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Abstract

Partial periodicity seach, i.e.,, seach for partial peri-
odicpatternsn time-serieslatabaseds aninterestingdata
mining problem. Previous studieson periodicity seach
mainly considerfinding full periodicpatternswhee every
pointin timecontributes(preciselyor approximately)o the
periodicity However, partial periodicityis verycommorin
practice sinceit is more likely that only someof the time
episodesnayexhibit periodicpatterns.

We presensereral algorithmsfor efficientminingof par-
tial periodicpatternspy exploring someinterestingproper
tiesrelatedto partial periodicity, sud asthe Apriori prop-
erty andthe max-subpatterihit setproperty and by shaed
mining of multiple periods. The max-subpatterrhit set
propertyis a vital new propertywhich allows us to derive
the countsof all frequentpatternsfrom a relatively small
subsebf patternsexistingin the time series.\We showthat
mining partial periodicity needsonly two scansover the
timeseriesdatabasegvenfor miningmultipleperiods.The
performancestudy showsour proposedmethodsare very
efficientin mininglong periodicpatterns.

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

1. Intr oduction

Finding periodic patternsin time seriesdatabasess an
importantdatamining taskwith mary applications.Many
methodshave beendevelopedfor searchingeriodicity pat-
ternsin largedatasetq8]. However, mostpreviousmethods
on periodicity searchare on mining full periodic patterns
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whereevery pointin time contributes(preciselyor approxi-
mately)to the cyclic behaior of thetime series.For exam-
ple,all thedaysin the yearapproximatelycontributeto the
seasorcycle of theyear A usefulrelatedtype of periodic
patternscalledpartial periodic patterns which specifythe
behaior of thetime seriesat somebut notall pointsin time,
have not receved enoughattention.An examplepatrtial pe-
riodic patternmay statethat Jim readsthe Vancouer Sun
newspaperfrom 7:00 to 7:30 every weekdaymorning but
his actwities at other times do not have much regularity.
Thus,partial periodicityis alooserkind of periodicitythan
full periodicity, andit exists ubiquitouslyin therealworld.
Thepurposeof thecurrentpaperis to fill thegapby consid-
eringtheefficient mining of partialperiodicpatterns.

Most methodsfor finding full periodic patternsare ei-
therinapplicableto or prohibitively expensve for the min-
ing of partial periodic patterns becausef the mixture of
periodiceventsandnon-periodiceventsin the sameperiod.
For example,FFT (FastFourier Transformationrannotbe
appliedto mining partial periodicity becauset treatsthe
time-seriesas an inseparablélow of values. Someperi-
odicity detectionmethodscandetectsomepartial periodic
patterns but only if the period,andthelengthandtiming
of the sggmentin the partial patternswith specificbehaior
areexplicitly specified For thenewvspapereadingexample,
we needto explicitly specifydetailssuchas*“find the reg-
ular actwities of Jim duringthe half-hourafter 7:00for the
periodof 24 hours: A naive adaptatiorof suchmethodgo
our partial periodicpatternmining problemwould be pro-
hibitively expensve, requiring their applicationto a huge
numberof possiblecombination®f thethreeparametersf
length,timing, andperiod.

Besidesfull periodicity search,thereare mary recent
studieson time seriesdatamining: Most concentrateon
symbolicpatternsalthoughsomeconsidemumericalcurve
patternsin time series. Agrawal and Srikant [3] devel-
oped an Apriori-lik e technique[2] for mining sequential
patterns.Mannilaet al. [10] considerfrequentepisodesn
sequenceswhere episodesare essentiallyagyclic graphs



of events whose edgesspecify the temporal before-and-
afterrelationalshipbut without timing-intenal restrictions.
Inter-transactiorassociatiorrulesproposedy Lu etal. [9]
are implication rules whosetwo sidesare totally-ordered
episodeswith timing-intenal restrictions(on the eventsin
the episodesaandon the two sides). Bettini et al. [5] con-
sidera generalizatiorof inter-transactiorassociatiornrules:
theseare essentiallyrules whoseleft-handand right-hand
sidesareepisodesvith time-intenal restrictions.However,
unlike ours,periodicityis not consideredn thesestudies.

Similarto our problem,the mining of cyclic association
rulesby Ozden,et al. [12]* also considersthe mining of
somepatternsof a rangeof possibleperiods. Obsere that
cyclic associatiorrules are partial periodic patternswith
perfectperiodicityin thesensehatead patternreoccursn
everycycle with 100% confidenceTheperfectnes peri-
odicity leadsto a key ideausedin designingefficient cyclic
associatiorrule mining algorithms:As soonasit is known
thatan associationmule R doesnot hold at a particularin-
stantof time, we caninfer that R cannothave periodswhich
includethis time instant.For example,if the maximumpe-
riod of interestis 4,,,,, andit is discoreredthat R doesnot
holdin thefirst ¢,,, .. timeinstantsthen R cannothave ary
periods. This idealeadsto the useful “cycle-elimination”
stratgy exploredin thatpaper Sincereal life patternsare
usuallyimperfect,ourgoalis notto mineperfectperiodicity
andthus“cycle-elimination”basedptimizationwill notbe
consideredhere.?

An Apriori-lik ealgorithmhasbeenproposedor mining
imperfectpartial periodicpatternswith a given(single pe-
riod in arecentstudyby two of the currentauthorg[7]. It
is aninterestingalgorithmfor mining imperfectpartial pe-
riodicity. However, with a detailedexaminationof the data
characteristicef partial periodicity, we found that Apriori
pruningin mining partialperiodicitymaynotbeaseffective
asin mining associationmules.

Our studyhasrevealedthefollowing new characteristics
of partial periodicpatterngn time series:The Apriori-like
propertyamongpartial periodicpatternsstill holdsfor ary
fixed period,but it doesnot hold for patternsbetweerdif-
ferentperiods. Furthermore thereis a strongcorrelation
amongdfrequencie®f partialpatterns.

The maincontributionsof this paperareasfollows. We
considettheefficient mining of partialperiodicpatternsfor
asingleperiod aswell asfor a setof periods We propose
sev/eral mining algorithms,by exploring someinteresting
propertiesrelatedto partial periodicity suchas the Apri-

11t isimportantto pointoutthat[12] concentratesntheeliminationof
candidatetemsetdor theassociatiomule mining algorithm,althoughthe
cycle-eliminatiorstrategydoesleadto a smallreductionon the numberof
patternsvhenwe procesghetime seriesfrom left to right.

2 Note thata modifiedstrategywherewe stopconsideringcertainpat-
ternsassoonasthelengthof thetime seriesto be processeds notenough
to makethe confidencehigherthanthethreshold canbe used.

ori propertyandthe max-subpatterhit setproperty andby
sharedmining of multiple periods.The max-subpatterhit
setpropertyis a vital new propertywhich allows to derive
the countsof all frequentpatternsfrom a relatively small
subsetof patternsmined from the time series. We shawv
thatmining partialperiodicityneedonly two scangverthe
time seriesdatabasegvenfor mining multiple periods.The
performancestudy shavs our proposednethodsare very
efficient. The proposedmethodsare also robust that can
be appliedin a variety of casesncluding mining multiple-
level partial periodicity and mining partial periodicity with
perturbatiorandevolution.

The remainingof the paperis organizedasfollows. In
Section2, conceptgelatedto partial periodicity areintro-
duced.In Section3, methodgor mining partial periodicity
in regard to both single and multiple periodsare studied.
In Section4, the implementatiorof a novel datastructure,
namelythe max-subpattertree, for facilitating the count-
ing of thehit maximalpatternsandthederivationof theset
of frequentpatterndrom the hit maximalpatternsarepre-
sented.In Section5, a comparisorof the performanceof
theproposedlgorithmsis reported We concludeour study
in Section6.

2 Problem Definition

Assumethata sequencef n timestampedlatasethave
beencollectedin adatabaseFor eachtime instantz, let D;
be asetof featuresderivedfrom thedatasetollectedat the
instant. Thus,thetime seriesof featuress repesenteds,

S=D1,Dy,...,D,.

Let L betheunderlyingsetof featuresWe will alsouse
the“don’t care”charactek, which canmatchary singleset
of features. We definea pattern s = s; ---s, asanon-
emptysequenceover (2 — {0}) U {x}. We will use|s|
to denotethelengthof s, andwill saythat|s| is the period
of the patterns. Let the L-lengthof s = s, ---s, bethe
numberof s; which containdettersfrom L. A patternwith
L-lengthi is alsocalledan :-pattern Moreover, a subpat-
tern of a patterns = s; ---s, is apatterns’ = s} ---s,
suchthat s ands’ have the samelength,ands; C s; for
every positioni wheres; # . For example,the pattern
a * {a, c}de is of length5 andit is of L-length4 (i.e.,it isa
4-pattern);anda * {a, c} * * andx * cde aretwo of the 2°
subpatternsf a * {a, c}de.

Thefrequencycount andconfidenceof a patterns in a
timeseriesDy, . .., D, aredefinedas

frequency_count(s) = |{i |0 < i < m, and

31f s; isasingletorwe will omit the bracketse.g.,we write {a} asa.



thestring s istruein Djjs41 - Djjsi 45/}
and
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wherem is the maximumnumberof periodsof length |s|
containedn thetime series(i.e., m is the positive integer
suchthatm|s| < n < (m + 1)|s|). Eachsggmentof the
form Djjs41 - Dijs4|s|, Where0 < i < m, is calleda
period segment We saya patterns = s; - - - s, is true in
the periodseggmentor the periodsegmentmatdess, if, for
eachpositioni, eithers; is x or all the lettersin s; occur
in the i** setof featuresin the sgment. Thus,if s’ is a
subpatterrof s, thenthe setof sequencethatcanmatchs
is asubsebf sequencethatcanmatchs’.

Example 2.1 For example,a * b is a patternof period3; its
frequeng countin the featureseriesa{b, c}bacbaced is 2;
andits confidences 2, where3 is the maximumnumber
of periodsof length3. The frequenyg countof a{b, ¢} in
a{b, c,d}ea{b, c}aabeis alsoZ. |

Similarto mining associatiomules[2], we saythata pat-
ternis a frequent partial periodic pattern in a time se-
riesif its confidencds largerthanor equalto athreshold,
min_con f. Theminingof frequentpartialperiodicpatterns
in atime seriesis to discover, possiblywith somerestric-
tions,all thefrequentpatternsof the seriedor oneperiodor
arangeof specifiedperiods.More specifically theinput to
miningincludes:

e A timeseriesS.

¢ A specifiedperiod;or arangeof periodsspecifiedoy two
integerslow andhigh.

¢ An integerm indicatingthattheratio of thelengthsof S
andthepatternamustbeatleastm. Thiswill ensurehat
thepatternaminedwould be of valueto theapplicationat
hand.

Remark: Sometimeshe derivation of the featureseries
from theoriginaldataseriess quiteinvolved,andtheinter-
actionof theperiodicpatternswith thederivationof features
may leadto improved performanceHenceit is worthwhile
to combinethemining of thefeaturedrom thedatasetsvith
the mining of the patternsasis the casefor the mining of
cyclic associatiomules[12]. For ourwork onthemining of
frequentpartial periodicpatternghough,this interactionis
not usefulfor achiering computationahdvantageandthus
we will assumehat we are dealingwith the featuretime
seriesn our study

3 Methods for mining partial periodicity in
time series

In this section,we explore methodsfor mining partial
periodicity in a time series,proceedingirom mining par
tial periodicity for a single given periodto 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 the efficient mining of associa-
tion rulesis the Apriori propertydiscoseredin [2]: If one
subsetof an itemsetis not frequentthenthe itemsetitself
cannotbe frequent.This allows usto usefrequentitemsets
of size: asfiltersfor candidatétemsetof sizei + 1.

Interestingly for eachperiodp, the propertysupporting
the Apriori “trick” still holds:

Property 3.1 [Apriori on periodicity] Eachsubpatterrof
afrequentpatternof periodp is itself a frequentpatternof
periodp.

Theproofis basednthefactthatpatternsaaremorerestric-
tive thantheir subpatternsSuppose’ is a subpatterrof a
frequentpatterns. Thens’ is obtainedfrom s by changing
somesetof lettersto a subsebr x. Hences is morerestric-
tivethans’ andthusthefrequenyg countof s’ is greatethan
or equalto thatof s. Thuss’ is frequentaswell.

An algorithmfor mining partial periodic patternsfor a
given fixed period basedon this Apriori “trick” was pre-
sentedin [7]. We include a simplied versionherefor the
sakeof completeness.

Algorithm 3.1 [Single-periodApriori ] Findall partialpe-
riodic patterndor a given periodp satisfyinga given con-
fidencethresholdmin_conf in time-seriesS, basedon the
Apriori property3.1.

Method.

1. Find F, thesetof frequentl-patternf periodp, by ac-
cumulatinghefrequeng countfor eachl-patterrin each
whole periodsegmentand selectingamongthemwhose
frequeng countis nolessthanmin_con f x m, wherem
is the maximumnumberof periods.

2. Find all frequenti-patternsof periodp, for ¢ from 2 up
to p, basedntheideaof Apriori, andterminateémmedi-
atelywhenthe candidatdrequenti-patternsetis empty

Analysis.
Number of scans over the time series. Stepl of the
algorithmneeddo scarthetime seriesS once.Step2 needs



to scanS upto p — 1 timesin theworstcase.Thusthetotal

numberof scands no morethantheperiodp.

Space needed. (1) At Stepl, supposehereexist atotal of

/i distinctfeaturesatpositionsi, p+i, .. ., (m—1)p+iin S,

wherem isthenumbersuchthatmp < |S| < (m+1)p. We

need:!_, f; unitsof space' to holdthecounts.In theworst
casewhenevery featureis distinctin the entiretime series
S, we needEl.S:|1|Di| units of space®. After Step1, we

only need| F; | unitsof spaceo keepF', thesetof frequent
1-patternsin S. (2) At Step2, the maximumnumberof

candidatesubpatternshatwe maygenerates ( |f.;1| > +

|E1| 4ot | £ = 271l | Fy|—1. Considering
3 | F4 |

thatwe still need|F} | spaceto keepthe setof frequentl-
patternsthetotal amountof spaceneededs 2!1| — 1 in the
worsecasein this computation.However, the averagecase
shouldbe much smallerthanthe worst casesinceif every
featureis distinctin thetime seriesthenthereis no needto
find periodic patterns. The existenceof ary periodicityin
thetime serieswill reducethememoryneeded. |

3.1.2 Single-periodmax-subpattem hit setmethod

Althoughthe Apriori trick may reducethe searchspacen
partial periodicity mining in a similar way as association
rule mining, it is importantto notethatthe datacharacteris-
tics in thetwo casesarevery different. In mining associa-
tion rules,thenumberof frequenti-itemsetsshrinksquickly
asi increasedecausef the sparsityof frequenti-itemsets
in a large transactiondatabase.However, in mining par
tial periodicity, very oftenthe numberof frequenti-patterns
shrinksslowly (when: > 1) asi increasesTheslow speed
of decreasén the numberof frequenti-patternds dueto a
strongcorrelationbetweerfrequencie®f patternandtheir
subpatternsWe now illustratethis point.

Example 3.1 Supposave have two frequentl-patternsgx
andxb, suchthatconf(ax) = 0.9 andconf(xb) = 0.9,
in a time-seriesS. Thenit mustbe the casethat 0.8 <
conf(ab) < 0.9, asexplainedbelow. Sinceall periodsey-
mentsthatmatchab matchbothax and«b, con f(ab) < 0.9
holds.To derive the otherinequality let @ denotethe predi-
catethataletteris nota, similarly b. Theconfidencef ax in
S isatmost0.1, becauseon f(ax) = 1 — conf(ax*). Sim-
ilarly, conf(xb) < 0.1. Sincecon f(ab) > 1 — conf(ax) —
con f(xb), it followsthatcon f(ab) > 0.8. |

The slow reductionof the setof candidatefrequenti-
patternsas: grows makeshe Apriori pruningof Algorithm
3.1llessattractive. Is therea betterway?

4 Theunit of spacds the spaceneededo hold thefeatureidentifierand
its associateadount, andits sizeis usually 2-8 bytes, dependingon the
implementation.

5Thisis equalto thetotal spacethatthetime seriesoccupies.

Obviously, the derivation of frequent1-patternsis still
an effective way to dramaticallyreducethe candidateset
to be examinedlaterbecausehereareusuallyonly a small
numberof featuresbeingfrequentat a particular position
but therecould be a large numberof featuresappearingn
the position. This is especiallytrue whenthe averagenum-
berof featuregerpositionis largerthan [m] . Thus

our discussiorwill befocusedon how to reducethe search
effort afterthe setof frequentl-patterns /1, is found.

Ourkey ideais basednthe notionsof max-patternsind
hit patternsdefinednext.

A candidate (frequent) max-pattern, Ci,qz, 1S the
maximalpatternwhich canbegeneratedrom F1, thesetof
frequentl-patterns.For example,if the frequentl-pattern
setis {a * * x x, xb * %, * % ¢ * *, * x xdx }, the candidate
max-patterns abed*. Noticethatapositionin thecandidate
max-patterrmay be allowedto have a disjunctionof more
thanonenon- letter. For example,if thefrequentl-pattern
Setis {a * x * *, xby * xx xkbg % %% % * ¢ x * * * xdx}, the
candidatenax-patterns a{b;, b5} cdx.

Letthe L-lengthof the candidatanax-pattern(,,, ..., be
|Cmaz|- A subpatterrof C,,,. is hit in a periodseggment
S; of S if it is the maximalsubpatterrof C,, 4, in S;. For
example,for C,qa = a{b1, b2} edx, the hit subpatterrfor
aperiodsgmentS; = a{by, bs}c1{d1,ds}eis a{by, by} =
x*, becauset is truein S; and noneof its superpatterns
a{bl, bz}C**, a{bl, bQ}*d*, anda{bl, bg}Cd*, isin S;. The
hit set H, of atime seriesS is thesetof all hit subpatterns
of Crraz IN S.

Theusefulnessf hit max-patternss: We canderive the
completesetof partialperiodicpatternsfrom thefrequeny
countsof all thehit maximalsubpatternsf C,,, .. Thiswill
bedetailedbelow.

We would like to give an estimateof the buffer size
neededin computationbasedon the idea of hit patterns.
One upperboundof the buffer sizeis estimatedn terms
of m, the total numberof periodsin S. |H]|, the size of
the hit setin a time seriesS, shouldbe no biggerthanm,
i.e., |H| < m. Thisis olvious sinceeachperiod sggment
cangenerateat mostone hit subpatternanda hit subpat-
ternmaybehit in morethanoneperiodsegment.Theother
upperboundof the buffer sizeis estimatedn termsof the
maximalnumberof patternghatcanbegeneratedrom F',
the setof frequentl-patterns.Sinceeachhit patternof S
is a subpatterrof C,, 4., Whichis generatedrom F, sim-
ilar to the analysisperformedin Algorithm 3.1, the size of
the setof subpatternsvhich canbe generatedrom F3 is

|71 ] |71 ] I3l Y _ gimg
< )t )t ) T 2 1.
Therefore,|H|, the size of the hit setin a time seriesS,

shouldbe no biggerthan2!¥:! — 1. Combiningboth upper
boundswe have



Property 3.2 [The bound of hit sef The size of the hit
setis boundedby theformula, |H| < min{m, 2/l — 1},
wherem is the total numberof periodsin S, and F is the
setof frequentl-patterns.

Using this formula, we can calculatethe boundof the
maximalbuffer sizeneededn theprocessingGiventheset
of frequentl-patterns Fy, the maximal(additional)buffer
size neededfor registeringthe countsof all the maximal
subpatternsf C,, ,, is min{m, 2171l — | Fy| — 1}.

This propertyis very usefulin practice.For example,if
we found 500 frequentl-patternsvhencalculatingyearly
periodic patternsfor 100 years,the buffer size neededs
at most 100; on the other hand, if we found 8 frequent
1-patterndor calculatingweeklyperiodic patternsfor 100
years the buffer sizeneededs at most2® — 8 — 1 = 247.
We canalwaysselecthesmalleronein estimatinghe max-
imal buffer sizeneededn computation.

Beforeturningto our hit-setbasedalgorithm,we exam-
ine the probability distributionsof maximal subpatternsf
Cmax .

Heuristic 3.1 [Popularity of longer subpattems] The
probabilitydistribution of themaximalsubpatternsf C,, 4.
is usually denserfor longer subpatterngi.e., with the -
lengthcloserto |Ciyq. ) thantheshorterones.

Thisheuristiccanbeobseredin Example3.1. Fromtheex-

amplewehave 0.8 < prob{maxzsubpattern(ab) = ab} <

0.9, but prob{mazsubpattern(ab) = ax} < 0.1. In most
casestheexistenceof a shortmax-subpattermdicateghat
the non«istenceof somenon--letter, which reducesthe
chancédor the correspondingnon- letter patternsto reach
high confidence Thuswe have the heuristic.

This heuristicswill imply that the numberof nodesin
the tree datastructureof the next sectionis usually small.
It is alsousefulfor efficient buffer managementin order
to reducethe overall costof accessthe longersubpatterns
shouldbearrangedo bemoreeasilyaccessibl¢suchasput
in mainmemory)thanthe shorterones.

We now presenta mainalgorithmfor mining partial pe-
riodic patternsfor a given period, which is basedon the
discussionsibove.

Algorithm 3.2 [Max-subpattern hit-sef] Find all the par
tial periodicpatterndor agivenperiodp in atime-seriess,
basedon the max-subpattertit-set, for a given min_conf
threshold.

Method.
1. Scan$ onceto find F4, the setof frequentl-patterns

of period p, using Step1 of Algorithm 3.1. Form the
candidatemax-pattern(,, .., from F.

2. ScanS once. During the scan,for each period seg-
ment,if its hit setis nonemptydo thefollowing: addthe
max-subpatterimto the hit setbuffer (with theassociated
countinitializedto 1) if it is notalreadythere;otherwise,
increasdhe countof the max-subpatterby one. Thehit
setbufferis implementedn theform of amax-subpattern
tree,anovel datastructureto bediscussedn Sectioré.

3. After the scan,derive the frequentpatternsfrom the hit
set. We will discusshow to implementthefinding of the
countsof the hit patternsandhow to usethesecountsto
derive thefrequentpatternsn Sectiond. It turnsout that
both canbe doneefficiently.

Analysis.

Number of scans over the time series. Thefirst stepof

thealgorithmneedso scanS once.The secondstepneeds
to scanS onemoretime. Thusthe total numberof time-

seriesscangs 2, independenof the periodp.

Space needed. (1) The spaceneededfor Step1 is the
sameasAlgorithm 3.1. After Stepl, we need| F}| units of

spaceo keepF, the setof frequentl-patternsn S. (2) At

the secondstep,supposehereare| F} | frequentl-patterns
in S. Accordingto Property3.2, the total spaceneededor

the hit setis at mostmin{m, 2/"1l — 1}, wherem is the
total numberof periodsin S. |

In comparisonwith Algorithm 3.1, Algorithm 3.2 re-
ducesthe total numberof scansof the time seriesfrom p
(the length of the period)to 2, andit alsousesmuchless
buffer spacein the computationin mostcases. This can
alsobe seenfrom the following obsenation: Supposehe
hit subpatterrfor a period sgmentis abcd, which is not
in the hit setyet. We needonly one unit spaceto reg-
ister the string and its count1. However, for the Apriori
techniquethe candidate?-patterngo be generatedvill be
{ab * x,a * cx,a x *d, *bex, *b x d, * * ¢d}, 3-patterngo
be generatedvill be {abex, ab * d, a x ed, xbed}, andthe
4-patternaill be {abed}, pluswe have to updatethe count
associateavith eachof them. Thus, it is expectedthatthe
max-subpatterhit setmethodmayhave betterperformance
in mostcasesWewill comparethe performancef thetwo
algorithmsin Section5.

3.2 Mining partial periodicity with multiple peri-
ods

Mining partial periodicity for a given period covers a
goodsetof applicationsincepeopleoftenlike to mineperi-
odicpatterndor naturalperiods suchasannually quarterly
monthly, weekly, daily, or hourly. However, certainpatterns
may appearat someunexpectedperiods,suchasevery 11
yearsorevery14hours.lt isinterestingo provide facilities
to mineperiodicityfor arangeof periods.



To extend partial periodicity mining from oneperiodto
multiple periods,onemightwishto extendtheideaof Apri-
ori to computingpartial periodicity amongdifferent peri-
ods, that is, to usethe patternsof small periodsp asfil-
ters for candidatepatternsof periodsof the form kp for
anintegerk > 1. This will work if all frequentpatterns
of period kp are frequentpatternsof period p. Unfortu-
nately thisis notthe case For example,for thetime series
abedabeeabedabee, conf(x x ¢d) = 1/2, andcon f(ed) =
1/4. Supposehe confidencethresholdis 0.3. If we use
from partial periodicpatternsof period?2 asfilter for candi-
datepartial periodic patternsof period4, we will missthe
partialperiodicpatternx * cd.

Giventhatwe cannotextendthe Apriori “trick” to mul-
tiple periods,oneohviousway to mine partial periodicpat-
ternsfor arangeof periodds to repeatediyapplythesingle-
periodalgorithmfor eachperiodin therange.

Algorithm 3.3 [Looping over single period computa-
tion] Findall thepartialperiodicpatterndor asetof periods
in agivenrangeof interestp1, . . ., pg, in thetime-seriess,

with the givenmin_conf threshold.

Method.

1. for each period p; in the range of interest (i.e.,
p1,---,pr), apply Algorithm 3.2 (“max-subpatterrit-
set”) on periodp; .

Analysis.

Number of scans over the time series. Sinceeachperiod
will take2 scan®f thetime seriesthetotalnumberof scans
of thetime seriess 2 x k.

Space needed. For computingpartialperiodicityfor peri-
odsfrom p; to py,, thespaceequireds basicallythe sumof

spacefor eachp;. Noticethatthe spacerequiredfor initial

Stepl computations still Eli'l | D;| in theworstcasesince
the spaceonceusedin computationfor periodp;, canbe
reinitialized and reusedfor computingother periods. But

we needin total ©¥_, | F1 (p; )| unitsof spaceto keepdiffer-

entsetsof frequentl-patternswhere F; (p; ) is the setof

frequentl-patternsn S derivedfor periodp;. Similarly, it

takesatmosts¥_,min{m;, 2171l — 1} unitsof spaceo

computeall, wherem; is thetotal numberof periodsp; in

S. |

Algorithm 3.3 provides an iterative methodfor mining
partial periodicityfor multiple periods.However, whenthe
numberof periodsis large, we still needa good humber
of scansto mine periodicity for multiple periods. An im-
provementto the above methodis to maximally explorethe
mining of periodicityfor multiple periodsin the samescan,
whichleadsto the sharednining of periodicityfor multiple
periods asillustratedbelow.

Algorithm 3.4 [Shared mining of multiple periods]
Sharedmining of all the partial periodic patternsfor a set
of periodsin a givenrangeof interest,py, . . ., px, in time-
seriesS, with thegivenmin_conf threshold.

Method.

1. ScanS once for all periodsp; in therangeof interestdo
thesameasStepl in Algorithm 3.2.

Thatis, for all periodsp; in the rangeof interest(i.e.,
P, - .., pr), find Fi(p;), the setof frequentl-patternsof
period p;, usingthe sameStepl asin Algorithm 3.1.
For eachsetof frequentl-pattern®f periodp; , form the
candidatemax-patterny, .. (p; ), from Fi(p; ).

2. ScansS oncefor all periodsp; in therangeof interestdo
the sameasStep2 in Algorithm 3.2.

A similarprocesavhichwill notbeexplainedin detail.

Analysis.

Number of scans over the time series. Thefirst stepof

thealgorithmneedso scanS once.The secondstepneeds
to scanS onemoretime. Thusthe total numberof time-

seriesscangs 2, independenof the periodp.

Space needed. Thetotal spacerequiredin theworstcase
is sameasin Algorithm 3.3. |

Algorithm 3.4 exploressharedporocessingt mining par
tial periodicity for multiple periods. The adwantageof the
methodis that we only needtwo scansof time seriesfor
mining partial periodicity for multiple periods. The over
headof the methodis that althoughit reduceshe number
of scansto 2, it will require more spacein the process-
ing of eachscanthanthe multiple scanmethodbecauset
needgo registerthe correspondingountsfor eachperiod
p; (for 1 < j < k). However, sincethe sharedeatureswill
sharehespaceaswell (with countsncremented)andthere
shouldbe mary sharedfeaturesin periodicity search(oth-
erwise,why mining periodicity?),the spacerequiredwill
hardlyapproachheworstcase.Thereforejt shouldstill be
anefficientmethodin mary casegor mining partialperiod-
icity with multiple periods.

4 Derivation of all partial patterns

In this section,we examinethe implementatiorconsid-
erationsof our proposedalgorithms. Algorithm 3.1is an
Apriori-lik ealgorithmwhich canbeimplementedimilarly
asotherApriori-like algorithmsfor miningassociatiomules
(e.g.[2]). Algorithm 3.2 forms the basisfor all the three
remainingalgorithmsandrequiresnew tricks to achieve ef-
ficieng/, andthusour discussioris focusedon its efficient
implementation.

Algorithm 3.2 consistsof two steps: Step1, scanthe
time seriesonce and find frequent1-patternset Fy; and



Step2, scanthe time seriesone moretime, collectthe set
of the max-subpatternhit in .S, andderive the setof fre-
guentpatterns. The implementationof Step1 is straight-
forward andhasbeendiscussedn the presentatiorof Al-
gorithm3.1. However, Step2 is nontrivial andneedssome
gooddatastructureto facilitatethestorageof thesetof max-
subpatternsit in S andthe derivationof the setof frequent
patterns.

A new datastructure calledmax-subpatterireg is de-
signedto facilitate the registrationof the hit countof each
max-subpatterand derivation of the set of frequentpat-
terns,asillustratedin Figurel. Its designis now outlined.

Themax-subpattertreetakesthecandidatenax-pattern
Cmaz astherootnode whereeachsubpatterof C,,, ., with
onenon- letter missingis a direct child nodeof theroot.
The tree expandsrecursvely, accordingto the following
rules. A nodew, if containingmorethan?2 non- letters,
mayhave a setof children,eachof which is a subpatterrof
w with onemorenon- letter missing. Notice thata node
containingonly 2 non- letterswill not have ary children
sinceevery frequent-Ipatternis alreadyin F; . Importantly
we do not createa nodeif neitherthe nodenor its descen-
dant(s)containingmore than 1 non- letter is hit in S 6.
Eachnodehasa “count” field (which registersthe number
of hits of the currentnode),a parentlink (which is nil for
theroot), anda setof child links; eachchild link pointsa
child andis associateavith a correspondingnissingletter.
A link canbenil whenthecorrespondinghild hasnotbeen
hit.

Notice that a non= letter position of a max-subpattern
in amax-subpatterireemay containa setof letters,which
matcheshesetof lettersatthe positionin aperiodsegment.
For example for Cy, 4z = a{by, b2} x d*, themax-subpattern
of the periodsegmenta{by, by} {c1, ca}dseq is a{by,bs} *
+*, andthe sggmentwill contributeonecountto this node.

The updateof the max-subpattertreeis performedas
follows.

Algorithm 4.1 [Insertion in the max-subpattem treq
Inserta max-subpattermy found during the scanof S into
themax-subpattertreeT".

Method.

1. Startingfrom theroot of thetree,find the corresponding
nodeby checkingthe missingnon- letterin order

For example for amax-pattermodexb, xd* in atreewith
theroot, Car = a{b1,ba} * dx, therearetwo letters,a
andb», missing.Thenodecanbefoundby (1) following
thea link (markedas“~ a” in Figurel)tox{bq, by} * dx,
andthen(2) following the b, link to xb; * dx, asshovn
in Figurel.

6we show suchanodeabs x *x usingadottedboxin Figurel.
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Figure 1. A max-subpattertreeto storethe setof
max-subpatterniit in thetime-series.

2. If the nodew is found, increaseits countby 1. Other
wise, createa new nodew (with countl) andits missing
ancestomodes(only thoseon the pathto w, with count
0), if ary, andinsertit (or them)into the corresponding
place(s)f thetree.

For example,if thevery first max-subpatternodefound
in S is by * d* for Cae = a{by,ba} * dx, we will
createthenodexb; * dx (with countl), aftercreatingtwo
ancestonodegqwith count0): wy =a{by, b3 }xdx* (which
is therootof thetree),andws = x{b1, by} * d* (whichis
w1 's child, following the a link). The nodexb; * dx is
ws’s child, following the b, link.

Analysis.

Let thetotal numberof non- lettersin C,,, ., ben.. For
amax-subpatterm; containingn,, (n,, > 1) non- letters,
we needto follow n, — n,, linksto find thenodeandcreate
atmostn, — n,, + 1 new nodesin theworstcase.There-
fore, thetime compleity of nodesearchandnodecreation
will belessthann,.. Also, sinceeachinsertionof max-
subpatterrwill createeitheronly O node(whenit hits) or
lessthann. nodesthetotal numberof thenodesn thetree
is lessthann, x |H|, where|H | is the size of the hit set.

|

In generalto inserta subpatterrwe needto both locate
the positionandupdatethe countof the nodeif thenodeis
found,or otherwiseinsertoneor severalnex nodes.

Example4.1 Let Figure 1 be the currentmax-subpattern
treeT'. Toinserta(max)subpatternb, * xx into thetree,we
searchthetreestartingwith theroot, Cy, a0 = a{by, b} xdx*.
The first non- letter missingis b, and the secondnon-
letter missingis d. Thuswe first follow the b, branchto
nodeab; * d, andthenfollow thed branch.Sincethenode
aby * xx is locatedjts countis incrementedy 1. [ |

Before discussinghe derivation of the setof frequent
patternswe needto introducethe conceptof reachablen-
cestors Sincethetraversalandcreationof the childrenof a



nodein the max-subpattertreefollow the non- letter po-
sition order someof the ancestonodesof a nodemay not
be directly linked to a node. For example,in Figurel, the
nodea * xdx is linked to only one parentab, * d* but not
the otherab; * d* (note: this missinglink is markedby a
dashedine in theFigure).

In generalthe set of reachableancestorsof a nodew
in amax-subpattertreeT is the setof all the nodesin 7',
which arepropersuperpatternsf w. It canbecomputedas
follows: (1) derivealist w,,, of missinglettersfrom w based
on Cqz, Whichis roughlytheposition-wisedifference(2)
the setof linked ancestorgonsistof thosepatternavhose
missinglettersform a properprefix of w,,, and(3) the set
of not-linkedancestorarethosepatternavhosemissinglet-
tersform a propersublist(but not prefix) of w,, .

Example 4.2 We computethe set of reachableancestors
for a node x * xdx in a max-subpatterriree with root
Crnaz = a{by, b2} * dx. Thelist of missingnon- letters
is [a, b1, bs]. Thus,thesetof linkedancestorss (1) § (miss-
ing nothing,whichis theroot); (2) a (i.e., missinga, which
isthenodex{b,, b5} * de); and(3) ab; (i.e., missinga, then
missingb;, which is the nodexb, x de). The setof not-
linked ancestorss: b, * dx (correspondingo the missing
letter patternabs), ab, * dx (correspondindo b1), a * xdx
(correspondingo b, b5), andab; * dx (correspondingo b-).
In otherwords,onecanfollow thelinks whosemarkis not
d in orderedwvay (to avoid visiting the samenodemorethan
once)andcollectall thenon+ nodesreachedn 7. |

Essentiallythereis a treetraversalfor eachfixed pattern,
exceptthatwe do not visit a nodeandits descendant$ the
nodeis notanancestopatternof our currentpattern.

Thederivationof thefrequentk-patternds performedas
follows.

Algorithm 4.2 [Derivation of frequent patterns from
max-subpattem treqd The derivation of the frequentk-
patternsfor all &, given a max-subpatterriree 7', by an
Apriori-lik etechnique.

Method.

1. The setof frequentl-patternsF; is derivedin the first
scanof Algorithm 3.2.

2. The max-subpattertreeT is derivedin the secondscan
of Algorithm 3.2. The setof frequentk-patterngk > 1)
is derivedasfollows.

fori:=2to|F;| do{
o derive candidatepatternswith L-lengthi: from fre-

quentpatternsvith Z-length(i—1) by “(i+1)-way
join”.

e scantreeT to find frequeny countsof thesecandi-
datepatternsand eliminatethe non-frequennes.
Noticethatthefrequeng countof anodeis thesum
of the countof itself and thoseof all of its reach-
ableancestorslif the derived frequenti-patternset
is empty return.

}

Analysis.

Let thetotal numberof non= lettersin C,,, 4 ben.. As
shavnin theanalysisof Algorithm 4.1,thetime compleity
for searchinganodeis lessthann.. Sincethereareat most
2" — n, nodesto be generatedrom the max-patterriree
T (including all the missingdescendantsandthereareat
most|H | reachabl@ncestorsn T', where| H | is the sizeof
the hit set,the worstcasetime compleity for derivation of
all thefrequentpatternss O(n, x 2" x |H]|), i.e., propor
tionalto ¢, andthe sizeof thehit set,but exponentialto n.
(i.e.,proportionato thesizeof thetreethatcanbegenerated
by Cirax)- Sinceaninfrequentnodewill reduceghenumber
of candidateso be generatedn the futurerounds,thereal
processingostis usuallymuchsmallerthanthe costin the
worstcase. |

We illustrate how to derive the frequentk-patternsfor
k > 1 from the max-subpattertreeT".

Example4.3 Let Figure 1 be the derived max-subpattern
tree’T’, andmin_conf x m = 45. We cantraversethemax-
subpatterrireeto find all the frequentk-patterndor & > 1
asfollows. Startingat level 2, we have the following fre-
quentpatternsy{xbs x dx (68),+by * dx (68), x{b1, b} * xx
(47),a * *dx (119),aby * xx (92),aby * xx (84)}. We shav
the derivation of b, x dx (68) here: sincethelist of miss-
ing lettersin thisnodeis [ab1], its setof reachablencestors
is {0, a, b1}, andthusits frequentcount= 10+ 0 + 50 +
8 (itself) = 68. Sincelevel-2 hasno infrequentnodes,we
searchall the nodesat level-1 and have the following fre-
quentpatterns{abs * dx (60),ab, * d* (50)}; Sincethereis
onenodeinfrequentevel-0 (root) hasno frequentpatterns.
Noticealthoughwe only sared onenodecomputatiorin this
casejt will save muchmorewhenthetreeis largeandthere
aremoremissingnodes. |

Fromtheabose example ,onecanseethattherearemary
frequentk-patternswith smallk thatcanbe generatedrom
amax-subpattertree.In practicalapplicationspeoplemay
only beinterestedn the setof maximal frequentpatterns
insteadof all frequentpatternswherea setof maximalfre-
guentpatternsis a subsetof the frequentpatternsetand
every otherpatternin the setis a subpatterrof an element
in the set. For example,if the setof frequentk pattern(for
k > 1) is {ab * %, xbcx, a x cx, abex }, the setof maximal
frequentpatternss {abcx}.



If auseris interestedn deriing the setof maximalfre-
guentpatternsthe MaxMiner algorithmdevelopedby Ba-
yardo[4] is agoodcandidateThesucces®f thisalgorithm
stemsfrom generatingnew candidatedy joining frequent
itemsetsandlooking head.However, it still requiregto scan
S up to periodp timesin the worst case. The mixture of
max-subpattermit setmethodandthe MaxMiner canget
rid of this problemand will be more efficient than pure
MaxMiner. The detailsof the nev methodwill be exam-
inedin futureresearch.

5 Performancestudy

In this sectionwe report a performancestudy which
compareghe performanceof the periodicity mining algo-
rithms proposedn this paper In particular we give a per
formancecomparisonbetweenthe single-period Apriori
algorithm (Algorithm 3.1) (or simply called Apriori), and
the max-subpattern hit-set algorithm(Algorithm 3.2) (or
simply hit-set) appliedto a singleperiod.

This comparisonindicatesthat there is a significant
gainin efficiengy 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 64 megabyteanainmemory runningin Win-
dows/NT. Theprogramis writtenin Microsoft/VisualGr+.

5.1 TestingDatabases

Eachtesttime seriess a synthetictime-serieslatabases
generatedising a randomizedperiodicity datageneration
algorithm. From a setof features potentiallyfrequent1-
patternsaarecomposedThe sizeof the potentiallyfrequent
1-patternsis determinedbasedon a Poissondistribution.
Thesepatternsare generatedand put into the time-series
accordingo anexponentialdistribution.

LENGTHg thelengthof time series
P aperiod
MAX-PAT-LENGTH | themaximalL-lengthof
frequentpatterns
| Fy | the numberof frequentl-patterns

Table 1. Parametersf synthetictime series

The basic parametersusedto generatethe synthetic
databasearelistedin Tablel. Theparametersf LENGTHg
(thelengthof time seriesandp (aperiod)areindependently
chosen. The parameter®f MAX-PAT-LENGTH (the max-
imal L-length of frequentpatterns)and | F;| (the number

of frequentl-patternsrefor a fixed p, andthey arecon-
trolled by thechoiceof someappropriateeonfidencehresh-
old. We foundthatotherparameterssuchasthe numberof
featureccurringatafixedpositionandthe numberof fea-
turesin the time series,do not haze muchimpacton the
performanceesultandthusthey are not consideredn the
tests.

5.2 Performancecomparisonof the algorithms

Figure 2 shaws thereis a significantefficieng/ gain by
max-subpattern hit-set over Apriori. In this figure, the
maximal patternlength (the maximal L-length of frequent
partial periodic patterns)grows from 2 to 10. The other
parametersare kept constant: p = 50 and |F;| = 12.
We run two setsof tests,one with the length of the time
seriesbeing 100,000 and the other being 500, 000. As
we can see,the running time of max-subpattern hit-set
is almostconstantfor both caseswhile Apriori is almost
linear When MAX-PAT-LENGTH is > 8, the gain by
max-subpattern hit-set over Apriori is aboutdouble. We
expectthis gainwill increasdor largerMAX-PAT-LENGTH.

Time 4 (seconds)

__ -~ Apriori 500k
7000 -

6000
5000
4000
2000 s HitSet500k
2000 -~ Apriori 100k

1000 e HitSetl00k

Max-Pat-Length
2 4 6 8 10

Figure 2. Performance gain  when
MAX-PAT-LENGTH increasesp = 50, |F;| = 12.

It isimportantto notethat,thegainshown in Figure?2 is
doneby keepingeverythingin memory andby considering
only oneperiod. In generalthiswill be unlikely the case,
andmax-subpattern hit-set will performeven betterthan
Apriori for thefollowing reasons:

¢ In general,the time seriesof featuresmay needto be
storedon disk, dueto factorssuchaseachD; may con-
tainthousandsf featuresandthelengthof thetime series
canbe longer Whenthe time seriesis storedon disk,
therewould be a large amountof extra disk-10 associ-
atedwith Apriori, but not with max-subpattern hit-set
since it only requirestwo scans. Even when the
time seriesis not stored on disk, Apriori will need
to go over this huge sequencemary more times than



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 frequent patterns
in two scansbut Apriori will require mary more
scans, dependingon the number of periods and the
L-length of the maximal frequent patterns. Hence
max-subpattern hit-set will be again far better than
Apriori.

6 Conclusions

We have studiedefficientmethodgfor mining partialpe-
riodicity in time seriesdatabasePartial periodicity, which
associateperiodic behaior with only a subsetof all the
time points,is lessrestrictve thanfull periodicityandthus
coversabroadclassof applications.

By exploring severalinterestingoropertieselatedo par
tial periodicity, including the Apriori property the max-
subpatterrhit setproperty and sharedmining of multiple
periods,a setof partial periodicity mining algorithmsare
proposedwith their relative performancecompared. Our
studyshaws thatthe max-subpatterhit setmethod,which
needsonly two scansof the time seriesdatabasegven for
mining multiple periods offersexcellentperformance.

Our study hasbeenconfinedto mining partial periodic
patternsin one time seriesfor catgorical datawith sin-
gle level of abstraction. However the methoddeveloped
herecan be extendedfor mining multiple-level, multiple-
dimensionabatrtial periodicity andfor mining partial peri-
odicity with perturbatiorandevolution.

For mining numericaldata,suchasstockor power con-
sumptionfluctuation,one can examinethe distribution of
numericalvaluesin thetime-serieslataanddiscretizethem
into single- or multiple- level cateyorical data. For min-
ing multiple-level partial periodicity, onecanexplorelevel-
sharednining by first mining the periodicityata highlevel,
and then progressiely drilling-down with the discovered
periodicpatterngo seewhetherthey arestill periodicat a
lower level.

Perturbationmay happenfrom periodto period which
maymakeit difficult to discover partialperiodicityin mary
applications.For mining partial periodicity with perturba-
tion, onemethodis to slightly enlage the time slot to be
examined.Partial periodicpatternsvith minor perturbation
arelikely to be caughtin thegeneralizedime slot. Another
methods to includethefeatureshappeningn thetime slots
surroundingheonebeinganalyzedWe canfurtheremploy
regressiortechniqueto reducethe noiseof perturbation.

Therearestill mary issuesregardingpartial periodicity
mining which desere further study suchasfurther explo-
rationof sharednining for mining periodicitywith multiple

10

periods,mining periodicassociationrulesbasedon partial
periodicity, andquery-andconstraint-basednining of par
tial periodicity [11]. We are studyingtheseproblemsand
implementingour algorithmsfor mining partial periodicity
in a datamining systemandwill reportour progressn the
future.
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