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Abstract

Partial periodicity search, i.e., search for partial peri-
odicpatternsin time-seriesdatabases,is aninterestingdata
mining problem. Previous studieson periodicity search
mainlyconsiderfinding full periodicpatterns, where every
point in timecontributes(preciselyor approximately)to the
periodicity. However, partial periodicityis verycommonin
practicesinceit is more likely that only someof the time
episodesmayexhibit periodicpatterns.

Wepresentseveral algorithmsfor efficientminingof par-
tial periodicpatterns,byexploringsomeinterestingproper-
tiesrelatedto partial periodicity, such astheApriori prop-
ertyandthemax-subpatternhit setproperty, andby shared
mining of multiple periods. The max-subpatternhit set
propertyis a vital new propertywhich allowsus to derive
the countsof all frequentpatternsfrom a relativelysmall
subsetof patternsexisting in the timeseries.We showthat
mining partial periodicity needsonly two scansover the
timeseriesdatabase,evenfor miningmultipleperiods.The
performancestudyshowsour proposedmethodsare very
efficientin mininglongperiodicpatterns.

Keywords. Periodicity search, partial periodicity, time-
series analysis, data mining algorithms.

1. Intr oduction

Finding periodicpatternsin time seriesdatabasesis an
importantdatamining taskwith many applications.Many
methodshave beendevelopedfor searchingperiodicitypat-
ternsin largedatasets[8]. However, mostpreviousmethods
on periodicitysearchareon mining full periodic patterns,�
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whereeverypoint in timecontributes(preciselyor approxi-
mately)to thecyclic behavior of thetime series.For exam-
ple,all thedaysin theyearapproximatelycontributeto the
seasoncycle of theyear. A usefulrelatedtypeof periodic
patterns,calledpartial periodicpatterns, whichspecifythe
behavior of thetimeseriesatsomebut notall pointsin time,
have not receivedenoughattention.An examplepartialpe-
riodic patternmay statethat Jim readsthe Vancouver Sun
newspaperfrom 7:00 to 7:30 every weekdaymorningbut
his activities at other times do not have much regularity.
Thus,partial periodicityis a looserkind of periodicitythan
full periodicity, andit existsubiquitouslyin therealworld.
Thepurposeof thecurrentpaperis to fill thegapby consid-
eringtheefficientminingof partialperiodicpatterns.

Most methodsfor finding full periodic patternsareei-
ther inapplicableto or prohibitively expensive for themin-
ing of partial periodicpatterns, becauseof themixture of
periodiceventsandnon-periodiceventsin thesameperiod.
For example,FFT (FastFourierTransformation)cannotbe
appliedto mining partial periodicity becauseit treatsthe
time-seriesas an inseparableflow of values. Someperi-
odicity detectionmethodscandetectsomepartial periodic
patterns,but only if the period,andthe lengthandtiming
of thesegmentin thepartialpatternswith specificbehavior
areexplicitly specified.For thenewspaperreadingexample,
we needto explicitly specifydetailssuchas“find the reg-
ular activities of Jim duringthehalf-hourafter7:00for the
periodof ��� hours.” A naive adaptationof suchmethodsto
our partial periodicpatternmining problemwould bepro-
hibitively expensive, requiring their applicationto a huge
numberof possiblecombinationsof thethreeparametersof
length,timing, andperiod.

Besidesfull periodicity search,thereare many recent
studieson time seriesdatamining: Most concentrateon
symbolicpatterns,althoughsomeconsidernumericalcurve
patternsin time series. Agrawal and Srikant [3] devel-
opedan Apriori-lik e technique[2] for mining sequential
patterns.Mannilaet al. [10] considerfrequentepisodesin
sequences,whereepisodesare essentiallyacyclic graphs
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of events whoseedgesspecify the temporalbefore-and-
after relationalshipbut without timing-interval restrictions.
Inter-transactionassociationrulesproposedby Lu et al. [9]
are implication rules whosetwo sidesare totally-ordered
episodeswith timing-interval restrictions(on the eventsin
the episodesandon the two sides). Bettini et al. [5] con-
sidera generalizationof inter-transactionassociationrules:
theseareessentiallyruleswhoseleft-handandright-hand
sidesareepisodeswith time-interval restrictions.However,
unlikeours,periodicityis not consideredin thesestudies.

Similar to ourproblem,themining of cyclic association
rulesby Özden,et al. [12] � alsoconsidersthe mining of
somepatternsof a rangeof possibleperiods.Observe that
cyclic associationrules are partial periodic patternswith
perfectperiodicityin thesensethateach patternreoccursin
everycycle, with �
	�	
� confidence.Theperfectnessin peri-
odicity leadsto a key ideausedin designingefficientcyclic
associationrule mining algorithms:As soonasit is known
thatan associationrule � doesnot hold at a particularin-
stantof time,wecaninfer that � cannothaveperiodswhich
includethis time instant.For example,if themaximumpe-
riod of interestis ������� andit is discoveredthat � doesnot
hold in thefirst ������� time instants,then � cannothave any
periods. This idea leadsto the useful “cycle-elimination”
strategy exploredin thatpaper. Sincereal life patternsare
usuallyimperfect,ourgoalis notto mineperfectperiodicity
andthus“cycle-elimination”basedoptimizationwill notbe
consideredhere. �

An Apriori-lik ealgorithmhasbeenproposedfor mining
imperfectpartialperiodicpatternswith a given(single) pe-
riod in a recentstudyby two of the currentauthors[7]. It
is an interestingalgorithmfor mining imperfectpartialpe-
riodicity. However, with a detailedexaminationof thedata
characteristicsof partial periodicity, we foundthatApriori
pruningin miningpartialperiodicitymaynotbeaseffective
asin miningassociationrules.

Ourstudyhasrevealedthefollowing new characteristics
of partialperiodicpatternsin time series:TheApriori-like
propertyamongpartialperiodicpatternsstill holdsfor any
fixedperiod,but it doesnot hold for patternsbetweendif-
ferentperiods. Furthermore,thereis a strongcorrelation
amongfrequenciesof partialpatterns.

Themaincontributionsof this paperareasfollows. We
considertheefficientminingof partialperiodicpatterns,for
a singleperiodaswell asfor a setof periods. We propose
several mining algorithms,by exploring someinteresting
propertiesrelatedto partial periodicity suchas the Apri-�

It is importantto pointout that[12] concentratesontheeliminationof
candidateitemsetsfor theassociationrule mining algorithm,althoughthe
cycle-eliminationstrategydoesleadto asmallreductiononthenumberof
patternswhenweprocessthetime seriesfrom left to right.�

Notethata modifiedstrategy, wherewe stopconsideringcertainpat-
ternsassoonasthelengthof thetimeseriesto beprocessedis notenough
to maketheconfidencehigherthanthethreshold,canbeused.

ori propertyandthemax-subpatternhit setproperty, andby
sharedmining of multiple periods.Themax-subpatternhit
setpropertyis a vital new propertywhich allows to derive
the countsof all frequentpatternsfrom a relatively small
subsetof patternsmined from the time series. We show
thatminingpartialperiodicityneedsonly twoscansoverthe
timeseriesdatabase,evenfor miningmultipleperiods.The
performancestudy shows our proposedmethodsarevery
efficient. The proposedmethodsare also robust that can
beappliedin a varietyof casesincludingmining multiple-
level partialperiodicityandmining partialperiodicitywith
perturbationandevolution.

The remainingof the paperis organizedasfollows. In
Section2, conceptsrelatedto partial periodicity areintro-
duced.In Section3, methodsfor miningpartialperiodicity
in regard to both single andmultiple periodsarestudied.
In Section4, the implementationof a novel datastructure,
namelythe max-subpatterntree,for facilitating the count-
ing of thehit maximalpatterns,andthederivationof theset
of frequentpatternsfrom thehit maximalpatterns,arepre-
sented.In Section5, a comparisonof the performanceof
theproposedalgorithmsis reported.Weconcludeourstudy
in Section6.

2 ProblemDefinition

Assumethata sequenceof � timestampeddatasetshave
beencollectedin a database.For eachtime instant � , let ���
beasetof featuresderivedfrom thedatasetcollectedat the
instant.Thus,thetimeseriesof featuresis repesentedas,�! � �#" � �
"%$
$%$&" ��' $

Let ( betheunderlyingsetof features.We will alsouse
the“don’t care”character) , whichcanmatchany singleset
of features. We definea pattern *  * �,+
+%+ *&- asa non-
emptysequence. over /0��13254�687�9;:<4#)=7 . We will use > *8>
to denotethelengthof * , andwill saythat > *?> is theperiod
of the pattern * . Let the ( -lengthof *  * � +
+%+ * - be the
numberof *@� whichcontainslettersfrom ( . A patternwith( -length � is alsocalledan � -pattern. Moreover, a subpat-
tern of a pattern *  * � +
+%+ * - is a pattern *�A  *�A � +
+%+ *@A-
suchthat * and *@A have the samelength,and *@A�CB *@� for
every position � where *�A�ED ) . For example,the patternF )G4 F "IH 7�J8K is of length L andit is of ( -length � (i.e., it is a
4-pattern);and F )M4 F "IH 7N)O) and )O) H J8K aretwo of the �
P
subpatternsof F )Q4 F "�H 7#J8K .

Thefr equencycount andconfidenceof a pattern* in a
timeseries� ��"
$%$
$�" �R' aredefinedasSUT K%V�WXK%� H�Y H�Z WU�\[�/0*%9  >]4��N>�	�^_�,`ba " F �cJd

If e&f is asingletonwe will omit thebrackets,e.g.,wewrite g�h
i as h .
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thestring s is true in � �kj l�j m � +%+
+ � �kj l�j mnj l�j 7=> ,
and

H�Z � S /0*%9  SUT K
V�WUK%� H�Y H�Z WX�\[�/o*
9a "
where a is the maximumnumberof periodsof length > *8>
containedin the time series(i.e., a is the positive integer
suchthat ap> *?>q^r�s`t/0atuv�
9%> *?> ). Eachsegmentof the
form � �kj l�j m � +
+%+ � �kj l�j mnj l�j , where 	w^x�y`xa , is calleda
period segment. We saya pattern*  * � +
+%+ * - is true in
theperiodsegmentor theperiodsegmentmatches * , if, for
eachposition � , either * � is ) or all the lettersin * � occur
in the �{z}| set of featuresin the segment. Thus, if *@A is a
subpatternof * , thenthesetof sequencesthatcanmatch *
is a subsetof sequencesthatcanmatch *@A .
Example2.1 For example,F )�~ is apatternof period � ; its
frequency countin the featureseriesF 4#~ "IH 7�~ F K
~ F H K
J is 2;
andits confidenceis �. , where3 is the maximumnumber
of periodsof length3. The frequency countof F 4#~ "�H 7�) inF 4�~ "�H�" J\7�K F 4#~ "IH 7 F
F ~ H is also �. .

Similarto miningassociationrules[2], wesaythatapat-
tern is a fr equent partial periodic pattern in a time se-
ries if its confidenceis larger thanor equalto a threshold,aC�k� H�Z � S . Theminingof frequentpartialperiodicpatterns
in a time seriesis to discover, possiblywith somerestric-
tions,all thefrequentpatternsof theseriesfor oneperiodor
a rangeof specifiedperiods.More specifically, theinput to
mining includes:� A timeseries

�
.� A specifiedperiod;or arangeof periodsspecifiedby two

integers� Z�� and �U�{�?� .� An integer a indicatingthattheratio of thelengthsof
�

andthepatternsmustbeat leasta . Thiswill ensurethat
thepatternsminedwouldbeof valueto theapplicationat
hand.

Remark: Sometimesthe derivation of the featureseries
from theoriginaldataseriesis quiteinvolved,andtheinter-
actionof theperiodicpatternswith thederivationof features
mayleadto improvedperformance.Henceit is worthwhile
to combinetheminingof thefeaturesfrom thedatasetswith
themining of thepatterns,asis the casefor themining of
cyclic associationrules[12]. For ourwork ontheminingof
frequentpartialperiodicpatternsthough,this interactionis
not usefulfor achieving computationaladvantageandthus
we will assumethat we aredealingwith the featuretime
seriesin ourstudy.

3 Methods for mining partial periodicity in
time series

In this section,we explore methodsfor mining partial
periodicity in a time series,proceedingfrom mining par-
tial periodicity for a singlegiven period to mining partial
periodicity for a specifiedrangeof periods(i.e., multiple
periods).

3.1 Mining partial periodicity for singleperiod

3.1.1 Single-periodapriori method

A popularkey ideausedin theefficient mining of associa-
tion rulesis the Apriori propertydiscoveredin [2]: If one
subsetof an itemsetis not frequent,thenthe itemsetitself
cannotbefrequent.This allows usto usefrequentitemsets
of size � asfilters for candidateitemsetsof size �\u5� .

Interestingly, for eachperiod � , thepropertysupporting
theApriori “trick” still holds:

Property 3.1 [Apriori on periodicity ] Eachsubpatternof
a frequentpatternof period � is itself a frequentpatternof
period� .

Theproof is basedonthefactthatpatternsaremorerestric-
tive thantheir subpatterns.Suppose*@A is a subpatternof a
frequentpattern* . Then *�A is obtainedfrom * by changing
somesetof lettersto a subsetor ) . Hence* is morerestric-
tivethan *@A andthusthefrequency countof *@A is greaterthan
or equalto thatof * . Thus *�A is frequentaswell.

An algorithmfor mining partial periodicpatternsfor a
given fixed period basedon this Apriori “trick” was pre-
sentedin [7]. We includea simpliedversionherefor the
sakeof completeness.

Algorithm 3.1 [Single-periodApriori ] Findall partialpe-
riodic patternsfor a givenperiod � satisfyinga givencon-
fidencethresholdmin conf in time-series

�
, basedon the

Apriori property3.1.

Method.

1. Find � � , thesetof frequent1-patternsof period� , by ac-
cumulatingthefrequency countfor each1-patternin each
wholeperiodsegmentandselectingamongthemwhose
frequency countis no lessthan a��}� H@Z � S�� a , wherea
is themaximumnumberof periods.

2. Find all frequent � -patternsof period � , for � from 2 up
to � , basedon theideaof Apriori, andterminateimmedi-
atelywhenthecandidatefrequent� -patternsetis empty.

Analysis.
Number of scans over the time series. Step1 of the
algorithmneedsto scanthetimeseries

�
once.Step2 needs
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to scan
�

upto ��2�� timesin theworstcase.Thusthetotal
numberof scansis nomorethantheperiod� .
Space needed. (1) At Step1,supposethereexist atotalofS � distinctfeaturesatpositions� " �cuR� "
$%$
$@" /oa�2��
9��cuR� in � ,
wherea is thenumbersuchthat aR��^�> � >�`s/0a�u��
9{� . We
need� - ��� � S � unitsof space� to holdthecounts.In theworst
casewhenevery featureis distinct in theentiretime series�

, we need � j �\j��� � > �R��> units of spaceP . After Step1, we
only need> � � > unitsof spaceto keep� � , thesetof frequent� -patternsin

�
. (2) At Step2, the maximumnumberof

candidatesubpatternsthatwemaygenerateis

� > � � >� � u� > � � >� � u +%+%+ u � > � � >> � � > �  � j �\�&j 2C> � � >�2�� . Considering

thatwe still need > � � > spaceto keepthe setof frequent1-
patterns,thetotalamountof spaceneededis � j � � j 2p� in the
worsecasein this computation.However, theaveragecase
shouldbemuchsmallerthanthe worst casesinceif every
featureis distinctin thetimeseries,thenthereis noneedto
find periodicpatterns.The existenceof any periodicity in
thetimeserieswill reducethememoryneeded.

3.1.2 Single-periodmax-subpattern hit setmethod

Althoughthe Apriori trick mayreducethesearchspacein
partial periodicity mining in a similar way as association
rulemining,it is importantto notethatthedatacharacteris-
tics in the two casesarevery different. In mining associa-
tion rules,thenumberof frequent� -itemsetsshrinksquickly
as � increasesbecauseof thesparsityof frequent� -itemsets
in a large transactiondatabase.However, in mining par-
tial periodicity, veryoftenthenumberof frequent� -patterns
shrinksslowly (when �,�v� ) as � increases.Theslow speed
of decreasein thenumberof frequent� -patternsis dueto a
strongcorrelationbetweenfrequenciesof patternsandtheir
subpatterns.We now illustratethis point.

Example3.1 Supposewehave two frequent1-patterns,F )
and )
~ , suchthat H�Z � S / F )�9  	 $�� and H�Z � S /0)�~�9  	 $�� ,
in a time-series

�
. Then it must be the casethat 	 $�� ^H�Z � S / F ~�9�^v	 $�� , asexplainedbelow. Sinceall periodseg-

mentsthatmatch F ~ matchboth F ) and )�~ , H�Z � S / F ~�9�^_	 $��
holds.To derive theotherinequality, let  F denotethepredi-
catethataletterisnot F , similarly  ~ . Theconfidenceof  F ) in�

is atmost 	 $ � , becauseH�Z � S /� F )
9  �Q2 H�Z � S / F )
9 . Sim-
ilarly, H�Z � S /o)  ~%9q^¡	 $ � . Since H�Z � S / F ~�9�¢v�,2 H�Z � S /� F )�9c2H�Z � S /o)  ~�9 , it followsthat H�Z � S / F ~�9Q¢b	 $ � .

The slow reductionof the set of candidatefrequent � -
patternsas � growsmakestheApriori pruningof Algorithm
3.1lessattractive. Is therea betterway?£

Theunit of spaceis thespaceneededto hold thefeatureidentifierand
its associatedcount, and its size is usually2-8 bytes,dependingon the
implementation.¤

This is equalto thetotalspacethatthetimeseriesoccupies.

Obviously, the derivation of frequent � -patternsis still
an effective way to dramaticallyreducethe candidateset
to beexaminedlaterbecausethereareusuallyonly a small
numberof featuresbeing frequentat a particularposition
but therecouldbea largenumberof featuresappearingin
theposition.This is especiallytruewhentheaveragenum-
berof featuresperpositionis largerthan ¥ ��N� ' ¦o§o'�¨U© . Thus
ourdiscussionwill befocusedon how to reducethesearch
effort afterthesetof frequent� -patterns,� � , is found.

Ourkey ideais basedonthenotionsof max-patternsand
hit patterns,definednext.

A candidate (fr equent) max-pattern, ª������ , is the
maximalpatternwhichcanbegeneratedfrom � � , thesetof
frequent � -patterns.For example,if the frequent1-pattern
setis 4 F )O)�)�) " )
~,)�)
) " )«) H )�) " )O)O)�J8)87 , thecandidate
max-patternis F ~ H J8) . Noticethatapositionin thecandidate
max-patternmaybeallowedto have a disjunctionof more
thanonenon-) letter. For example,if thefrequent1-pattern
setis 4 F )�)O)«) " )
~ � )O)
) " )�~ � )«)
) " )O) H )«) " )G)�)
J8)87 , the
candidatemax-patternis F 4#~ ��" ~ � 7 H J8) .

Let the ( -lengthof thecandidatemax-pattern,ª������ , be> ª������X> . A subpatternof ª��G��� is hit in a periodsegment� � of
�

if it is themaximalsubpatternof ª��G��� in
� � . For

example,for ª �G���  F 4#~ �
" ~ � 7 H J8) , the hit subpatternfor
a periodsegment

� �  F 4#~ �#" ~ � 7 H%� 4#J �
" J � 7#K is F 4�~ �
" ~ � 7�))
) , becauseit is true in
� � and noneof its superpatternsF 4#~ �
" ~ � 7 H )¬) , F 4�~ �
" ~ � 7?)\J?) , and F 4�~ �
" ~ � 7 H J8) , is in

� � . The
hit set, ­ , of a timeseries

�
is thesetof all hit subpatterns

of ª������ in
�

.

Theusefulnessof hit max-patternsis: We canderive the
completesetof partialperiodicpatterns,fromthefrequency
countsof all thehit maximalsubpatternsof ª ����� . Thiswill
bedetailedbelow.

We would like to give an estimateof the buffer size
neededin computationbasedon the idea of hit patterns.
One upperboundof the buffer size is estimatedin terms
of a , the total numberof periodsin

�
. > ­�> , the size of

the hit setin a time series
�

, shouldbeno biggerthan a ,
i.e., > ­�>®^¯a . This is obvioussinceeachperiodsegment
cangenerateat mostonehit subpattern,anda hit subpat-
ternmaybehit in morethanoneperiodsegment.Theother
upperboundof thebuffer sizeis estimatedin termsof the
maximalnumberof patternsthatcanbegeneratedfrom � � ,
the setof frequent1-patterns.Sinceeachhit patternof

�
is a subpatternof ª������ , which is generatedfrom � � , sim-
ilar to theanalysisperformedin Algorithm 3.1, thesizeof
the setof subpatternswhich can be generatedfrom � � is� > � � >� � u � > � � >� � u +
+%+ u � > � � >> � � > �  � j � � j 2°� .
Therefore, > ­�> , the size of the hit set in a time series

�
,

shouldbeno biggerthan � j � � j 25� . Combiningbothupper
bounds,wehave
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Property 3.2 [The bound of hit set] The size of the hit
setis boundedby the formula, > ­�>±^²aC�k�n4#a " � j � � j 25�³7 ,
where a is the total numberof periodsin

�
, and � � is the

setof frequent1-patterns.

Using this formula, we can calculatethe boundof the
maximalbuffer sizeneededin theprocessing:Giventheset
of frequent1-patterns,� � , themaximal(additional)buffer
size neededfor registeringthe countsof all the maximal
subpatternsof ª �G��� is aC�k�n4#a " � j � � j 25> � � >#2¡�³7 .

This propertyis very usefulin practice.For example,if
we found 500 frequent1-patternswhencalculatingyearly
periodic patternsfor 100 years,the buffer size neededis
at most 100; on the other hand, if we found 8 frequent
1-patternsfor calculatingweeklyperiodicpatternsfor 100
years,thebuffer sizeneededis at most �³´O2 � 2s�  �³�?µ .
Wecanalwaysselectthesmalleronein estimatingthemax-
imal buffer sizeneededin computation.

Beforeturningto our hit-setbasedalgorithm,we exam-
ine the probabilitydistributionsof maximalsubpatternsofª������ .
Heuristic 3.1 [Popularity of longer subpatterns] The
probabilitydistributionof themaximalsubpatternsof ª �G���
is usually denserfor longer subpatterns(i.e., with the ( -
lengthcloserto > ª������±> ) thantheshorterones.

Thisheuristiccanbeobservedin Example3.1.Fromtheex-
ample,wehave 	 $�� ^E� T Z ~%4�a F8¶ *
WU~o� F [o[IK T �n/ F ~�9  F ~#7·^	 $�� , but � T Z ~%4�a F8¶ *%WU~o� F [o[IK T �n/ F ~�9  F )=7�^¸	 $ � . In most
cases,theexistenceof ashortmax-subpatternindicatesthat
the nonexistenceof somenon-) -letter, which reducesthe
chancefor thecorrespondingnon-) letterpatternsto reach
highconfidence.Thuswehave theheuristic.

This heuristicswill imply that the numberof nodesin
the treedatastructureof the next sectionis usuallysmall.
It is alsouseful for efficient buffer management:In order
to reducetheoverall costof access,the longersubpatterns
shouldbearrangedto bemoreeasilyaccessible(suchasput
in mainmemory)thantheshorterones.

We now presenta mainalgorithmfor mining partialpe-
riodic patternsfor a given period, which is basedon the
discussionsabove.

Algorithm 3.2 [Max-subpattern hit-set] Find all thepar-
tial periodicpatternsfor agivenperiod� in a time-series

�
,

basedon the max-subpatternhit-set, for a given min conf
threshold.

Method.

1. Scan
�

onceto find � � , the set of frequent1-patterns
of period � , using Step1 of Algorithm 3.1. Form the
candidatemax-pattern,ª �G��� , from � � .

2. Scan
�

once. During the scan, for eachperiod seg-
ment,if its hit setis nonempty, do thefollowing: addthe
max-subpatterninto thehit setbuffer (with theassociated
countinitializedto 1) if it is notalreadythere;otherwise,
increasethecountof themax-subpatternby one.Thehit
setbuffer is implementedin theform of amax-subpattern
tree,a novel datastructure,to bediscussedin Section4.

3. After the scan,derive the frequentpatternsfrom the hit
set.We will discusshow to implementthefinding of the
countsof thehit patternsandhow to usethesecountsto
derive thefrequentpatternsin Section4. It turnsout that
bothcanbedoneefficiently.

Analysis.
Number of scans over the time series. Thefirst stepof
thealgorithmneedsto scan

�
once.Thesecondstepneeds

to scan
�

onemoretime. Thus the total numberof time-
seriesscansis 2, independentof theperiod� .
Space needed. (1) The spaceneededfor Step1 is the
sameasAlgorithm 3.1. After Step1, we need > � � > unitsof
spaceto keep� � , thesetof frequent� -patternsin

�
. (2) At

thesecondstep,supposethereare > � � > frequent � -patterns
in
�

. Accordingto Property3.2, thetotal spaceneededfor
the hit set is at most aC�k�n4#a " � j � � j 2°�³7 , where a is the
totalnumberof periodsin

�
.

In comparisonwith Algorithm 3.1, Algorithm 3.2 re-
ducesthe total numberof scansof the time seriesfrom �
(the lengthof the period) to 2, andit alsousesmuchless
buffer spacein the computationin mostcases. This can
alsobe seenfrom the following observation: Supposethe
hit subpatternfor a period segment is F ~ H J , which is not
in the hit set yet. We needonly one unit spaceto reg-
ister the string and its count1. However, for the Apriori
technique,thecandidate2-patternsto begeneratedwill be4 F ~G)R) " F ) H ) " F )�)
J " )
~ H ) " )
~,)RJ " )�) H J\7 , 3-patternsto
be generatedwill be 4 F ~ H ) " F ~N)�J " F ) H J " )�~ H J\7 , and the
4-patternswill be 4 F ~ H J\7 , pluswehave to updatethecount
associatedwith eachof them. Thus,it is expectedthat the
max-subpatternhit setmethodmayhavebetterperformance
in mostcases.Wewill comparetheperformanceof thetwo
algorithmsin Section5.

3.2 Mining partial periodicity with multiple peri-
ods

Mining partial periodicity for a given period covers a
goodsetof applicationssincepeopleoftenlike to mineperi-
odicpatternsfor naturalperiods,suchasannually, quarterly,
monthly, weekly, daily, or hourly. However, certainpatterns
may appearat someunexpectedperiods,suchasevery 11
years,or every14hours.It is interestingtoprovidefacilities
to mineperiodicityfor a rangeof periods.
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To extendpartial periodicitymining from oneperiodto
multipleperiods,onemightwishto extendtheideaof Apri-
ori to computingpartial periodicity amongdifferentperi-
ods, that is, to usethe patternsof small periods � as fil-
ters for candidatepatternsof periodsof the form ¹�� for
an integer ¹s�º� . This will work if all frequentpatterns
of period ¹�� are frequentpatternsof period � . Unfortu-
nately, this is not thecase. For example,for thetime seriesF ~ H J F ~ H K F ~ H J F ~ H K , H�Z � S /0)�) H J?9  �
»
� , and H@Z � S / H J89  �
»�� . Supposethe confidencethresholdis 	 $ � . If we use
from partialperiodicpatternsof period � asfilter for candi-
datepartial periodicpatternsof period � , we will missthe
partialperiodicpattern)G) H J .

Giventhatwe cannotextendtheApriori “trick” to mul-
tiple periods,oneobviouswayto minepartialperiodicpat-
ternsfor arangeof periodsis to repeatedlyapplythesingle-
periodalgorithmfor eachperiodin therange.

Algorithm 3.3 [Looping over single period computa-
tion] Findall thepartialperiodicpatternsfor asetof periods
in agivenrangeof interest,� �
"
$%$%$I" �X¼ , in thetime-series

�
,

with thegivenmin conf threshold.

Method.

1. for each period �
½ in the range of interest (i.e.,� ��"%$
$%$�" �U¼ ), apply Algorithm 3.2 (“max-subpatternhit-
set”) onperiod�
½ .

Analysis.
Number of scans over the time series. Sinceeachperiod
will take2 scansof thetimeseries,thetotalnumberof scans
of thetimeseriesis � � ¹ .
Space needed. For computingpartialperiodicityfor peri-
odsfrom � � to � ¼ , thespacerequiredis basicallythesumof
spacefor each� ½ . Noticethat thespacerequiredfor initial

Step1 computationis still � j �\j��� � > ���I> in theworstcasesince
the spaceonceusedin computationfor period �
½ , canbe
reinitializedandreusedfor computingotherperiods. But
weneedin total � ¼½ � � > � � /��
½
9%> unitsof spaceto keepdiffer-
ent setsof frequent1-patterns,where � � /��
½�9 is the setof
frequent � -patternsin

�
derivedfor period��½ . Similarly, it

takesatmost � ¼½ � � aC�k�n4#a�½ " � j � �}¾ -%¿IÀ j 2!��7 unitsof spaceto
computeall, where a ½ is thetotal numberof periods� ½ in�

.

Algorithm 3.3 providesan iterative methodfor mining
partialperiodicityfor multipleperiods.However, whenthe
numberof periodsis large, we still needa good number
of scansto mine periodicity for multiple periods. An im-
provementto theabove methodis to maximallyexplorethe
miningof periodicityfor multipleperiodsin thesamescan,
whichleadsto thesharedminingof periodicityfor multiple
periods,asillustratedbelow.

Algorithm 3.4 [Shared mining of multiple periods]
Sharedmining of all the partial periodicpatternsfor a set
of periodsin a givenrangeof interest,� �
"
$%$%$I" �X¼ , in time-
series

�
, with thegivenmin conf threshold.

Method.

1. Scan
�

once,for all periods� ½ in therangeof interest,do
thesameasStep1 in Algorithm 3.2.

That is, for all periods� ½ in the rangeof interest(i.e.,� � "%$
$%$�" � ¼ ), find � � /Á� ½ 9 , thesetof frequent1-patternsof
period � ½ , using the sameStep1 as in Algorithm 3.1.
For eachsetof frequent1-patternsof period� ½ , form the
candidatemax-pattern,ª������\/Á� ½ 9 , from � � /Á� ½ 9 .

2. Scan
�

once,for all periods��½ in therangeof interest,do
thesameasStep2 in Algorithm 3.2.

A similarprocesswhichwill not beexplainedin detail.

Analysis.
Number of scans over the time series. Thefirst stepof
thealgorithmneedsto scan

�
once.Thesecondstepneeds

to scan
�

onemoretime. Thus the total numberof time-
seriesscansis 2, independentof theperiod� .
Space needed. Thetotal spacerequiredin theworstcase
is sameasin Algorithm 3.3.

Algorithm 3.4exploressharedprocessingatminingpar-
tial periodicity for multiple periods.The advantageof the
methodis that we only needtwo scansof time seriesfor
mining partial periodicity for multiple periods. The over-
headof the methodis thatalthoughit reducesthe number
of scansto 2, it will requiremore spacein the process-
ing of eachscanthanthe multiple scanmethodbecauseit
needsto register the correspondingcountsfor eachperiod�
½ (for ��`wÂÃ`_¹ ). However, sincethesharedfeatureswill
sharethespaceaswell (with countsincremented),andthere
shouldbemany sharedfeaturesin periodicitysearch(oth-
erwise,why mining periodicity?),the spacerequiredwill
hardlyapproachtheworstcase.Therefore,it shouldstill be
anefficientmethodin many casesfor miningpartialperiod-
icity with multipleperiods.

4 Derivation of all partial patterns

In this section,we examinethe implementationconsid-
erationsof our proposedalgorithms. Algorithm 3.1 is an
Apriori-lik ealgorithmwhichcanbeimplementedsimilarly
asotherApriori-like algorithmsfor miningassociationrules
(e.g. [2]). Algorithm 3.2 forms the basisfor all the three
remainingalgorithmsandrequiresnew tricks to achieve ef-
ficiency, andthusour discussionis focusedon its efficient
implementation.

Algorithm 3.2 consistsof two steps: Step1, scanthe
time seriesonceand find frequent1-patternset � � ; and
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Step2, scanthe time seriesonemoretime, collect the set
of the max-subpatternshit in

�
, andderive the setof fre-

quentpatterns. The implementationof Step1 is straight-
forward andhasbeendiscussedin the presentationof Al-
gorithm3.1. However, Step2 is nontrivial andneedssome
gooddatastructureto facilitatethestorageof thesetof max-
subpatternshit in

�
andthederivationof thesetof frequent

patterns.
A new datastructure,calledmax-subpatterntree, is de-

signedto facilitate theregistrationof thehit countof each
max-subpatternand derivation of the set of frequentpat-
terns,asillustratedin Figure1. Its designis now outlined.

Themax-subpatterntreetakesthecandidatemax-patternª������ astherootnode,whereeachsubpatternof ª��G��� with
onenon-) letter missingis a direct child nodeof the root.
The tree expandsrecursively, accordingto the following
rules. A node � , if containingmorethan2 non-) letters,
mayhave a setof children,eachof which is a subpatternof� with onemorenon-) lettermissing. Notice that a node
containingonly 2 non-) letterswill not have any children
sinceevery frequent-1patternis alreadyin � � . Importantly,
we do not createa nodeif neitherthe nodenor its descen-
dant(s)containingmore than 1 non-) letter is hit in

�ÅÄ
.

Eachnodehasa “count” field (which registersthenumber
of hits of the currentnode),a parentlink (which is nil for
the root), anda setof child links; eachchild link pointsa
child andis associatedwith a correspondingmissingletter.
A link canbenil whenthecorrespondingchild hasnotbeen
hit.

Notice that a non-) letter positionof a max-subpattern
in a max-subpatterntreemaycontaina setof letters,which
matchesthesetof lettersat thepositionin aperiodsegment.
For example,for ª ����� = F 4�~ �
" ~ � 7X)cJ8) , themax-subpattern
of theperiodsegment F 4#~ �
" ~ � 7
4 H%�
"�H�� 7#J . K � is F 4#~ �
" ~ � 7G))
) , andthesegmentwill contributeonecountto thisnode.

The updateof the max-subpatterntree is performedas
follows.

Algorithm 4.1 [Insertion in the max-subpattern tree]
Inserta max-subpattern� foundduring the scanof

�
into

themax-subpatterntree Æ .

Method.

1. Startingfrom theroot of thetree,find thecorresponding
nodeby checkingthemissingnon-) letterin order.

For example,for amax-patternnode)
~ � )�J8) in atreewith
theroot, ª��G���  F 4#~ � " ~ � 7�)«J?) , therearetwo letters,F
and ~ � , missing.Thenodecanbefoundby (1) following
the  F link (markedas“ Ç F ” in Figure1) to )84#~ � " ~ � 7X)cJ8) ,
andthen(2) following the  ~ � link to )
~ � )OJ8) , asshown
in Figure1.È

weshow suchanode h%É � �Ê��� usingadottedbox in Figure1.

ab1*d*

~b1~a ~b2 ~d

*b2*d* a**d* ab2***

10

0

8 18 5 19 0 2

324050

a{b1, b2}*d*

*{b1,b2}*d* ab2*d* a{b1,b2}***

*b1*d* *{b1,b2}*** ab1***

~a ~a ~a~b1 ~b1 ~b2

~b2~b1 ~d ~b2
~d ~d

Figure 1. A max-subpatterntreeto storethe setof
max-subpatternshit in thetime-series.

2. If the node � is found, increaseits countby 1. Other-
wise,createa new node � (with count1) andits missing
ancestornodes(only thoseon thepathto � , with count
0), if any, andinsert it (or them)into the corresponding
place(s)of thetree.

For example,if thevery first max-subpatternnodefound
in
�

is )
~ � )�J8) for ª������  F 4�~ � " ~ � 7R)�J8) , we will
createthenode)
~ � ),J8) (with count1), aftercreatingtwo
ancestornodes(with count0): � � = F 4#~ � " ~ � 7?)¬J8) (which
is therootof thetree),and � � = )84�~ � " ~ � 7N)GJ8) (which is�«� ’s child, following the  F link). The node )�~ � )�J8) is�G� ’schild, following the  ~ � link.

Analysis.
Let thetotal numberof non-) lettersin ª��G��� be � ¦ . For

a max-subpattern� containing�UË ( �UËÅ�²� ) non-) letters,
weneedto follow � ¦ 2p�UË links to find thenodeandcreate
at most � ¦ 2b�UËpu�� new nodesin theworstcase.There-
fore, thetime complexity of nodesearchandnodecreation
will be less than � ¦ . Also, sinceeachinsertionof max-
subpatternwill createeitheronly 0 node(whenit hits) or
lessthan � ¦ nodes,thetotalnumberof thenodesin thetree
is lessthan � ¦ � > ­�> , where > ­�> is the sizeof the hit set.

In general,to inserta subpatternwe needto both locate
thepositionandupdatethecountof thenodeif thenodeis
found,or otherwiseinsertoneor severalnew nodes.

Example4.1 Let Figure 1 be the currentmax-subpattern
treeÆ . To inserta(max)subpatternF ~ � )c)
) into thetree,we
searchthetreestartingwith theroot, ª������  F 4#~ � " ~ � 7�)
J8) .
The first non-) letter missingis ~ � and the secondnon-)
letter missingis J . Thuswe first follow the   ~ � branchto
nodeF ~ � )�J8) , andthenfollow the  J branch.SincethenodeF ~ � )G)
) is located,its countis incrementedby 1.

Before discussingthe derivation of the set of frequent
patterns,we needto introducetheconceptof reachablean-
cestors.Sincethetraversalandcreationof thechildrenof a
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nodein themax-subpatterntreefollow thenon-) letterpo-
sition order, someof theancestornodesof a nodemaynot
bedirectly linked to a node.For example,in Figure1, the
node F )�)
J8) is linked to only oneparentF ~ � )OJ8) but not
the other F ~ � )�J?) (note: this missinglink is markedby a
dashedline in theFigure).

In general,the set of reachableancestorsof a node �
in a max-subpatterntree Æ is thesetof all the nodesin Æ ,
whicharepropersuperpatternsof � . It canbecomputedas
follows: (1) derivealist � � of missinglettersfrom � based
on ª��G��� , whichis roughlytheposition-wisedifference,(2)
thesetof linked ancestorsconsistsof thosepatternswhose
missinglettersform a properprefix of � � , and(3) theset
of not-linkedancestorsarethosepatternswhosemissinglet-
tersform a propersublist(but notprefix)of � � .

Example4.2 We computethe set of reachableancestors
for a node )Ì)3)
J8) in a max-subpatterntree with rootª������  F 4�~ � " ~ � 7O)RJ8) . The list of missingnon-) letters
is Í F " ~ � " ~ �IÎ . Thus,thesetof linkedancestorsis (1)  6 (miss-
ing nothing,which is theroot); (2)  F (i.e.,missingF , which
is thenode)84�~ � " ~ � 7;)�J8K ); and(3)  F  ~ � (i.e.,missingF , then
missing ~ � , which is the node )
~ � )RJ8K ). The setof not-
linked ancestorsis: )
~ � )«J8) (correspondingto themissing
letterpattern  F   ~ � ), F ~ � )�J8) (correspondingto   ~ � ), F )O)
J8)
(correspondingto  ~ �   ~ � ), and F ~ � ),J?) (correspondingto   ~ � ).
In otherwords,onecanfollow thelinks whosemarkis not J in orderedway(to avoid visiting thesamenodemorethan
once)andcollectall thenon-� nodesreachedin Æ .

Essentiallythereis a treetraversalfor eachfixedpattern,
exceptthatwedonot visit a nodeandits descendantsif the
nodeis notanancestorpatternof ourcurrentpattern.

Thederivationof thefrequent¹ -patternsis performedas
follows.

Algorithm 4.2 [Derivation of frequent patterns from
max-subpattern tree] The derivation of the frequent ¹ -
patternsfor all ¹ , given a max-subpatterntree Æ , by an
Apriori-lik etechnique.

Method.

1. The setof frequent � -patterns� � is derived in the first
scanof Algorithm 3.2.

2. Themax-subpatterntree Æ is derivedin thesecondscan
of Algorithm 3.2. Thesetof frequent¹ -patterns( ¹��°� )
is derivedasfollows.

for ��Ï  � to > � � > do 4� derive candidatepatternswith ( -length � from fre-
quentpatternswith ( -length /0�@2C�%9 by “ /0��uÐ�
9 -way
join”.

� scantreeT to find frequency countsof thesecandi-
datepatternsandeliminatethe non-frequentones.
Noticethatthefrequency countof anodeis thesum
of the countof itself and thoseof all of its reach-
ableancestors.If thederivedfrequent� -patternset
is empty, return.7

Analysis.
Let thetotal numberof non-) lettersin ª �G��� be �c¦ . As

shown in theanalysisof Algorithm 4.1,thetimecomplexity
for searchinga nodeis lessthan �c¦ . Sincethereareat most� '8Ñ 2¡�c¦ nodesto begeneratedfrom themax-patterntreeÆ (includingall themissingdescendants),andthereareat
most > ­�> reachableancestorsin Æ , where > ­�> is thesizeof
thehit set,theworstcasetime complexity for derivationof
all thefrequentpatternsis O(� ¦ � � ' Ñ � > ­w> ), i.e., propor-
tional to H ' andthesizeof thehit set,but exponentialto � ¦
(i.e.,proportionalto thesizeof thetreethatcanbegenerated
by ª �G��� ). Sinceaninfrequentnodewill reducethenumber
of candidatesto begeneratedin the futurerounds,thereal
processingcostis usuallymuchsmallerthanthecostin the
worstcase.

We illustratehow to derive the frequent ¹ -patternsfor¹��v� from themax-subpatterntree Æ .

Example4.3 Let Figure1 be the derived max-subpattern
tree Æ , and a��}� H�Z � SÒ� a  �8L . Wecantraversethemax-
subpatterntreeto find all the frequent¹ -patternsfor ¹Ð�²�
asfollows. Startingat level 2, we have the following fre-
quentpatterns:4#)�~ � )�J8) (68), )
~ � )�J8) (68), )84#~ � " ~ � 7Ó)�)
)
(47), F )G)
J8) (119), F ~ � )�)
) (92), F ~ � )�)
) (84)7 . We show
thederivationof )
~ � )�J8) (68) here:sincethe list of miss-
ing lettersin thisnodeis Í F ~ �ÔÎ , its setof reachableancestors
is 4  6 ,  F ,   ~ � 7 , andthusits frequentcount= 10 + 0 + 50 +
8 (itself) = 68. Sincelevel-2 hasno infrequentnodes,we
searchall the nodesat level-1 andhave the following fre-
quentpatterns:4 F ~ � );J8) (60), F ~ � ),J8) (50)7 ; Sincethereis
onenodeinfrequent,level-0(root)hasnofrequentpatterns.
Noticealthoughweonlysavedonenodecomputationin this
case,it will savemuchmorewhenthetreeis largeandthere
aremoremissingnodes.

Fromtheaboveexample,onecanseethattherearemany
frequent¹ -patternswith small ¹ thatcanbegeneratedfrom
amax-subpatterntree.In practicalapplications,peoplemay
only beinterestedin thesetof maximal frequentpatterns
insteadof all frequentpatterns,wherea setof maximalfre-
quentpatternsis a subsetof the frequentpatternset and
every otherpatternin the setis a subpatternof anelement
in theset.For example,if thesetof frequent¹ pattern(for¹w�Õ� ) is 4 F ~�)·) " )�~ H ) " F ) H ) " F ~ H )=7 , the setof maximal
frequentpatternsis 4 F ~ H )87 .
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If a useris interestedin deriving thesetof maximalfre-
quentpatterns,the MaxMiner algorithmdevelopedby Ba-
yardo[4] is agoodcandidate.Thesuccessof thisalgorithm
stemsfrom generatingnew candidatesby joining frequent
itemsetsandlookinghead.However, it still requiresto scan�

up to period � timesin the worst case. The mixture of
max-subpatternhit setmethodandthe MaxMiner canget
rid of this problemand will be more efficient than pure
MaxMiner. The detailsof the new methodwill be exam-
inedin futureresearch.

5 Performancestudy

In this sectionwe report a performancestudy which
comparesthe performanceof the periodicitymining algo-
rithmsproposedin this paper. In particular, we give a per-
formancecomparisonbetweenthe single-period Apriori
algorithm(Algorithm 3.1) (or simply calledApriori), and
themax-subpattern hit-set algorithm(Algorithm 3.2) (or
simplyhit-set) appliedto a singleperiod.

This comparisonindicates that there is a significant
gainin efficiency by max-subpattern hit-set over Apriori.
Since there is more gain when applied to multiple pe-
riods by using max-subpattern hit-set, it is clear that
max-subpattern hit-set is thewinner.

The performancestudyis conductedon a Pentium166
machinewith 64megabytesmainmemory, runningin Win-
dows/NT. Theprogramis written in Microsoft/VisualC++.

5.1 TestingDatabases

Eachtesttime seriesis a synthetictime-seriesdatabases
generatedusing a randomizedperiodicity datageneration
algorithm. From a setof features,potentially frequent1-
patternsarecomposed.Thesizeof thepotentiallyfrequent
1-patternsis determinedbasedon a Poissondistribution.
Thesepatternsare generatedand put into the time-series
accordingto anexponentialdistribution.

LENGTH � thelengthof timeseries� aperiod
MAX-PAT-LENGTH themaximal ( -lengthof

frequentpatterns> � � > thenumberof frequent1-patterns

Table 1. Parametersof synthetictimeseries

The basic parametersused to generatethe synthetic
databasesarelistedin Table1. Theparametersof LENGTH �
(thelengthof timeseries)and� (aperiod)areindependently
chosen. The parametersof MAX-PAT-LENGTH (the max-
imal ( -length of frequentpatterns)and > � � > (the number

of frequent1-patterns)arefor a fixed � , andthey arecon-
trolledby thechoiceof someappropriateconfidencethresh-
old. We foundthatotherparameters,suchasthenumberof
featuresoccurringatafixedpositionandthenumberof fea-
turesin the time series,do not have much impacton the
performanceresultandthusthey arenot consideredin the
tests.

5.2 Performancecomparisonof the algorithms

Figure2 shows thereis a significantefficiency gain by
max-subpattern hit-set over Apriori. In this figure, the
maximalpatternlength(the maximal ( -lengthof frequent
partial periodic patterns)grows from � to �%	 . The other
parametersare kept constant: �  L
	 and > � � >  �
� .
We run two setsof tests,one with the lengthof the time
seriesbeing �%	
	 " 	�	
	 and the other being L
	�	 " 	
	�	 . As
we can see,the running time of max-subpattern hit-set
is almostconstantfor both cases,while Apriori is almost
linear. When MAX-PAT-LENGTH is ¢ � , the gain by
max-subpattern hit-set over Apriori is aboutdouble.We
expectthisgainwill increasefor largerMAX-PAT-LENGTH.

Max-Pat-Length

Time

2 4 6 8 10

HitSet500k

1000

2000

3000

4000

5000

6000

(seconds)

7000
Apriori 500k

HitSet100k

Apriori 100k

Figure 2. Performance gain when
MAX-PAT-LENGTH increases:�  L
	 , > � � >  �
� .
It is importantto notethat,thegainshown in Figure2 is

doneby keepingeverythingin memory, andby considering
only oneperiod. In general,this will beunlikely thecase,
andmax-subpattern hit-set will performevenbetterthan
Apriori for thefollowing reasons:� In general,the time seriesof featuresmay needto be

storedon disk, dueto factorssuchaseach��� maycon-
tainthousandsof featuresandthelengthof thetimeseries
can be longer. Whenthe time seriesis storedon disk,
therewould be a large amountof extra disk-IO associ-
atedwith Apriori, but not with max-subpattern hit-set
since it only requires two scans. Even when the
time series is not stored on disk, Apriori will need
to go over this huge sequencemany more times than
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max-subpattern hit-set. Thusmax-subpattern hit-set
will befar betterthanApriori.� When there are a range of periods to consider,
max-subpattern hit-set can find all frequentpatterns
in two scans but Apriori will require many more
scans,dependingon the number of periods and the( -length of the maximal frequent patterns. Hence
max-subpattern hit-set will be again far better than
Apriori.

6 Conclusions

Wehave studiedefficientmethodsfor miningpartialpe-
riodicity in time seriesdatabase.Partial periodicity, which
associatesperiodic behavior with only a subsetof all the
time points,is lessrestrictive thanfull periodicityandthus
coversa broadclassof applications.

By exploringseveralinterestingpropertiesrelatedto par-
tial periodicity, including the Apriori property, the max-
subpatternhit setproperty, andsharedmining of multiple
periods,a setof partial periodicity mining algorithmsare
proposed,with their relative performancecompared.Our
studyshows that themax-subpatternhit setmethod,which
needsonly two scansof the time seriesdatabase,even for
miningmultipleperiods,offersexcellentperformance.

Our studyhasbeenconfinedto mining partial periodic
patternsin one time seriesfor categorical data with sin-
gle level of abstraction. However the methoddeveloped
herecan be extendedfor mining multiple-level, multiple-
dimensionalpartialperiodicityandfor mining partialperi-
odicity with perturbationandevolution.

For mining numericaldata,suchasstockor power con-
sumptionfluctuation,onecan examinethe distribution of
numericalvaluesin thetime-seriesdataanddiscretizethem
into single- or multiple- level categorical data. For min-
ing multiple-level partialperiodicity, onecanexplorelevel-
sharedminingby first miningtheperiodicityatahighlevel,
and then progressively drilling-down with the discovered
periodicpatternsto seewhetherthey arestill periodicat a
lower level.

Perturbationmay happenfrom period to period which
maymakeit difficult to discoverpartialperiodicityin many
applications.For mining partial periodicitywith perturba-
tion, onemethodis to slightly enlarge the time slot to be
examined.Partialperiodicpatternswith minorperturbation
arelikely to becaughtin thegeneralizedtimeslot. Another
methodis to includethefeatureshappeningin thetimeslots
surroundingtheonebeinganalyzed.Wecanfurtheremploy
regressiontechniqueto reducethenoiseof perturbation.

Therearestill many issuesregardingpartial periodicity
mining which deserve furtherstudy, suchasfurtherexplo-
rationof sharedminingfor miningperiodicitywith multiple

periods,mining periodicassociationrulesbasedon partial
periodicity, andquery-andconstraint-basedminingof par-
tial periodicity [11]. We arestudyingtheseproblemsand
implementingour algorithmsfor mining partialperiodicity
in a datamining systemandwill reportour progressin the
future.
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