+1

county = E fr.
p=1

(c) If the support (=count;/k —w+1) of I is larger than or
equal to the predefined minimum support valuec, put
itin Lysq.

STEP 10: If L,+q is null, then do the next step; otherwise, setr=r+1
and repeat STEPs 8-10.

STEP 11: Shift each large itemsets (Iy, I, ..., Ig), g>2, into
(I3, 15, ..., 1g), such that the fuzzy region R; in Iy will
become Ry in I} and a fuzzy region R;; in the other items
becomes R(;_j+1);, Where R;; is the [-th fuzzy region of the
Jj-th data point in each subsequence.
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Table 1
The time series used in this example.

Time series

1,6,9,8,4,3,7,9,6,4,2,4,7,8,3

STEP 12: Remove redundant large itemsets from the results after
STEP 11.

STEP 13: Construct the association rules for each large g-itemset I
(after STEP 12) with items (I1, I, .. ., Ig), 4> 2, using the
following substeps:

(a) Form each possible association rule as follows:
I]A...AI/<,1AI]<+1A...AIQ—)Ik, k:ltoq.
(b) Calculate the confidence values of all association rules
by the following formula:
St
S AL AR L AL AR

STEP 14: Output the association rules with confidence values larger

than or equal to the predefined confidence threshold A.

Note that in STEP 2, the transformation from data val-
ues to fuzzy sets in each subsequence can be simplified
by removing the first fuzzy set from the previous subse-
quence and add the fuzzy set derived from the last data
point in the current one.

3. An example

In this section, a simple example is given to show how the pro-
posed algorithm can generate fuzzy association rules from the given
time series. Assume the data points in the time series are given as
shown in Table 1.

The time series in Table 1 contains 15 data points. Each data
point represents a value at a certain time. For example, the second
data point in the time series means the value obtained at time 2 is
6.

Assume the fuzzy membership functions for the data values
are defined as shown in Fig. 1. There are three fuzzy membership
functions, Low, Middle and High, used in this example.

For the time series given in Table 1, the proposed mining algo-
rithm proceeds as follows.

STEP 1: The given time series is first transformed into a set of
subsequences according to the predefined window size.
Assume the given window size is 5. There are totally
11(=15-5+1) subsequences obtained from the time
series. The results are shown in Table 2.

STEP 2: The data values in each subsequence are then trans-
formed into fuzzy sets according to the membership

Membership
value Low Middle High

1 —

0 2 5 6 9 data value

Fig. 1. The membership functions used in this example.

Table 2

The subsequences obtained from the given time series for w=>5.
Sp Subsequence Sp Subsequence
Sy (1,6,9,8,4) s7 (7,9,6,4,2)
52 (6,9,8,4,3) Sg (9,6,4,2,4)
s3 (9,.8,4,3,7) Sq (6,4,2,4,7)
S4 (8,4,3,7,9) S10 (4,2,4,7,8)
S5 (4,3,7,9,6) S11 (2,4,7,8,3)
S6 (3,7,9,6,4)

functions given in Fig. 1. Take the first value v1; (=1) in the
subsequence s; as an example. The value “1” is converted
into the fuzzy set ((1/A; - Low) + (0/A; - Middle) + (0/A1 -
High)), where A;-term is a fuzzy region of the i-th data in
the subsequences and is called a fuzzy item. This step is
repeated for the other data points and subsequences, with
the results shown in Table 3.

STEP 3: The scalar cardinality of each fuzzy item is
calculated as its count value. Take the fuzzy
item A;-Low as an example. Its scalar cardinal-
ity=(1+0+0+0+0.33+0.67+0+0+0+0.33+1)=3.33.
This step is repeated for the other fuzzy items, with the
results shown in the bottom row of Table 3.

STEP 4: All the fuzzy items are collected as the candidate 1-
itemsets.

STEP 5: For each fuzzy item, its count is checked against
the predefined minimum support value «. Assume in
this example, « is set at 30%. Since the support val-
ues of Ay-Low, Ai-Middle, A,-Middle, As-Middle, As-High,
A4-Middle, As-Low, and As-Middle, are all larger than 30%,
these items are thus put in L; (Table 4).

STEP 6: Since Ly is not null, the next step is then done.

STEP 7: Set r=1, where r is the number of fuzzy items in the cur-
rent itemsets to be processed.

Table 3
The fuzzy sets transformed from the data in Table 2.
Sp A] Az A3 A4 A5
L M H L M H L M H L M H L M H
S1 1 0 0 0 1 0 0 0 1 0 0.33 0.67 0.33 0.67 0
S2 0 1 0 0 0 1 0 0.33 0.67 0.33 0.67 0 0.67 0.33 0
S3 0 0 1 0 0.33 0.67 0.33 0.67 0 0.67 0.33 0 0 0.67 0.33
Sa4 0 0.33 0.67 0.33 0.67 0 0.67 0.33 0 0 0.67 0.33 0 0 1
S5 0.33 0.67 0 0.67 0.33 0 0 0.67 0.33 0 0 1 0 1 0
S 0.67 0.33 0 0 0.67 0.33 0 0 1 0 1 0 0.33 0.67 0
s7 0 0.67 0.33 0 0 1 0 1 0 0.33 0.67 0 1 0 0
Sg 0 0 1 0 1 0 0.33 0.67 0 1 0 0 0.33 0.67 0
S 0 1 0 0.33 0.67 0 1 0 0 0.33 0.67 0 0 0.67 0.33
S10 0.33 0.67 0 1 0 0 033 0.67 0 0 0.67 0.33 0 0.33 0.67
S11 1 0 0 0.33 0.67 0 0 0.67 0.33 0 0.33 0.67 0.67 0.33 0
Count 3.33 4.67 3 2.66 5.34 3 2.66 5.01 3.33 2.66 5.34 3 3.33 5.34 2.33
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Table 4 Table 6
The set of large 1-itemsets L; for this example. The fuzzy counts of the itemsets in C,.
Itemset Support Itemset Support Itemset Count Itemset Count
A;j-Low 0.303 As-High 0.303 Ai-LownA,-Middle 2.67 A,-Middle N As-High 2.33
A;-Middle 0.425 Ay-Middle 0.485 A;-LownAs-Middle 1.33 A,-Middle N A4-Middle 3
A,-Middle 0.485 As-Low 0.303 Ai-LownAs-High 233 A,-Middle N As-Low 1.66
As-Middle 0.455 As-Middle 0.485 Ai-LownA4-Middle 1.66 A,-Middle N As-Middle 3.67
Ai-LownAs-Low 1.33 As-Middle N A4-Middle 2.66
Aq-LownAs-Middle 2.33 As-Middle N As-Low 2.33
Aq-Middle N A,-Middle 1.66 As-Middle N As-Middle 3
X . . . A;-Middle N As-Middle 2.67 As-HighnA4-Middle 2.33
STEP 8: In t_hls step, the candidate set C+q is generated from L;. A:-Middle N As-High 133 As-High 1 As-Low 166
C, is then first generated from L; as follows: (A;-Low, A, -Middle n As-Middle 334 As-Highn As-Middle 233
Ay-Middle), (Aq-Low, As-Middle), (A;-Low, As-High), Ay-Middlen As-Low 1.67 As-MiddlenAs-Low 2.33
(A1-Low, A4-Middle), (Ay-Low, As-Low), (A; <LOW,A5-Middle), Aq ~M1‘ddleﬁA5~M1‘ddle 233 A4-Middle N As-Middle 2.99
A,-Middle nAs-Middle 2.33

(Ay-Middle, Ay-Middle), (A, -Middle, As-Middle), (A,-Middle,
As-High), (Aq-Middle, A4-Middle), (A;-Middle, As-Low),
(A1-Middle, As-Middle), (Ay-Middle, As-Middle), (A -Middle,
Ay High), (A,-Middle, A;-Middle), (Ay-Middle, As-Low),
(Ay-Middle, As-Middle), (A3-Middle, A4-Middle), (A3-Middle,
As-Low), (As-Middle, As-Middle), (As-High, A, Middle),
(A3-High, As-Low), (As-High, As-Middle), (A4-Middle,
As-Low), and (A4-Middle, As-Middle). Note that no two (a) All the possible association rules are first formed from
fuzzy items with the same 4; are put in a candidate the large itemsets. In this example, only the large 2-

2-itemset. itemset (A;-Middle N A4-Middle) exists. The following
STEP 9: The following substeps are done for each newly formed two possible association rules are then formed:

candidate itemset. L 1. If A; = Middle, then A4 =Middle;
(a) The fuzzy membership value of each candidate item- 2. If A, =Middle, then A; = Middle;

STEP 12: The two large itemsets (A;-MiddlenA4-Middle) and
(A1-Middle N A4-Middle) are the same and only one of them
is kept.

STEP 13: The association rules for each large itemset are then con-
structed by the following substeps.

set in each subsequence is calculated. Here, assume
the minimum operator is used for the intersection.
Take (Aq-Low, A,-Middle) as an example. The derived
membership value for this candidate 2-itemset in s, is
calculated as: min(1.0, 0.67)=0.67. The results for the
other subsequences are shown in Table 5.

The results for the other 2-itemsets can be derived
in a similar way.

(b) The scalar cardinality (count) of each candidate 2-
itemset in the time series is then calculated. Results
for this example are shown in Table 6.

(c) The supports of the above candidate itemsets are
then calculated and compared with the prede-
fined minimum support (30%). In this example,
only the two itemsets, (A1-MiddleNA4-Middle) and
(Ay-Middle N As-Middle), satisfy this condition. They
are thus kept in L, (Table 7).

Since L is not null in the example, r=r+1=2. STEPs 7-9

are then repeated to find Ls. Cs is first generated from L.

In this example, no candidate 3-itemsets can be formed.

L3 is thus an empty set. STEP 11 then begins.

The large 2-itemset (A,-Middle N As-Middle) is then shifted

into (A1-Middle N A4-Middle) since its first region occurs in

Aj.

(b) The confidence values of the above association rules
are then calculated. Take the first association rule
as an example. The fuzzy counts of A;-Middle, and
A4-Middle are calculated as 4.67 and 3.34. The con-
fidence of the association rule “If A; =Middle, then
A4 =Middle” is then calculated as:
2;1:1(,41 Middle N A4.Middle) 3 34 o

Z;L (A;.Middle) 4.67
Results for the other rule are shown below.
“If A4 = Middle, then A; = Middle” has a confidence of

0.626;

STEP 14: The confidence values of the above association rules are

then compared with the predefined confidence threshold
A.Assume A is setat 0.65. The following rule is thus output
to users:

1.1fA; = Middle, then A4 = Middle, with a confidence fac-
tor of 0.72;

This rule means that if the value of a data point is mid-
dle, then the value of a data point after three time units
will also be middle with a high probability. The above rule
can thus be used as the meta-knowledge concerning the
given time series.

4. Experimental results

Table 5 In this section, the experiments made to show the performances
The membership values for A1-Low N A;-Middle. of the proposed method are described. They were implemented
s Ay-Low Ay-Middle Ay -Low N A, -Middle in Visual C++ 6.0 at a personal computer with Intel Pentium IV
; P ] o 3.00 GH; anq 512MB R.AM..The dataset consisted of the first 100
5 0 0 00 stock prices in Japan Nikkei 225 market from June, 30, 1989 [11],
3 0 033 0.0 which is shown in Fig. 2. The sliding-window size was set at 5.
4 0 0.67 0.0
5 0.33 0.33 0.33
6 0.67 0.67 0.67 Table 7
7 0 0 0.0 The itemsets and their fuzzy supports in L,.
g 8 (1) 67 88 Itemset Support
10 0.33 0 0.0 Ay -Middle n As-Middle 0.304
11 1 0.67 0.67 A;-Middle n As-Middle 0.334
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Fig. 2. The first 100 stock prices in Japan Nikkei 225 market from June, 30, 1989.

Membership
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0 34300 34700 35100 35500  data value

Fig. 3. The membership functions used in the experiments.

Assume the fuzzy membership functions for the data values
are defined as shown in Fig. 3. There are three fuzzy membership
functions, Low, Middle and High, used in the experiments.

Experiments were first made to show the relationships between
numbers of association rules and minimum support values along
with different minimum confidence values. The results are shown
in Fig. 4.

From Fig. 4, it is easily seen that the numbers of association
rules decreased along with the increase in minimum support val-
ues. Also, the curve of numbers of association rules with larger
minimum confidence values was smoother than that of those with
smaller minimum confidence values, meaning that the minimum
support value had a large effect on the number of association rules
derived from small minimum confidence values.

The relationship between numbers of association rules and min-
imum confidence values along with various minimum support
values is shown in Fig. 5.

50

w S

o o
/
p

N
o

/

Number of Rules

0.1 0.15 0.2 0.25 0.3
Minimum Support

—&— conf=0.3—®— conf=0.5—&— conf=0.7—<— conf=0.9—%— conf=1|

Fig. 4. The relationship between numbers of rules and minimum supports.
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Number of Rules

—— sup=0.1—8— sup=0.15—4&— sup=0.20—%— sup=0.25—%— sup=0.30 |

Fig. 5. The relationship between numbers of rules and minimum confidences.

From Fig. 5, it is easily seen that the numbers of association
rules decreased along with an increase in minimum confidence
values. The curve of numbers of association rules with larger mini-
mum support values was smoother than that for smaller minimum
support values, meaning that the minimum confidence value had
a larger effect on the number of association rules when smaller
minimum support values were used. All of the various curves
approached to 0 as the minimum confidence value approached 1.

Fig. 6 shows the relationship between numbers of association
rules and minimum confidence values along with different sliding-
window sizes, when the minimum support was set at 20%. As
expected, when the size of sliding-windows increased, the number
of rules also increased.

Then, experiments were made to compare the numbers of asso-
ciation rules generated with and without STEP 12 of removing
redundant large itemsets. The results are shown in Fig. 7.

From Fig. 7, it can be easily observed that removing redundant
large itemsets during the mining process has its efficacy. Without
this step, too many redundant rules may be generated and compu-
tational time may be wasted.

At last, we show some derived fuzzy rules to evaluate the pro-
posed approach. When the sliding window size and the minimum
support were set at 9 and 0.2, three selected fuzzy rules were shown
as follows:

1. Ruleq: If A1 =High, Then A, = High (confidence = 0.86);

2. Ruley: If Ay=Low, and As=Low, Then A;=Low (confi-
dence=0.83);

3. Rules: If A;=Middle, and As=Middle— Ag=Middle (confi-
dence=0.70).

100
20 A —

g 8o IR

ko) ——

Z 70 =

T 60 —

) I—.\.\

¥

§ 30 [ 2 L 2 * /V\
20 AN
10 \‘\\
0 I I I I
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Minimum Confidence

—— w=5 —®— w=6 —A— w=7 <~ w=8 —K— w:9|

Fig.6. The relationship between numbers of rules and minimum confidences among
different sliding-windows.
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Fig. 7. The numbers of rules with and without removing redundancy.

Rule; meant that if the value of a data point was high, then the
value of the data point in the next time unit would also be high
with a probability of 0.86. This rule was reasonable and could be
considered for a short-term reference. Next, when the time units
increased to 7, it could be known from Rule; that if the stock prices
were “Low” at the first and the fifth time units, then the stock price
was also “Low” at the seventh time unit with a probability of 0.83. At
last, when the time units increased to nine, it was shown from Rules
that if the stock prices were “Middle” at the first and the fifth time
units, then the stock price was also “Middle” at the ninth time unit
with a probability of 0.7. Since its confidence value was 0.7, it could
be realized that the stock prices were a little unstable. The proposed
approach is thus capable of providing some linguistic statements
for describing the phenomenon of the applied financial data.

5. Discussion

As mentioned in the previous section, the proposed approach
has two advantages. The first one is that the final results repre-
sented by linguistic rules are friendlier to human than quantitative
representation. The second one is that the proposed approach
can remove lots of redundant rules through appropriate post-
processing, such that users can utilize the rules more easily. Some
existing approaches like neural-network approaches [25,31] or T-
S fuzzy models [28] can be used to deal with time series data as
well. In neural-network approaches, the models are trained from
the raw data through multiple middle layers (also called hidden
layers). However, the hidden layers in neural networks are only a
black box to users. When compared to our approach, the results
from neural networks are not easily understood by users.

As to the T-S fuzzy model, it is usually used in the control field
to find proper values of controllable variables. It can also be used
in time series to predict the next value from the previous values.
However, our approach is designed from the viewpoint of data min-
ing for finding the regularity and the varying trends in time series.
Thus by our approach, users can observe the tendency from the
derived linguistic rules, which can not provided by neural-network
approaches and the T-S fuzzy model.

6. Conclusions and future works

In this paper, we have attempted to use the data mining tech-
nique to analyze time series. We proposed a fuzzy time-series
mining algorithm that integrates the fuzzy sets, the Apriori min-
ing algorithm, and the time-series concepts to find out appropriate
linguistic association rules. The proposed approach first uses a
sliding window to generate continues subsequences from a given
time series and then analyzes the fuzzy itemsets from these
subsequences. Appropriate post-processing is then performed to
remove redundant patterns. Experiments are also made to show

the relationships between numbers of association rules, minimum
supports and minimum confidences. Since the final results are rep-
resented by linguistic rules, they will be more friendly to human
than quantitative representation. The rules thus mined exhibit
quantitative regularity in time series and can be used to provide
some suggestions to appropriate supervisors. They can be used in
two ways, prediction and post-analysis. For instance, if a rule like
“If A1 is Low and A3 is Middle, then As is High” is mined, it can be
used to predict the behavior of A5 from A; and As. On the contrary, if
arule like “If A is Low and As is High, then A3 is Middle” is mined, it
can be used for post-analysis. The proposed approach thus provides
another alternative to analyze time series.

Although the proposed method works for time series, it is just a
beginning. There is still much work to be done in this field. Our
method assumes that the membership functions are known in
advance. In [17,18], we proposed some fuzzy learning methods to
automatically derive the membership functions. In the future, we
will attempt to dynamically adjust the membership functionsin the
proposed mining algorithm to avoid the bottleneck of membership-
function acquisition. More validation and applications may also
be explored in the future. We will also continuously attempt to
enhance the mining algorithm for more complex problems.
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