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Abstra
t. A time-pro�led asso
iation is an asso
iation pattern 
onsis-tent with a query sequen
e over time, e.g., identifying the intera
tingrelationship of droughts and wild �res in Australia with the El Ninophenomenon in the past 50 years. Traditional asso
iation rule miningapproa
hes reveal the generi
 dependen
y among variables in asso
ia-tion patterns but do not 
apture the evolution of these patterns overtime. In
orporating the temporal evolution of asso
iation patterns andidentifying the 
o-o

urring patterns 
onsistent over time 
an be doneby time-pro�led asso
iation mining. Mining time-pro�led asso
iations is
omputationally 
hallenging due to the large size of the itemset spa
eand the long time points in pra
ti
e. In this paper, we propose a novelone-step algorithm to unify generating statisti
al parameter sequen
esand sequen
e retrieval. The proposed algorithm substantially redu
es theitemset sear
h spa
e by pruning 
andidate itemsets based on the mono-tone property of the lower bounding measure of the sequen
e of statisti
alparameters. Experimental results show that our algorithm outperformsa naive approa
h.
1 Introdu
tionA time-pro�led asso
iation is an asso
iation pattern [2℄, whi
h 
onsists with aquery sequen
e over time. One example is the frequent 
o-o

urren
es of 
limatefeatures with the El Nino phenomenon over the last 50 years [10℄. El Nino, anabnormal warming in the eastern tropi
al Pa
i�
 O
ean[1℄, has been linked to
limate phenomena su
h as droughts and wild �res in Australia and heavy rain-fall along the eastern 
oast of South Ameri
a in the past 50 years. Transa
tiondata are impli
itly asso
iated with time, i.e., any transa
tion is asso
iated witha 
ertain time slot. Thus the asso
iation patterns might 
hange over time. Forexample, a sales asso
iation between diaper and beer is high only in the eveningbut not in other time slots. Asso
iation patterns found might have di�erent1 This work was partially supported by NSF grant 0431141 and Army High Perfor-man
e Computing Resear
h Center 
ontra
t number DAAD19-01-2-0014. The 
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e
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omputing fa
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hni
al report [9℄ for more details.



popularity levels over time. These variations in time are not 
aptured under tra-ditional asso
iation rule mining[2℄. Hen
e time-pro�led asso
iation mining 
anbe used to dis
over intera
ting relationships 
onsistent with a query prevalen
esequen
e over time. Mining time-pro�led asso
iations is 
ru
ial to many appli
a-tions whi
h analyze temporal trends of intera
tions among variables, in
ludingEarth s
ien
e, 
limatology, publi
 health, and 
ommer
e.Mining time-pro�led asso
iations is 
omputationally 
hallenging sin
e thesizes of itemset spa
e and temporal spa
e are extremely large in pra
ti
e. Inthe example of the El Nino investigation, there are millions of spatial unitswith 
limate features (e.g., temperature and pre
ipitation), ea
h having 50 yearsworth of daily observations, i.e.,50*12*365=21,900 time points. An observationat one time point in a spe
i�
 lo
ation 
an be treated as one transa
tion, so thereare more than millions of transa
tions globally at one time snapshot. Therefore,exploring a pair of 
limate features will involve about trillion itemset spa
e andlong time series, and exploring all relationships among features would be evenmore exorbitant.To our best knowledge, there is no prior work dire
tly ta
kling the problem ofmining time-pro�led asso
iations. Some relevant work has attempted to 
apturetemporal dynami
s of asso
iation patterns, in
luding a
tive data mining [4℄,
y
li
 asso
iation rule mining [8℄, and 
alendar-based asso
iation rule mining [7℄.However, these related work might not be dire
tly applied to identify 
onsistentasso
iations over time with a query sequen
e.A naive approa
h to mining time-pro�led asso
iations 
an be 
hara
terizedusing a two-phase paradigm. The �rst phase updates the history of the statis-ti
al parameters (e.g., support) for rules at di�erent time points using tradi-tional Apriori [2℄ approa
h, and generates a sequen
e of statisti
al parameters.The se
ond phase mat
hes the sequen
es of statisti
al parameters to �nd time-pro�led asso
iations with the query sequen
e. However, exponentially in
reasing
omputational 
osts of generating all 
ombinatorial 
andidate itemsets be
omeprohibitively expensive. We propose a novel one-step algorithm to unify the gen-eration of statisti
al parameter sequen
es and sequen
e sear
hing. The proposedalgorithm prunes the 
andidate itemsets by using the monotone property of thelower bounding measure of sequen
e of statisti
al parameters. It substantiallyredu
es the sear
h spa
e of itemsets, and is eÆ
ient in terms of the numberof 
andidate itemset generations. Experimental results show that our algorithmoutperforms the naive approa
h.2 Problem Statement
A time-pro�le asso
iation is an asso
iation pattern 
onsistent with a spe
i�
time sequen
e over time. The problem of mining the time-pro�led asso
iationpatterns is to �nd all itemsets whose time sequen
es of prevalen
e measures aresimilar to user spe
i�ed query sequen
e under a given similarity threshold. Thedetailed problem de�nition is des
ribed as follows. We assume that a query timesequen
eQ is in the same s
ale of the prevalen
e measures or 
an be transformedto the same s
ale.



Given:1) A set of items E = fe1; : : : ; emg.2) A time-stamped transa
tion database D. Ea
h transa
tion d 2 D is a tuple< time-stamp, itemset > where time-stamp is a time that the transa
tion d isexe
uted and itemset is a set of items whi
h is a subsets of E.3) A time unit t. The ith time slot ti, 0 � i < n, 
orresponds to the time interval[i � t , (i+ 1) � t). The set of transa
tions exe
uted in ti is denoted by Di.4) A query time sequen
e Q =< q0; : : : ; qn�1 > over time slots t0; : : : ; tn�1.5) A threshold of similarity value �.Find: A 
omplete and 
orre
t set of itemsets I � E where fsimilar(PI , Q) ��, where PI =< pI0; : : : ; pIn�1 > is the time sequen
e of prevalen
e values of anitemset I over time slots t0; : : : ; tn�1 and fsimilar(PI , Q) is a similarity fun
tionbetween two sequen
es PI and Q.Obje
tive: Minimize 
omputational 
ost.3 Properties of Time-Pro�led Asso
iations3.1 Basi
 Con
eptsSupport Time Sequen
e : We use support as the prevalen
e measure of anitemset sin
e it represents how statisti
ally signi�
ant a pattern is, and it hasan anti-monotone property [2℄.De�nition 1. Given a time-stamped transa
tion database D = D0[ : : :[Dn�1,the support time sequen
e PI of an itemset I is the sequen
e of support valuesof an itemset I over D0; : : : ; Dn�1 su
h thatPI =< supportD0(I); : : : ; supportDn�1(I) >where supportDi(I) = jfd 2 DijI � dgj=jDij.Choi
e of Similarity Measure : Several similarity measures have been pro-posed in the time series literature [6℄. We propose using Eu
lidean distan
eas the similarity measure between two sequen
es sin
e it is a typi
al similar-ity measure and is useful in many appli
ations [3, 5℄. For two time sequen
esX =< x0; : : : ; xn�1 > and Y =< y0; : : : ; yn�1 >, the Eu
lidean similaritymeasure is de�ned as fsimilar(X;Y ) = D(X;Y ) = qPn�1i=0 (xi � yi)2. If thisdistan
e is below a user-de�ned threshold �, we say that the two sequen
es aresimilar.3.2 Upper Bound Time Sequen
e and Lower Bounding MeasureLemma 1. Let PIk = < pIk0 ; : : : ; pIkn�1 > be the support time sequen
e of a size kitemset Ik = fi1; : : : ; ikg � E and PJk = < pJk0 ; : : : ; pJkn�1 > be the support timesequen
e of a size k itemset Jk = fj1; : : : ; jkg � E where i1 = j1; : : : ; ik�1 = jk�1and ik 6= jk, k � 1. Let PIk+1 = < pIk0 ; : : : ; pIk+1n�1 > be the support time sequen
eof a size k+1 itemset Ik+1 = Ik [Jk = fi1; : : : ; ik; jkg, k � 1. The upper boundtime sequen
e UIk+1 of PIk+1 is < minfpIk0 ; pJk0 g; : : : ;minfpIkn�1; pJkn�1g >.



De�nition 2. Given a query time sequen
e Q, the lower bounding measure be-tween Q and the support time sequen
e PI of an itemset I is de�ned as
Dlb(Q;PI) =vuutn�1Xi=0(qi � ui)2; qi � ui

where i is a time slot, qi 2 Q =< q0; : : : ; qn�1 > and ui 2 UI =< u0; : : : ; un�1 >,the upper bound time sequen
e of PI .Lemma 2. For the true similarity measure D(Q;PI) and the lower boundingmeasure Dlb(Q;PI) of a query time sequen
e Q and the support time sequen
ePI of an itemset I, the following inequality holds:Dlb(Q;PI) � D(Q;PI)3.3 Monotone Property of Lower Bounding MeasureLemma 3. Let PIk be the support time sequen
e of a size k itemset Ik and PIk+1be the support time sequen
e of a size k+1 itemset Ik+1, where Ik+1 = Ik [ I1,I1 =2 Ik. The following inequality holds:Dlb(Q;PIk) � Dlb(Q;PIk+1)It is 
lear by Lemma 1 and De�nition 2. The upper bound of the support timesequen
e of an itemset de
reases with in
reasing the itemset size. As a result thelower bounding measure does not de
rease with in
reasing size of itemset. Fora similarity threshold �, if Dlb(Q;PIk) > � then Dlb(Q;PIk+1) > �. Lemma 3ensures that the lower bounding measure 
an be used to e�e
tively prune thesear
h spa
e and eÆ
iently �nd interesting itemsets.4 Time-Pro�led Asso
iation Mining AlgorithmWe propose a one-step algorithm, Time-Pro�eld asso
iation MINing mEthod(TPMINE) to 
ombine the generation of support time sequen
e and the timesequen
e sear
h. Our algorithm prunes the 
andidate itemsets by using the mono-tone property of the lower bounding measure of support time sequen
es withouts
anning the transa
tion database and even without 
omputing their true simi-larity measure. The following is the simple des
ription of the TPMINE algorithm.Generation of support time sequen
es of single items : In the �rst s
anof a time-stamped database, the supports of all single items (k = 1) are 
ountedper ea
h time slot and their support time sequen
es are generated. If the lowerbounding measure between a query sequen
e and the support time sequen
e isgreater than a given similarity threshold value, the single item is pruned fromthe 
andidate set. If the true similarity value between them satis�es the thresh-old, the item is added to a result set.
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(b)Fig. 1. Experiment Results: (a) E�e
t of threshold (b) E�e
t of pruningGeneration of 
andidate itemsets : All size k + 1 
andidate itemsets aregenerated using size k 
andidate itemsets.Generation of upper bound sequen
es : The upper bound time sequen
esof size k+1 
andidate itemset are generated using the support sequen
es of theirsize k subsets.Pruning of 
andidate itemsets using lower bounding measure : Cal
u-late the lower bounding measure between the upper bound sequen
e of 
andidateitemset and the query time sequen
e. If the lower bounding measure is greaterthan the similarity threshold, the 
andidate itemset is eliminated from the setof 
andidate itemsets.S
anning the database and �nding itemsets showing similar supporttime sequen
es : The supports of 
andidate itemsets after pruning are 
ountedfrom the database and their support time sequen
es are 
al
ulated. If the simi-larity value between the support sequen
es and the query sequen
e is less thanthe threshold value, the itemset is in
luded in the result set. The size of exam-ined itemsets is in
reased to k = k + 1 and the above pro
edures are repeateduntil no 
andidate itemset remains in the previous pass.5 Experimental EvaluationOur experiments were performed on both real and syntheti
 datasets. The syn-theti
 dataset was generated using the transa
tion generator designed by theIBM Quest proje
t used in [2℄. We added a time slot parameter for generatingtime-stamped transa
tions. All experiments were performed on a workstationwith 4 pro
essors, ea
h an Intel Xeon 2.8 GHz with 3 Gbytes of memory run-ning the Linux operating system.E�e
t of similarity threshold : The e�e
t of similarity measure was ex-amined with di�erent similarity thresholds using a syntheti
 dataset in whi
h



the total number of transa
tions was 100,000, the number of items was 20, theaverage size of transa
tion was 10 and the number of time slots was 10. Thequery sequen
e was 
hosen near the median spport value of single items at ea
htime slot. In Fig. 1 (a), the TPMINE algorithm showed dramati
ally less exe
u-tion time 
ompared with the naive approa
h. With the in
rease in the similaritythreshold, the exe
ution time of TPMINE in
reased. Otherwise, the naive ap-proa
h showed stable exe
ution time be
ause the approa
h 
al
ulated all timesequen
es of all 
ombination itemsets independent with the threshold value.E�e
t of lower bounding pruning : Fig. 1 (b) shows the number of gener-ated 
andidate itemsets per ea
h pass in the experiment using the same dataset.Note that the y value is in log s
ale. TPMINE generated mu
h fewer 
andidateitemsets 
ompared with the naive method.The experiment results with other parameters, i.e., type of the query se-quen
e, the number of items and the number of time slots, and a real datasetare refered in [9℄.6 Con
lusionsWe introdu
ed the problem of mining time-pro�led asso
iation patterns andproposed a one-phase algorithm to eÆ
iently dis
over time-pro�led asso
iations.The proposed algorithm substantially redu
ed the sear
h spa
e by pruning 
an-didate itemsets based on the monotone property of the lower bounding measureof the sequen
e of statisti
al parameters. Experimental results showed that ouralgorithm outperformed the naive approa
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