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Similarity-Profiled Temporal Association Mining
Jin Soung Yoo, Member, IEEE, and Shashi Shekhar, Fellow, IEEE

Abstract—Given a time stamped transaction database and a user-defined reference sequence of interest over time, similarity-profiled

temporal association mining discovers all associated item sets whose prevalence variations over time are similar to the reference

sequence. The similar temporal association patterns can reveal interesting relationships of data items which co-occur with a particular

event over time. Most works in temporal association mining have focused on capturing special temporal regulation patterns such as

cyclic patterns and calendar scheme-based patterns. However, our model is flexible in representing interesting temporal patterns using

a user-defined reference sequence. The dissimilarity degree of the sequence of support values of an item set to the reference

sequence is used to capture how well its temporal prevalence variation matches the reference pattern. By exploiting interesting

properties such as an envelope of support time sequence and a lower bounding distance for early pruning candidate item sets, we

develop an algorithm for effectively mining similarity-profiled temporal association patterns. We prove the algorithm is correct and

complete in the mining results and provide the computational analysis. Experimental results on real data as well as synthetic data show

that the proposed algorithm is more efficient than a sequential method using a traditional support-pruning scheme.

Index Terms—Temporal data mining, temporal association pattern, support time sequence, similarity.
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1 INTRODUCTION

GIVEN a time stamped transaction database and a user-
defined reference sequence of interest over time, the

goal of similarity-profiled temporal association mining is to
discover all associated item sets whose prevalence variations
over time are similar to the reference sequence under a
threshold. Similarity-profiled temporal association mining
can reveal interesting relationships of data items that co-
occur with a particular event over time. For example, the
fluctuation of consumer retail sales is closely tied to changes
in weather and climate [1]. While bottled water and generator
sales might not show any correlation on normal days, a sales
association between the two items may develop with the
increasing strength of a hurricane in a particular region [2].
Retail decision makers may be interested in such an
association pattern to improve their decisions regarding
how changes in weather affect consumer needs.

Recent advances in data collection and storage technol-

ogy have made it possible to collect vast amounts of data

every day in many areas of business and science. Common

examples are recordings of sales of products, stock

exchanges, web logs, climate measures, and so on. One

major area of data mining from these data is association

pattern analysis. Association rules discover interrelation-

ships among various data items in transactional data.

Following the work of Agarwal and Srikan [3], the

discovery of association rules has been extensively studied

in [4], [5], [6], and [7]. In particular, in [8], [9], [10], they have

paid attention to temporal information, which is implicitly
related to transaction data, e.g., the time that a transaction is
executed, and discovered association patterns that vary
over time. However, most works in temporal association
mining have focused on special temporal regulation
patterns of associated item sets such as cyclic patterns [8]
and calendar-based patterns [9]. For example, it may be
found that beer and chips are sold together primarily in
evening time on week days. The temporal regulation
patterns can be explained with binary sequences where
the 1’s correspond to the time units in which the pattern is
prevalent (i.e., its support value is greater than a minimum
prevalence threshold), and the 0’s correspond to the time
units in which the pattern is not prevalent. For instance,
when the unit of time is day, a repetitive temporal pattern
on Monday is defined as 10000001000000. . . . Fig. 1a
illustrates an example of temporal regulation patterns. It
shows the prevalence values of three item sets I1, I2, and I3

over time, and the binary temporal sequences of I1 and
I2 under a fixed prevalence threshold (e.g., support
threshold ¼ 0:5). We can notice that item sets I1 and I2

show the same temporal regulation pattern, 111000111000...,
even if their actual prevalence strengths are quite different.
In contrast, Fig. 1b illustrates an example of temporal
similarity patterns. The prevalence values of item sets I2

and I3 show a very similar variation with a user guided
reference sequence R. The reference sequence can represent
the change of prevalence of an item of interest (e.g., a
product sale in market basket data, a stock exchange in the
stock market, a climate measure such as temperature or
precipitation, and a scientific phenomenon), or a user
guided prevalence sequence pattern showing special shapes
(e.g., a seasonal, emerging, or diminishing pattern over
time). Current methods for temporal regulation pattern
mining cannot reveal these types of temporal patterns that
are based on actual prevalence similarity.

Application examples. Our similarity-profiled temporal
association patterns can give important insight into many
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application domains such as business, agriculture, earth

science, ecology, and biology. They can also be used as

filtered information for further analysis of market trends,
prediction, and factors showing strong connections with a

certain scientific event. For example, the weather-to-sales

relationship is a very interesting problem in retail analysis.
Managers in the merchandise and food sales division of

Walt Disney World are hoping to find correlations between

daily temperatures and sales [1]. Wal-Mart discovered a

surprising customer buying pattern during hurricane
season in one of its sales regions. Not only did survival

kits (e.g., flashlights, generators, tarps) show similar selling

patterns with bottled water, but also did the sales of
Strawberry Pop-Tarts (a snack item) [2]. Our method can

help in finding such item sets whose sales similarly change

to that of a specific item (event) for a period of time. The
mining results can improve supply chain planning and

retail decision making for maximizing the visibility of items

most likely to be in high demand during special time
periods. We can find another example in the business

domain from the online website Weather.com, which offers

weather-related lifestyle information including travel, driv-
ing, home and garden, and sporting events, as well as

weather information [11]. The website reports that almost

40 percent of weather.com visitors shop home improvement
products when temperatures rise [11]. The website may

attract more advertisers if it can analyze the relationships of

visited websites through weather.com with changes of
weather. Our temporal patterns may be used for finding

such weather-related sponsor sites. In the scientific applica-

tion domain, Earth scientists have been interested in the
behavior of climates in a region that are often influenced by

the El Niño phenomenon, an abnormal warming in the

eastern tropical Pacific Ocean [12]. If we consider the
El Niño related index values over the last 10 years, e.g.,

the Southern Oscillation Index (SOI) [12], as a reference

sequence, one example of a similarity-profiled temporal
association is a climate event pattern of low precipitation

and low atmospheric carbon dioxide in Australia whose co-

occurrence over time is similar to the fluctuation of the
El Niño index sequence.

In this paper, we formalize the similarity-profiled
temporal association pattern. The problem of mining the
temporal pattern is formulated with a similarity-profiled
subset specification, which consists of a reference time
sequence, a similarity function, and a dissimilarity thresh-
old. The subset specification is used to define a user interest
temporal pattern and guide the degree of approximate
matching of prevalence values of associated item sets for it.
We use a composite interest measure for the similar
temporal patterns. The temporal prevalence variation of
an associated item set is represented using support values
of the item set over time. Lp norm ðp ¼ 1; 2; . . . ;1Þ-based
similarity measures are used to capture how well the
support time sequence of the item set matches the given
reference sequence. Similarity-profiled temporal association
mining presents challenges during computation. The
straight-forward approach is to divide the mining process
into two separate phrases. The first phrase computes the
support values of all possible item sets at each time point
and generates their support sequences. The second phrase
compares the generated support time sequences with a
given reference sequence and finds similar item sets. In this
step, a multidimensional access method such as an R-tree
family can be used for a fast sequence search [13]. However,
the computational costs of first generating the support time
sequences of all combinatorial candidate item sets and then
doing the similarity search become prohibitively expensive
with increase of items. Thus, it is crucial to devise
schemes to reduce the item set search space effectively for
efficient computation. We explore interesting properties for
similarity-profiled association mining. First, to estimate
support sequences without examining an input data set, we
define tight upper and lower bounds of true support sequences.
For early pruning of candidate item sets, we utilize the
concept of a lower bounding distance, which is often used
for indexing schemes in the time series literature and define
the lower bounding distance with the upper and lower bounds
of support sequences. Our upper lower bounding distance is
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Fig. 1. A comparison of temporal association patterns. (a) Temporal regulation patterns. (b) Temporal similarity patterns.



especially noteworthy because it is monotonically nonde-

creasing with the size of the item set. This property is used

for further reducing the item set search space. A Similarity-

Profiled temporal Association MINing mEthod (SPAMINE)

algorithm is developed on our algorithmic design concept.

For comparison, an alternative algorithm, a sequential

method using a traditional support-pruning scheme, is also

presented. We analytically show that the SPAMINE algo-

rithm is complete and correct, i.e., there is no false dropping

or false admission for similarity-profiled associated item

sets. We also give a brief computational analysis. Finally,

we experimentally evaluate the proposed algorithm using

synthetic and real data. The experimental results show that

the SPAMINE algorithm is more efficient and scalable than

the sequential method.
The remainder of the paper is organized as follows: In

Section 2, we formalize the problem of similarity-profiled

temporal association mining. Our algorithmic design con-

cepts are discussed in Section 3. Section 4 presents the

proposed algorithm and also describes an alternative

approach for comparison. Section 5 gives the proofs of

correctness and completeness of the proposed algorithm

and provides a computational analysis. The experimental

results are presented in Section 6. Section 7 reviews the

related work. In Section 8, we summarize our work and

discuss future directions.

2 FRAMEWORK FOR SIMILARITY-PROFILED

TEMPORAL ASSOCIATION MINING

In this section, we formulate the problem of mining

similarity-profiled temporal association patterns. Fig. 2

shows a simple illustration of similarity-profiled temporal

association mining.

2.1 Problem Statement

Given:

1. a finite set of items I ;
2. an interest time period T ¼ t1 [ � � � [ tn, where ti is a

time slot by a time granularity, ti \ tj ¼ ;, i 6¼ j;

3. a time-stamped transaction database D ¼ D1 [
� � � [ Dn, Di \ Dj ¼ ;, i 6¼ j, wherein each transaction
d 2 D is a tuple <timestamp; itemset> , where
timestamp is a time 2 T that the transaction is
executed, and itemset � I . Di is a set of transactions
included in time slot ti; and

4. a subset specification:

4a. a reference sequence ~R ¼ <r1; . . . ; rn> over
time slots t1; . . . ; tn,

4b. a similarity function fSimilarityð~X; ~Y Þ 7! IRn,
where ~X and ~Y are numeric sequences, and

4c. a dissimilarity threshold �.

Find. A set of item sets I � I that satisfy the given
subset specification, i.e., fSimilarityð~SI; ~RÞ � �, where
~SI ¼ <s1; . . . ; sn> is the sequence of support values of
an item set I over time slots t1; . . . ; tn.

Objective. Find the complete and correct result set while
reducing the computational cost.

2.2 Input Data

Items. We use the standard notion of items in traditional
association rule mining [3]. Items can be supermarket items
purchased by a customer during a shopping visit, product
pages viewed in a Web session, climate events at a location,
stocks bought and sold during an hour, etc. Items can be
grouped to form an item set. An item set with k distinct
items is referred to as a k itemset. The size of the item set
space is 2jI j � 1, where jI j is the number of distinct items.

Time period. We assume that we are interested in a fixed
time period. A time period can be a particular year or any
arbitrary period of time. We model time as discrete, and
thus, a total time period can be viewed as a sequence of
time slots by a certain time granularity [14]. For example, a
one-year period can be divided into monthly unit time slots.
We denote an ith time slot by ti.

Transaction database. We assume that our database D is a
set of time-stamped transactions. Each transaction is a set
of items over a finite item domain and has a time point
when the transaction is executed. We call the time point
associated with a transaction its timestamp. The transac-
tion data set can be partitioned to disjoint groups of
transactions by a time granularity. We denote a part of the
transactions of D executed in time slot ti by Di. Fig. 2a

YOO AND SHEKHAR: SIMILARITY-PROFILED TEMPORAL ASSOCIATION MINING 3

Fig. 2. An example of similarity-profiled temporal association mining: (a) input data, (b) generated prevalence (support) time sequences and

sequence search, and (c) output item sets.



shows an example data set with three item types, A, B,
and C. It is partitioned into two groups of transactions
related to time slots t1 and t2.

Subset specification. A subset specification is a set of
conditions that item sets have to satisfy to become
interesting patterns. Our subset specification consists of
three components: a reference sequence, a similarity
function, and a dissimilarity threshold. First, we assume
that an arbitrary temporal pattern of interest can be defined
as a reference sequence by a user. The reference sequence is
a sequence of interesting values over time slots t1; . . . ; tn. In
the example in Fig. 2, <0:4; 0:6> is given as the reference
sequence ~R.

Second, we propose using a Lp norm ðp ¼ 1; 2; . . . ;1Þ-
based similarity function. Many similarity measures have
been discussed in the time series database literature [15]. A
Lp norm is the most popularly used distance measure in a
similar time sequence search [16], [17], [18], [19] and can be
used as basic building blocks for more complex similarity
models as in [20].

Definition 1. For two time sequences ~X ¼ <x1; . . . ; xn> and
~Y ¼ <y1; . . . ; yn> , the Lp norm between ~X and ~Y is defined
as Lpð~X; ~Y Þ ¼ ð

Pn
t¼1 jxt � ytj

pÞ
1
p, where p ¼ 1; 2; . . . ;1.

When p ¼ 1, the L1 norm is known as a city block or
Manhattan. When p ¼ 2, the L2 norm is called a euclidean
distance and defined as L2ð~X; ~Y Þ ¼ ð

Pn
t¼1 jxt � ytj

2Þ
1
2. It is

known that the use of euclidean distance is optimal (in the
Maximum Likelihood sense) when measurement differences
are independent, identically distributed Gaussian [16]. In the
extreme case when p ¼ 1, theLp norm is called the maximum
norm and can be reformulated as L1ð~X; ~Y Þ¼maxnt¼1 jxt�ytj.
We use euclidean distanceðL2 normÞ for figure examples in
this paper. The disadvantage of Lp norm distances is that
there is no obvious bound value of the maximum dissim-
ilarity distance. It is hard to infer from their value whether the
degree of dissimilarity is small or large. Thus, we also
propose to use normalizedLp norm distances that are divided
by the number of time points. For example, the normalized
euclidean distance between ~X and ~Y is defined as

Normalized L2 ð~X; ~Y Þ ¼ ð
1

n
Þ

1
2 � L2 ð~X; ~Y Þ

¼
Pn

t¼1 jxt � ytj
2

n

 !
1
2;

where n is the number of time slots.
The last component of the subset specification is a

dissimilarity threshold. It indicates a maximum discrepancy
allowable to become similarity-profiled temporal associa-
tion patterns.

2.3 Interest Measure

Prevalence measures such as support have been success-
fully used in traditional association rule mining and
temporal association rule mining [21]. Instead of a one-
dimensional interest measure for measuring the prevalence
of an item set in an entire data set, we use a composite
interest measure that describes a discrepancy degree
between its n-dimensional prevalence value sequence from
a temporally divided data set and a given reference
sequence. First, we define a support time sequence for the
prevalence sequence of an item set.

Definition 2. Let D ¼ D1 [ � � � [ Dn be a disjoint time-stamped
transaction data set. The support time sequence of an item
set I is defined as

~SI ¼ <supportðI;D1Þ; . . . ; supportðI;DnÞ>;

where supportðI;DtÞ is the support value of item set I in a
transaction set Dt, which is the fraction of transactions
that contain the item set I in Dt such that

supportðI;DtÞ ¼ jfd 2 DtjI � dgj=jDtj; 1 � t � n:

For example, Fig. 2b shows the support time sequences
of possible item sets from the data set in Fig. 2a.

Definition 3. Let I be an item set and ~SI ¼ <s1; . . . ; sn> be the

support time sequence of I. Given a reference sequence
~R ¼ < r1; . . . ; rn > , an interest measure for the similarity-

profiled temporal association pattern is defined as Dð~R; ~SIÞ,
which is a Lp norm ðp ¼ 1; 2; . . . ;1Þ-based dissimilarity

distance between ~R and ~SI .

Statistically, the distance can be thought of as the
deviation of the support time sequence ~SI from the
reference sequence ~R. In the case of the normalized
euclidean distance, Normalized L2ð~R; ~SIÞ is

ð1
n
Þ

1
2 � L2ð~R; ~SIÞ ¼

Pn
t¼1 jrt � stj

2

n

 !
1
2 ¼ �ð~SIÞ:

The range of value is a set of real numbers between 0 to 1
inclusive since element values in the support sequence
range from 0 to 1, and we assume the reference sequence
values are in the same scale with the support measure, or
can be transformed to the same scale. To allow a reference
sequence in different baselines and scales, the reference
sequence can be normalized to the range of support. Each
value rt in the reference sequence is transformed to
ðrt�rminÞðLmax�LminÞ=ðrmax�rminÞþLmin, where rmin is
the minimum element value, and rmax is the maximum
element value in the reference sequence, and Lmin is the
minimum value of the transformed range, i.e., 0, and Lmax is
the maximum value of the transformed range, i.e., 1. Several
different similarity measures are proposed in the time series
database literature [15]. For example, Dynamic Time
Warping (DTW) allows phase shifts in time in order to
detect similar shapes with different time phases [22], [23].
Similarity measures using Longest Common Subsequences
(LCS) are also popular in subsequence matching [24]. More
relaxed similarity models and the comparison of different
similarity measures are beyond the scope of this paper. We
plan to explore them in future work.

Definition 4. Let � be a dissimilarity threshold. An item set I is
called a similar item set if Dð~R; ~SIÞ � �.

In Fig. 2, the output of similarity-profiled temporal
association mining is fBg, fA;Cg, and fB;Cg since their
interest measure values do not exceed the dissimilarity
threshold, 0.2.

3 ALGORITHMIC DESIGN CONCEPT

In this section, we discuss our algorithmic design concepts
for mining similarity-profiled temporal association patterns.
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We consider three means to reduce the computation cost.
The first is to estimate the support time sequences without
examining the data set. The second is to reduce the item set
search space. The last approach concerns about ways to scan
the data set for computing the support values.

3.1 Envelope of Support Time Sequence: Upper
Bound and Lower Bound

Generating the support time sequences of item sets is the
core operation in similarity-profiled association mining
algorithm. The operation, however, is very data intensive
and sometimes can produce the sequences of all combina-
tions of items. We explore a way for estimating support
time sequences without examining an input data set. In [25],
Calders proposes a set of rules for deducing best bounds on
the support of an item set if the supports of all subsets of it
are known.

Theorem 1. Let D be a transaction data set and I be an item set,
supportðI;DÞ 2 ½LðI;DÞ; UðI;DÞ� with

LðI;DÞ ¼max �IðJ;DÞ; 0 j J � I and jJ j is evenf g;
UðI;DÞ ¼min �IðJ;DÞ j J � I and jJj is oddf g;

where �IðJ;DÞ ¼
P

J�J 0�Ið�1ÞjI�J
0 jþ1 � supportðJ 0;DÞ.

LðI;DÞ means a lower bound of supportðI;DÞ, and
UðI;DÞ means an upper bound of supportðI;DÞ. For
example, consider the bounds of support of an item set
I ¼ fA;Bg. Suppose the supports of all subsets of I are
supportðfgÞ¼1, supportðfAgÞ¼0:6 and supportðfBgÞ¼0:3.
By Theorem 1,

�IðfgÞ ¼ ð�1Þ3 � supportðfgÞ þ ð�1Þ2 � supportðfAgÞ
þ ð�1Þ2 � supportðfBgÞ ¼ �1 � 1þ 1 � 0:6þ 1 � 0:3¼�1:

�IðfAgÞ¼ð�1Þ2 � supportðfAgÞ ¼ ð�1Þ2 � 0:6 ¼ 0:6, a n d
�IðfBgÞ ¼ ð�1Þ2 � supportðfBgÞ ¼ ð�1Þ2 � 0:3 ¼ 0:3. Among
all subsets of I, fAg and fBg are subsets whose size is odd,
thus

UðI;DÞ ¼ minf�IðfAgÞ; �IðfBgÞg ¼ minf0:6; 0:3g ¼ 0:3:

In the case of the lower bound, LðI;DÞ ¼ maxf�IðfgÞ; 0g ¼
maxf�1; 0g ¼ 0 since fg is a subset whose size is even.
Thus, 0 � supportðfA;BgÞ � 0:3. The proof of the tight

bounds is described in [25]. We adopt this set of rules to
derive the tight upper bound and lower bound of the
support time sequence of an item set.

Definition 5. Let D ¼ D1 [ � � � [ Dn be a time-stamped
transaction data set. The lower bound support time
sequence of an item set I, ~LI , and the upper bound support
time sequence of I, ~UI are defined as follows:

~LI ¼ <l1; . . . ; ln>¼ <LðI;D1Þ; . . . ; LðI;DnÞ>;
~UI ¼ <u1; . . . ; un>¼ <UðI;D1Þ; . . . ; UðI;DnÞ> :

From the example data set in Fig. 3a, let us derive the
lower and upper bound support sequences of an item set
I ¼ fA;Bg. As shown in Fig. 3b, the upper bound support
sequence of fA;Bg, ~UAB ¼ <u1; u2> , is <0:3; 0:4>
since u1 ¼ UðfA;Bg;D1Þ ¼ 0:3 and u2 ¼ UðfA;Bg;D2Þ
¼ 0:4. The lower bound support sequence of fA;Bg,
~LAB ¼ <l1; l2> , is <0; 0:1> since l1 ¼ LðfA;Bg;D1Þ ¼ 0
and l2 ¼ LðfA;Bg;D2Þ ¼ 0:1. Fig. 3b also illustrates the
bound sequences in a two-dimensional space. The dark
area indicates the range in which the true support time
sequence of fA;Bg can be located.

3.2 Lower Bounding Distance

We explore lower bounding distances to find item sets
whose support sequences could not possibly be a best
match with a reference sequence under a dissimilarity
threshold. In our concept of lower bounding distance, if the
lower bounding distance of an item set does not satisfy the
dissimilarity threshold, its true distance also does not
satisfy the threshold. Thus, the lower bounding distance
can be used to prune item sets early without the computa-
tion of the true distances. We first define our lower
bounding distance with upper and lower bound support
time sequences. This lower bounding distance consists of
two parts, an upper lower-bounding distance and a lower lower-
bounding distance.

Definition 6. For a reference sequence ~R and the upper bound

support sequence ~U of an item set, let ~RU ¼ <r1; . . . ; rk> be

a subsequence of ~R and ~UL ¼ <u1; . . . ; uk> be a subsequence

of ~U , where rt > ut, 1 � t � k. The upper lower-bounding

distance between ~R and ~U , DUlbð~R; ~UÞ, is defined as

Dð ~RU; ~ULÞ.
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The upper lower-bounding distance between ~R and ~U is a
dissimilarity distance between a subsequence of ~R, ~RU , and a
subsequence of ~U , ~UL, in which each element value rt in ~RU is
greater than the corresponding element value ut of ~UL. For
example, when euclidean distance is the similarity function,
DUlbð~R; ~UÞ ¼ Dð ~RU; ~ULÞ ¼ ð

Pn
t¼1 fðrt; utÞÞ

1
2, where if rt>ut,

fðrt; utÞ¼jrt�utj2; otherwise, fðrt; utÞ¼0. In the same way,
the upper lower-bounding distance between a reference
sequence ~R and the true support time sequence ~S of an item
set, DUlbð~R; ~SÞ, is Dð ~RU; ~SLÞ, where ~SL ¼ <s1; . . . ; sk> is a
subsequence of ~S, and rt > st, 1 � t � k. As shown in
Fig. 4, the subsequence does not need to be a continuous
sequence.

Definition 7. For a reference sequence ~R and the lower bound
support time sequence ~L of an item set, let ~RL ¼ <r1; . . . ; rk>
be a subsequence of ~R and ~LU ¼ <l1; . . . ; lk > be a subsequence
of ~L, where rt < lt, 1 � t � k. The lower lower-bounding
distance between ~R and ~L, DLlbð~R; ~LÞ, is defined as
Dð ~RL; ~LUÞ.
The lower lower-bounding distance between a reference

sequence ~R, and a lower bound support sequence ~L is a
dissimilarity distance between a subsequence of ~R, ~RL, and a
subsequence of ~L, ~LU , in which each element value rt in ~RL is
less than the corresponding element value lt of ~LU .

Definition 8. For a reference sequence ~R, the upper bound
support time sequence ~U , and lower bound support time
sequence ~L of an item set, the lower bounding distance
Dlbð~R; ~U; ~LÞ is defined as DUlbð~R; ~UÞ þDLlbð~R; ~LÞ.
Fig. 4 gives an illustration of subsequences, ~SL, ~RU , ~RL,

~LU , and ~UL, for computing lower bounding distances.
Fig. 5 shows lower bounding distances computed from
that in Fig. 3a data set in a two-dimensional plot. Fig. 5a

shows the upper lower-bounding distances of several true

support time sequences. Fig. 5c shows the upper lower-
bounding distance of the upper bound sequence of fA;Bg,
~UAB (AB_upper in Fig. 5), and the lower lower-bounding
distance of the lower bound sequence of fA;Bg, ~LAB
(AB_lower in Fig. 5). The lower lower-bounding distance
of ~LAB is DLlbð~LAB; ~RÞ ¼ 0 since no value in ~LAB is
greater than the values of ~R. The lower bound distance of

the two bound sequences is DUlbð~UAB; ~RÞ þDLlbð~LAB; ~RÞ ¼
0:22þ 0 ¼ 0:22, as shown in Fig. 5b.

Lemma 1. For the upper bound support time sequence
~U ¼ <u1; . . . ; un> , the lower bound support time sequence
~L ¼ <l1; . . . ; ln> , support time sequence ~S ¼ <s1; . . . ; sn>

of an item set I, and a reference sequence ~R ¼ <r1; . . . ; rn> ,

the lower bounding distance Dlbð~R; ~U; ~LÞ and the true distance

Dð~R; ~SÞ hold the following inequality:

Dlbð~R; ~U; ~LÞ � Dð~R; ~SÞ:

Proof. According to Definition 8,Dlbð~R; ~U; ~LÞ ¼ DUlbð~R; ~UÞ þ
DLlbð~R; ~LÞ ¼ ð

Pn
t¼1;rt>ut

ðrt � utÞ2Þ
1
2 þ ð

Pn
t¼1;rt<lt

ðrt � ltÞ2Þ
1
2,

when euclidean distance is used as a similarity function.

By Definition 5, ut ¼ UðI;DtÞ, where 1 � t � n. By

Theorem 1, st � UðI;DtÞ. Thus, st � ut. Similarly,

by Definition 5, lt¼LðI;DtÞ, where 1� t�n. By Theorem 1,

st 	 LðI;DtÞ. Thus , st 	 lt. F inal ly , Dlbð~U; ~L; ~RÞ ¼
DUlbð~R; ~UÞþDLlbð~R; ~LÞ ¼ ð

Pn
t¼1;rt>ut

ðrt�utÞ2Þ
1
2þð

Pn
t¼1;rt<lt

ðrt�ltÞ2Þ
1
2 � ð

Pn
t¼1;rt>st

ðrt�stÞ2Þ
1
2 þ ð

Pn
t¼1;rt<st

ðrt�stÞ2Þ
1
2 ¼

ð
Pn

t¼1ðrt � stÞ
2Þ

1
2 ¼ Dð~R; ~SÞ. tu
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Fig. 4. Subsequences for a lower bounding distance (a) with true support sequence (DUlbð~R; ~SÞ ¼ Dð ~RU; ~SLÞ) and (b) with upper and lower bound

support sequences (DUlbð~R; ~UÞ ¼ Dð ~RU; ~ULÞ, DLlbð~R; ~LÞ ¼ Dð ~RL; ~LU Þ).

Fig. 5. An example of lower bounding distances. (a) Upper lower-bounding distances of true support sequences. (b) Distance table. (c) Upper lower-

bounding distance and lower lower-bounding distance of support bound sequences.



3.3 Monotonicity Property of Upper
Lower-Bounding Distance

Next, we explore a scheme to further reduce the item set
search space for similarity-profiled temporal pattern
mining. The most popular technique to reduce the item
set search space in association pattern mining is to use the
monotonicity property of the support measure [3]. The
support values of all supersets of a given item set are not
greater than the item set’s support value. Thus, if an item
set does not satisfy the support threshold, all supersets of
the item set can be pruned. If our interest measure has a
property similar with it, we can use it for reducing our item
set search space. However, we observed that our interest
measure does not show such a monotonicity. For example,
Fig. 6a shows the euclidean distances between the support
time sequences of fCg, fA;Cg, and fA;B;Cg; ~SC , ~SAC ; and
~SABC , and a reference sequence ~R. As can be seen,
Dð~SC; ~RÞ ¼ 0:45, Dð~SAC; ~RÞ ¼ 0:2, and Dð~SABC; ~RÞ ¼ 0:32.
Thus, Dð~SABC; ~RÞ > Dð~SAC; ~RÞ, but Dð~SAC; ~RÞ < Dð~SC; ~RÞ.
However, we discovered an interesting property related to
our upper lower-bounding distance. First, we present a
related lemma.

Lemma 2. The values of the support time sequence of an item set
are monotonically nonincreasing with the size of the item set at
each time slot.

Proof. A support has a monotonically nonincreasing prop-
erty with increasing size of an item set [3]. The support
time sequence of an item set consists of supports computed
from disjoint sets of transactions by Definition 2. Each
element value of the sequence follows the same mono-
tonicity property, i.e., if I and J are item sets in a time slot
and J � I, then supportðJÞ 	 supportðIÞ. tu

Lemma 3. The upper lower-bounding distance between the
(upper bound) support time sequence of an item set and a
reference time sequence is monotonically nondecreasing

with the size of the item set.

Proof. We prove the monotonicity of upper lower-bound-

ing distances to true support time sequences using

euclidean distance. According to Definition 6, the upper

lower-bounding distance between ~SI ¼ <s1; . . . ; sn>

for a size k item set I and ~R ¼ <r1; . . . ; rn> is

DUlbð~R; ~SIÞ ¼ ð
Pn

t¼1;rt>st
ðrt � stÞ2Þ

1
2. For a size kþ 1 item

set I 0 ¼ I [ fi0g, where i0 =2 I, and its support time

sequence ~SI 0 ¼ <s01; . . . ; s0n> , we need to prove that

DUlbð~SI; ~RÞ � DUlbð~SI 0 ; ~RÞ. According to Lemma 2, the

support is nonincreasing with the size of item set at

each time slot, i.e., the support of I 0 is equal to or less

than the support of I at each time slot such that

s01 � s1; . . . ; s0n � sn. If st 	 s0t, st < rt and s0t < rt, then

rt � st � rt � s0t. Thus, we can get ð
Pn

t¼1;rt>st
ðrt � stÞ2Þ

1
2 �

ð
Pn

t¼1;rt>s0t
ðrt � s0tÞ

2Þ
1
2, i.e., DUlbð~R; ~SIÞ � DUlbð~R; ~SI 0 Þ. The

monotonicity of upper lower-bounding distance to the

upper bound support time sequence can be similarly

proved. tu
For example, in Fig. 6b,DUlbð~SA; ~RÞ¼0:2,DUlbð~SB; ~RÞ¼0:1,

and DUlbð~SAB; ~RÞ ¼ 0:32. Thus, DUlbð~SA; ~RÞ � DUlbð~SAB; ~RÞ
and DUlbð~SB; ~RÞ � DUlbð~SAB; ~RÞ. We can also see that

DUlbð~SAB; ~RÞ�DUlbð~SABC; ~RÞ, DUlbð~SAC; ~RÞ� DUlbð~SABC; ~RÞ,
and DUlbð~SBC; ~RÞ�DUlbð~SABC; ~RÞ.

3.4 Item Set Filtering Strategy

We devised three pruning steps using the low bounding

distance and the monotonicity property of upper lower-
bounding distance to effectively reduce the item set search

space.
Pruning by subset check. The first step is a pruning by the

subset check of the candidate. If the upper lower bounding
distance of any subset of a candidate item set does not
satisfy the dissimilarity threshold, the candidate item set is
pruned using the nondecreasing monotonicity property of
upper lower bounding distance.

Pruning by lower bounding distance of bound support
sequences. The second step is the pruning of a candidate
item set using the lower bounding distance of its upper
bound support sequence and lower bound support se-
quence. If the lower bounding distance does not satisfy the
dissimilarity threshold, the candidate can be eliminated
without examining the data set and computing its true
distance value.

Pruning by upper lower bounding distance of true support
sequence. The final step is the pruning of item sets for
reducing the number of the next size candidate item sets
generated. If the upper lower-bounding distance to the true
support time sequence of an item set does not satisfy the
threshold, the item set is not involved in generating the next
size candidates.
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Fig. 6. (a) Nonmonotonicity of the euclidean distance. (b) Monotonically nondecreasing property of the upper lower-bounding distance.



3.5 Data Scan Strategy

Support time sequences can be constructed by different
ways in scanning the time stamped transaction data set. We
can consider two data scan methods.

Lattice-dominant scan. The lattice-dominant scan method
reads a whole transaction data set from time slot t1 to time
slot tn for candidate item sets of each size and generates
their support time sequences.

Snapshot-dominant scan. The snapshot-dominant scan
method repeats the scanning of transactions at each time
slot. First, it counts the supports of all candidate item sets of
different sizes in the first time slot, and then it moves to the
next time slot and repeats the process. This method
incrementally generates the support time sequences with
the processed time slots.

4 ALGORITHM FOR SIMILARITY-PROFILED

TEMPORAL ASSOCIATION MINING

We developed a Similarity-Profiled temporal Association

MINing mEthod (SPAMINE) based on our algorithm design

concept discussed in Section 3. We present the SPAMINE

algorithm first, and then, for comparison, we also present an

alternative method using a support-pruning scheme.

4.1 SPAMINE Algorithm

Algorithm 1 shows the pseudocode of the SPAMINE. Fig. 7

provides a trace illustration of the SPAMINE execution

using the example data set in Fig. 2a.

Algorithm 1. SPAMINE algorithm.

Inputs:

E : A set of single items.

TD : A time-stamped transaction database
~R : A reference sequence

D : A similarity function

� : A dissimilarity threshold

Output: All item sets whose support sequences are similar

to ~R under D and �

Variables:

k : item set size

Ck : A set of size k candidate item sets
~Uk : A set of upper bound support sequences of

size k item sets
~Lk : A set of lower bound support sequences of

size k item sets
~Sk : A set of support sequences of size k item

sets
~S : A set of support sequences of all item sets

Bk : A set of size k item sets whose upper

lower-bounding distance � �
Ak : A result set of size k item sets whose true

distance � �
Main:

1) C1 ¼ E;

2) ~S1 ¼ generate support sequencesðC1; TDÞ;
3) ðA1; B1Þ ¼ find similar itemsetsðC1; ~S1; ~R, D; �Þ;
4) k ¼ 2;

5) while (not empty Bk�1) do

6) ðCk; ~Uk; ~LkÞ ¼ generate candidates and bound

sequencesðBk�1; ~SÞ;
7) Ck ¼ prune candidates by lbdðCk; ~Uk; ~Lk; ~R;D; �Þ
8) ~Sk ¼ generate support sequencesðCk; TDÞ;
9) ðAk;BkÞ ¼ find similar itemsetsðCk; ~Sk; ~R;D; �Þ;
10) ~S ¼ ~S [ ~Sk; k ¼ kþ 1;

11) end

12) return
S
ðA1; . . . ; AkÞ;

Generate the support time sequences of single items and find

similar items (Steps 1-3). All singletons ðk ¼ 1Þ become

candidate itemsðC1Þ. The SPAMINE algorithm uses the

lattice-dominant database scan method to generate the

support time sequences. In the first scan of an entire input

data set, the supports of singletons are computed per each

time slot, and their support time sequencesð~S1Þ are gener-

ated. If distances between the support time sequences and a

given reference sequence do not exceed a given dissim-

ilarity threshold, the singletons are added to a result setðR1Þ.
On the fly, if the upper lower-bounding distances of the

support time sequences satisfy the threshold, the items are

kept to B1 for generating the next size candidates. In Fig. 7,
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Fig. 7. A trace illustration of the SPAMINE algorithm.



only item B is a similar item set, but items A and C are also
kept for generating the next size candidate item sets.

Generate candidate item sets, and their upper and lower bound
support sequences (Step 6). All size k ðk > 1Þ candidate
itemsetsðCkÞ are generated using size k� 1 itemsetsðBk�1Þ
whose upper lower-bounding distances satisfy the dissim-
ilarity threshold. If any subset of size k� 1 of a candidate item
set is not in the Bk�1, the candidate is eliminated using the
monotonically nondecreasing property of the upper lower-
bounding distance. Otherwise, the upper and lower bound
support sequences of candidates are generated. Fig. 7 shows
the generated size 2 candidate item sets and their upper and
lower bound support time sequences. Algorithm 2 shows the
pseudocode of the generate_candidates_and_bound_sequences
function.

Prune candidate item sets using their lower bounding
distances (Step 7). If the lower bounding distance of the
upper and lower bound support sequences of a candidate
exceeds the dissimilarity threshold, the candidate is
eliminated from the candidate set. For example, in Fig. 7,
a candidate fA;Bg is pruned since its lower bounding
distance is greater than the threshold 0.2. Algorithm 3
shows the pseudocode of the prune_candidates_by_lbd
function.

Scan the data set and generate the support time sequences
(Step 8): The supports of candidate item sets are computed
during the scan of the transaction data set from time slot t1
to tn, and their support time sequencesð~SkÞ are generated.
Algorithm 4 shows the pseudocode of the generate_support_
sequences function.

Find similar item sets (Step 9). The true distance between
the support time sequence of an item set and the reference
sequence is computed. If the value satisfies the threshold,
the item set is included in the result setðRkÞ. In Fig. 7,
fA;Cg and fB;Cg are similar item sets. On the fly, if the
upper lower-bounding distances of candidate item sets
satisfy the threshold, the item sets are added to Bk for
generating the next size candidate item sets. Algorithm 5
shows the pseudocode of the find_similar_item sets function.
The size of examined item sets is increased to k ¼ kþ 1.
The above procedures (steps 6-10) are repeated until no
item set in Bk remains.

Algorithm 2. Generate_candidates_and_bound_sequences

function.

generate candidates and bound sequencesðBk�1; ~SÞ
Ck : Size k candidate item sets
~Uc
k : Upper bound sequence of candidate item set c
~Lck : Lower bound sequence of candidate item set c

begin

insert into Ck
select a:item1; . . . ; a:itemk�1; b:itemk�1

from Bk�1a, Bk�1b

where a:item1 ¼ b:item1; . . . ; a:itemk�2 ¼ b:itemk�2 and

a:itemk�1 < b:itemk�1;

forall item set c 2 Ck do
~Uc
k ¼ 1;
~Lck ¼ 0;

forall size k� 1 subset s of c do

if s=2Bk�1 then delete c from Ck;

else ~Uc
k ¼ make upper boundðc; ~SÞ;

~Lck ¼ make lower boundðc; ~SÞ;
end

return ðCk; ~Uk; ~LkÞ;
end

Algorithm 3. Prune_candidates_by_lbd function.

prune candidates by lbdðCk; ~Uk; ~Lk; ~R;D; �Þ
DUlb : upper lower-bounding distance function
DLlb : lower lower-bounding distance function

begin

for all candidates c 2 Ck do

if DUlbð~Uc; ~RÞ þDLlbð~Lc; ~RÞ > � then Ck ¼ Ck � c; end

end

return Ck;

end

Algorithm 4. Generate_support_sequences function.

generate support sequencesðCk; TDÞ
TDi : transactions in time slot i
~Sk ¼ jCkj� < s1; . . . ; sn >

begin

for ði ¼ 1; i <¼ n; iþÞ do

for all candidates c 2 Ck do
~sci ¼ calculate supportðc; TDiÞ;

end

end

return ~Sk;

end

Algorithm 5. Find_similar_item sets function.

find similar itemsetsðCk; ~Sk; ~R;D; �Þ
begin

for all candidates c 2 Ck do

if DUlbð~Sck; ~RÞ � � then Bk ¼ Bk

S
c end

if Dð~Sck; ~RÞ � � then Ak ¼ Ak

S
c end

end

return ðAk;BkÞ;
end

4.2 A Sequential Method

To our knowledge, there is no existing temporal associa-
tion mining method in the literature that can be directly
applied to our similarity-profiled association mining. To
compare the effect of our design decision in developing
the similarity-profiled association mining algorithm, we
devised an alternative method that reads the input data
set sequentially (i.e., snapshot-dominant scan) and filters
candidate item sets using the support monotonicity
property, which is popularly used in traditional associa-
tion rule mining [3]. However, this method uses self-
computed variable minimum support thresholds over
time slots per item set. If the support of an item set at a
time slot is less than the computed minimum support
threshold, the item set can be pruned without examining
its support values in other time slots and computing its
similarity with a reference sequence. For example, in the
case of normalized L1 norm distance, at the first time
slot t1, the minimum support threshold for an item set is
maxfr1 � jT j 
 dissimi; 0g, where r1 is an element value
at time t1 of a reference sequence ~R, jT j is the total
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number of time slots, and dissimi is a dissimilarity
threshold. jT j 
 dissimi denotes a maximum discrepant
value allowed at time t1. If the support value of an item
set at time slot t1 is less than the computed minimum
support threshold, we know the difference between the
support sequence of the item set, and the reference
sequence exceeds the dissimilarity threshold without
examining other timeslots. The candidate item set would
not be a similar item set. The supersets of the item set
will also not satisfy the dissimilarity threshold since their
support values are never greater than the item set’s
support by the monotonicity property of support, and
their dissimilarity values increase. The minimum support
threshold values at the other time slots are adjusted using
the support values in the processed time slots. At time
slot ti, the minimum support threshold of an item set is
maxfri � ðjT j 
 dissimi�

Pi�1
j¼1 gðrj; sjÞÞ; 0g, where sj is a

support value at time slot j, and gðrj; sjÞ ¼ rj � sj if
rj > sj, otherwise 0, where 1 � j < i. For example, the
minimum support threshold of an item set I at time slot
t2 is adjusted with its support value s1 in the time slot t1,
that is, maxfr2 � ðjT j 
 dissimi� ðr1 � s1ÞÞ; 0g. In the
same way, the minimum support threshold at time slot
t3 is maxfr3 � ðjT j 
 dissimi� ððr1 � s1Þ þ ðr2 � s2ÞÞÞ; 0g if
r1 > s1 and r2 > s2.

5 ANALYTICAL ANALYSIS

5.1 Completeness and Correctness

We analyze the SPAMINE algorithm in terms of correctness
and completeness. Correctness means that the distances
between the support time sequences of all result item sets,
and the reference sequence are not greater than a given
dissimilarity threshold. Completeness means that the
algorithm can find all item sets whose support sequences
are similar to the reference sequence under the dissimilarity
threshold. First, we introduce a related lemma.

Lemma 4. For a reference sequence ~R and an (upper bound)
support time sequence ~S of an item set, the true distance
Dð~R; ~SÞ and the upper lower-bounding distance DUlbð~R; ~SÞ
hold the following inequality: DUlbð~R; ~SÞ � Dð~R; ~SÞ.

Proof. According to Definition 6,

DUlbð~R; ~SÞ¼
Xn

t¼1;rt>st

ðrt � stÞ2
 !1

2

�
Xn
t¼1

ðrt � stÞ2
 !1

2

¼Dð~R; ~SÞ;

if euclidean distance is used as a similarity function. tu

Theorem 2. The SPAMINE algorithm is complete.

Proof. First, we will show that in Step 6 of Algorithm 1, the
generate_candidates_and_bound_sequences function using
the property of upper lower-bounding distance doesn’t
miss candidates, which can be true similar item sets. Let
J be a subset of a size k candidate item set I. According
to Lemma 3 and Lemma 4, DUlbð~R; ~SJÞ � DUlbð~R; ~SIÞ �
Dð~R; ~SIÞ. Thus, if DUlbð~R; ~SJÞ > �, then Dð~R; ~SIÞ > �
and I cannot be a similar item set. Next, we will show
that in Step 7 of Algorithm 1, the prune_candidates_by_lbd
function using the property of the lower bounding
distance does not remove a true item set. According to

Lemma 1, Dlbð~R; ~UI; ~LIÞ � Dð~R; ~SIÞ. If Dlbð~R; ~UI; ~LIÞ > �,
then Dð~R; ~SIÞ > �. Thus, Step 7 does not prune a true
item set. Steps 2 and 8 generate support time sequences
from time stamped transactions correctly, and Steps 3
and 9 do find true similar item sets whose distances
satisfy the dissimilarity threshold. tu

Theorem 3. The SPAMINE algorithm is correct.

Proof. The correctness can be guaranteed by Steps 3 and 9
in Algorithm 1. The fine_similar_item sets function
calculates true distances and includes only item sets
whose distance is not greater than the dissimilarity
threshold in the result set. tu

5.2 Computational Analysis

Next, we briefly compare the computation costs of
SPAMINE and the alternative approach, the sequential
method. First, we examine the computational complexities
of the two methods. Let Tspamine and Tsequential be the total
computation cost of the SPAMINE and of the sequential
method, respectively:

Tspamine ¼
X
k¼1;m

�
Tgen k candi þ Tgen sup boundsðCkÞ

þ Tfiter coarse itemsetsðCkÞ
þ Tgen sup seqs C

0
k;D

� �
þ Tfind true itemsets C

0
k

� ��
:

Tgen k candi represents the cost of generating size k candi-
date item sets. Let Ck be a set of the generated size k
candidates. Tgen sup boundsðCkÞ is the cost of generating the
support bound sequences of the candidate item sets.
Tfiter coarse itemsetsðCkÞ is the cost of filtering the candidates
using their lower bounding distances. Let C0k be a set of the
filtered size k candidate item sets. Tgen sup seqsðC0k;DÞ is the
cost of scanning the whole data setD and generating the true
support time sequences of the filtered candidates C0k.
Tfind true itemsetsðC0kÞ is the cost of finding a similar item set
of size k that satisfies a given dissimilarity. Finally,mdenotes
the largest size of a candidate item set that can be generated in
the SPAMINE algorithm:

Tsequential ¼
X
i¼1;t

( X
k¼1;n

n
Tgen k candi þ Tfilter coarse itemsets0 C

00
k

� �

þ Tgen partial sup seqs C
000
k ;Di

� �o)

þ Tfind true itemsets:

First, t represents the total number of time slots. Di is a
set of transactions included in a time slot i. n denotes the
largest size of candidate item sets generated at each time
slot. Let C00k be a set of size k candidates generated at each
time slot. Tfilter coarse itemsets0 ðC00k Þ is the cost of filtering the
candidate item sets using variable minimum support
thresholds. Tgen partial sup seqsðC000k ;DiÞ is the cost of scanning
the current data subset Di and generating partial support
sequences until the current time slot i of the filtered
candidate set C000k . The sequential method repeats the
procedure to generate candidates, filter item sets coarsely,
and generate partial support sequences with increasing
candidate item set sizeðkÞ in each time slot. Tfind true itemsets
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is the cost of finding all similar item sets from the computed

true support sequences.
Next, we briefly compare the computation cost of the

two different methods:

Tspamine=Tsequential

�
( X

k¼1;m

n
Tgen k candi þ Tgen sup boundsðCkÞ

þ Tfiter coarse itemsetsðCkÞ

þ Tgen sup seqs C
0
k;D

� �o

þ Tfind true itemsets

)
,( X

k¼1;n

n
t


�
Tgen k candi þ Tfilter coarse itemsets0 C

00
k

� �
þ Tgen partial sup seqs C

000
k ;Di

� ��o

þ Tfind true itemsets

)
:

Recall that m denotes the largest size of candidate item

sets that can be generated in SPAMINE, and n denotes the

largest size of candidate item sets of each time slot that

can be generated in the sequential method. We can expect

n > m since the pruning in time slots which are examined

earlier in the sequential method is not effective due to the

low support threshold values, and thus, in the worst case,

item sets of the largest size possible (i.e., with the number

of distinct items) could be generated. As a result, the total

number of generated candidates in the sequential method,P
i¼1;t

P
k¼1;n C

00
k , would be much bigger than the total

number of generated candidates in SAPMINE,
P

k¼1;m Ck.

Thus, t
 Tgen partial sup seqs >> Tgen sup seqs due to the num-

ber of candidate item sets examined in the sequential

method. Overall, we can expect Tsequential >> Tspamine even

if SPAMINE has Tgen sup bounds.

6 EXPERIMENTAL EVALUATION

We evaluate the SPAMINE algorithm to discover similarity-

profiled temporal association patterns using synthetic and

real data sets. All experiments were performed on a

workstation with Intel Xeon 2.8 GHz with 2 Gbytes of

memory running on Linux operating system.

6.1 Experiment Data Sets

Our experiments were performed on both synthetic and real
data. Synthetic data sets were generated using a general
transaction data generator used in [3]. We modified it for
generating time stamped transactions, where each transac-
tion has a time slot value. In the rest of paper, we use the
following parameters to characterize the synthetic data sets
we used. TD is the total number of transactions (
 1,000),
D is the number of transactions per time slot (
 1,000), I is
the number of distinct items, L is the average size of
transactions, and T is the number of time slots. A reference
time sequence was generated by choosing randomly a
support sequence of an item set or by selecting a support
value near a quantile, e.g., 0.25, 0.5, and 0.75, of the sorted
supports of single items at each time slot. The default
reference time sequence was chosen near the 0.5 quantile.
For the experiment with real data, we used an Earth climate
data set, a website click stream data set (BMS-Webview-1)
and a land cover type data set (CoverType). The Earth
climate data set includes monthly measurements of various
climate variables (e.g., temperature and precipitation) and
other related variables (e.g., Net Primary Production). This
data set is nonpublic [26]. The BMS-WebView-1 data set
contains click stream data from an e-commerce website [27].
The CoverType data set is a forest cover type data set,
which is available in the UCI Repository [28]. Throughout
the experiment, we used the normalized distances for
similarity functions. Thus, the dissimilarity values ranged
from 0 to 1.

6.2 Experiment Results

We present the results of the series of experiments with
SPAMINE and the sequential method.

6.2.1 Evaluation with Synthetic Data

Effect of overall pruning scheme. First, we examined the
overall effect of our pruning scheme on SPAMINE using the
TD100-D1-L10-I20-T100 data set. Fig. 8a shows the ratios of
number of candidate sets per depth (i.e., item set size) at
different dissimilarity thresholds. The ratio value is the
number of candidate item sets whose true supports are
computed over the total number of possible item sets per
depth. As can be seen, the SPAMINE substantially reduces
the number of candidate sets. The effect is particularly
significant with increase of depth. Fig. 8b shows the
pruning effect with different reference sequence types.
The dissimilarity threshold was set to 0.2. Our pruning
scheme proves most effective when overall reference
sequence values are higher than the support sequence
values of item sets.
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Effect of pruning by bounds of support sequences. In the next
experiment, we examined the pruning effect by low
bounding distance of the upper and lower bound support
sequences. We compared two versions of the SPAMINE
algorithm, one which uses the bounds of support sequences
and one which does not. We used the same data set, TD100-
D1-L10-I20-T100 and set the dissimilarity threshold at 0.2.
Fig. 9a shows the number of candidates whose supports are
needed to compute at different thresholds. As can be seen,
the algorithm using the pruning scheme based on bounds of
support sequences and the lower bound distance produces
fewer candidate item sets. In Fig. 9b, we show the results
with different reference sequence types.

Effect of number of items. We examined the effect of
number of items with synthetic data sets of different
number of items, TD10_D1_L6_I*_T10. Since the number
of candidate item sets in the sequential method increases
exponentially with the increase of number of items, we
limited the execution to depth 5 and the threshold was fixed
at 0.1. As seen in Fig. 10a, SPAMINE showed a similar
execution time with less effect on the increase of small
numbers of items in this experiment. In contrast, the
execution time of the sequential method dramatically
increased with increase of number of items. The reason is
that the support pruning was not effective due to low

support threshold values, especially in earlier processed
time slots.

Effect of number of time slots. In this experiment, we
examined the effect of number of time slots using synthetic
data sets, TD*_D1_L6_I20_T* having different numbers of
time slots. The number of transactions per time slot was
fixed, but the total data set size was increased with the
number of time slots. Reference sequences were chosen near
the 0.5 quantile in each data set, and the threshold was 0.1.
As seen in Fig. 10b, SPAMINE receives much less effect
from number of time slots. In contrast, the sequential
method rapidly increases with the number of time slots.

Effect of number of transactions per time slot. In this
experiment, we increased the number of transactions per
time slot under a fixed number of time slots. The synthetic
data sets were TD*_D*_L6_I20_T10. The total data set size
increases with increase of number of transactions per time
slot. In Fig. 10c, the overall execution time of the two
algorithms increased with the increase of number of
transactions. When compared with the results shown in
Fig. 10b, in the same size data set, the execution times of the
sequential method were more sensitive with regard to the
number of time slots.

Effect of similarity threshold. We examined the perfor-
mance of the two algorithms with different threshold values
using the TD10_D1_L10_I20_S10 data set. As can be seen in
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Fig. 9. Effect of lower bounding distance pruning of bounds of support sequence in SPAMINE.

Fig. 10. Evaluation of scalability. (a) Effect of number of items. (b) Effect of number of time slots. (c) Effect of number of transactions per time slot.

(d) Effect of threshold.



Fig. 10d, the execution time of the two algorithms increase
with the increase of dissimilarity threshold values.

6.2.2 Evaluation with Real Data

An Earth climate data set. In the first experiment with real
data, we evaluated the two algorithms with an Earth
climate data set. The data set consists of global snapshots of
measurement values for a number of variables (e.g.,
temperature, precipitation, NPP, CO2, and Solar). The data
was measured on latitude-longitude spherical grids of
0.5 degree 
 0.5 degree. For our analysis, we used
measurement values in the Australia region since the
climate phenomena in Australia is known to be linked to
El Niño, the anomalous warning of the eastern tropical
region of the Pacific [29]. The total number of grids in the
Australia data, i.e., the number of transactions per time slot,
was 2,827. First, we removed seasonal variation form the
time series measurement data using a monthly Z score, i.e.,
by subtracting off the mean and dividing by the standard
deviation. We defined event items based on four percentiles
from the time series data of each variable (e.g., PRECI-LL,
PRECI-L, PRECI-H, and PRECI-HH). The total number of
items for our analysis was 50. The data set is available at
monthly intervals from 1982 to 1999. We used 214 months
of data, i.e., the number of time slots was 214. The total
number of transactions was 604,978. For reference se-
quences, we used two sequences, the sequence of SOI,
which is one of the indexes related to the El Niño
phenomenon, and the prevalence sequence of low pre-
cipitation. Since the SOI index range is different from the
support range, we first normalized the index values to the
range of 0 to 1. The transformation of the raw value x was
calculated as ðx� xminÞð1� 0Þ=ðxmax � xminÞ þ 0, where
xmin is the minimum value of raw value x, and xmax is the
maximum value of x. In the case of the SOI index, it was

ððx� ð�7:6ÞÞ � ð1� 0ÞÞ=ð3:4� ð�7:6ÞÞ þ 0. Fig. 11a shows
the experimental setup.

First, we used the El Niño index sequence (SOI index) for
the reference sequence and discovered event item sets whose
prevalence variations are similar to the El Niño index
sequence. Fig. 11b shows the execution time and number of
result sets by different thresholds. In addition, we found
in our mining results that the prevalence variations of
PRECI-L(0.20), CO2-L(0.21), Solar-H(0.25), NPP-L(0.26),
PRECI-L & CO2-L(0.21), NPP-L & CO2-L(0.23), PRECI-L &
NPP-L(0.27), PRECI-L & NPP-L & CO2-L(0.29), etc. were
very related with the El Niño index sequence, with
dissimilarity values of around 0.2. For example, it is known
that Australia experiences low precipitation during El Niño,
which leads eventually to abnormal climate phenomena
such as droughts and wide fires in the region [26]. In the
second experiment, we used the prevalence sequence of low
precipitation as the reference sequence and discovered event
item sets whose prevalence variations are related to the
prevalence of low precipitation. Some of these results are in
line with real phenomena; for example, a decrease of
precipitation is known to lead to a decrease in NPP and
atmospheric carbon dioxide (CO2). Fig. 11c shows the
reference sequence of PRECI-L and the support sequence
of NPP-L and CO2-L event set. We can notice that the
two sequences change similarly, with a dissimilarity value
of 0.14.

A website click stream data set. In the second experiment
with real data, we used a website click data set (BMS-
Webview-1). Each transaction in this data set is a Web
session consisting of all the product pages viewed in that
session. Each product detail view is an item. The click data
recorded in the data set covers nine weeks. When we used a
week as a time interval, the number of time slots was nine.
The total number of transactions was 59,602, the number of
items was 497, the maximum transaction size was 267, and
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Fig. 11. Experimental result with an Earth climate data set. (a) Experimental setup. (b) Evaluation by thresholds (Reference : SOI index).

(c) An illustration of result item set (Reference: precipitation low).



the average transaction size was 2.5. The goal was to find
web pages whose visits had similar frequency with a
specific site over time. We excluded the sequential method
in this experiment since it generated a huge number of
candidate sets with this data set. Fig. 12a shows the
execution time of SPAPMINE and number of result sets
by different thresholds. Even with the small increase of
threshold, this data set generates many similar item sets
with a randomly chosen reference, and the execution time is
dramatically increased.

A land cover type data set. In the last experiment, we
intended to show our SPAMINE algorithm can be applied
to discover similar associated item sets from a data set that
is distinctly divided by other attributes (e.g., land class
type) instead of time. We used a land cover data set
(CoverType), which contained seven class types, i.e., the
data set was divided to seven distinct subsets. The number
of original attributes was 54. Since some of the attributes
were numeric variables, we converted them to nominal
variables. The total number of items in this experiment was
64. The total number of transactions was 581,012, and the
average transaction size was 12. As a reference sequence,
we used the support sequence of a soil type item, i.e.,
“Leighcan.” We examined item sets whose support varia-
tions are similar with the reference sequence over different
land class types. Fig. 12a shows the execution time and the
number of result sets of SPAMINE with different thresh-
olds. As an example from the output result, we can notice
that the “Typic Cryaqualls complex” soil type in the
“Comanche Peak Wilderness” area shows a similar pre-
valence population with the “Leighcan” soil type.

7 RELATED WORK

Although much work has been done on finding association
patterns and similar time series, little attention has been
paid to temporal association patterns that can discover
similar variance groups over time. The closest related
efforts have attempted to capture special temporal regula-
tions of frequent association patterns such as cyclic
association rule mining and calendar-based association
rule mining [8], [10], [9], [30] in temporal association
mining. Özden et al. [8] examined cyclic association rule
mining, which detects periodically repetitive patterns of
frequent item sets over time. Cyclic associations can be
considered as item sets that occur in every cycle with no
exception. The work of Özden et al. [8] was extended in
Ramaswamy et al. [10] for relaxed matches. Li et al. [9]
explored the problem of finding frequent item sets along
with calendar-based patterns. The calendar-based patterns
are defined with a calendar schema, e.g., (year, month, and

day). For example, (�, 10, 31) represents the set of time
points each corresponding to the 31st day of October.
However, real-life patterns are usually imperfect and may
not demonstrate any regular periodicity. In the work of
Li et al. [30], a temporal pattern is defined with the set of
time points where the user expects discovered item sets to
be frequent. In contrast, our temporal patterns are searched
with a user defined numeric reference sequence and
consider the prevalence similarities of all possible item
sets, not only frequent item sets. Bettini et al. [31] finds
frequent event patterns from time sequences using a user-
specified skeleton. The user-specified skeleton is defined
with a reference event and temporal constraints with time
granularities. For example, the work can find events which
frequently happen within two business days after a
reference event, e.g., a rise in the stock price of IBM. The
user-specified skeleton information may be used to gen-
erate a reference sequence of our concept. However, the
sequence would be a type of binary sequence which has
“1” values at time points within a time granularity from
reference event instances. Hidber [32] introduced online
association rule mining which gives the user the freedom
to change the support threshold during the first scan of
data set. Agrawal and Srikant [33] addressed the problem
of monitoring the support and confidence of association
rules. First, all association rules satisfying the minimum
thresholds over time are mined and collected into a rule
base. Then, interesting patterns are queried by specifying
shape operators (e.g., ups and downs) in support or
confidence over time. In contrast, we use numeric query
sequences for our interesting patterns. There are many
other studies in temporal data mining. Dong and Li [34]
presented the problem of mining emerging patterns, which
are item sets whose supports increase significantly from
one data set to another. Liu et al. [35] studied the change of
fundamental association rules between two time periods
using support and confidence. Recent work has applied
mining techniques in a data streaming context. The
temporal frequency counting problem for a data stream
environment was proposed by Teng et al. [36].

8 CONCLUSION AND FUTURE WORK

We formulated the problem of mining similarity-profiled
temporal association patterns and proposed a novel algo-
rithm to discover them. The proposed SPAMINE algorithm
substantially reduced the search space by pruning candidate
item sets using the lower bounding distance of the bounds of
support sequences, and the monotonicity property of the
upper lower bounding distance without compromising the
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Fig. 12. Experimental results with other real data sets. (a) BMS-WebView-1. (b) CoverType.



correctness and completeness of the mining results. Experi-
mental results on synthetic and real data sets showed that the
SPAMINE algorithm is computationally efficient and can
produce meaningful results from real data. However, our
pruning scheme effect depends on data distribution, dissim-
ilarity threshold, and type of reference sequence.

In the future, we plan to explore different similarity
models for our temporal patterns. The current similarity
model using a Lp norm-based similarity function is a little
rigid in finding similar temporal patterns. It may be
interesting to consider not only a relaxed similarity model
to catch temporal patterns that show similar trends but also
phase shifts in time. For example, the sale of items for clean-
up such as chain saws and mops would increase after a storm
rather than during the storm. We currently consider whole-
sequence matching for the similar temporal patterns. Sub-
sequence matching models may be more flexible for the
patterns.
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