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ABSTRACT
Recent work has focused oncreating modelsfor generatingtrav-
elerbehavior for microsimulations.With theincreasein hand held
computersand GPS devices,thereis likely to be anincreasing de-
mandfor extendingthis idea to predictingan individual’s future
travel plans fordevices suchasa smarttraveler’sassistant.In this
work,weintroduce atechniquebased onsequential dataminingfor
predicting multipleaspectsof an individual’s next activity usinga
combination ofuserhistory andtheir similarity to othertravelers.
Theproposedtechniqueis empiricallyshowntoperform betterthan
moretraditionalapproachesto thisproblem.

Categoriesand SubjectDescriptors
I.5.2 [Pattern Recognition]: DesignMethodology—Classifierde-
sign andevaluation

GeneralTerms
Travelercontext

Keywords
Sequential mining,travel patterns,activity prediction

1. INTRODUCTION
Modelingand predictingtravel patternshasbeena sourceof inter-
estanda challengefor regional planners fora numberof decades.
In thepast,dataavailablefor thesestudieshasby in largebeen lim-
itedto aggregatetraffic informationand paperbasedtravel surveys.
With the increasein prevalenceof hand heldcomputersand GPS
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devices,thedetailandtypesof informationthatcan be capturedfor
travel historiesarebecomingfar richerthaneverbefore.

While thesedatasources sharemanycharacteristicswith other stud-
ied travel activity logs,the additionalinformation on decision pro-
cessesand opportunities for furtherenhancement withGIS offer
someunique challengesaswell asopportunitiesin behavior predic-
tion. In this work, we focuson techniques forextracting meaning
from these augmented datasources.Oneof the challengesassoci-
ated withunderstandingtravelerbehavior is its strong dependency
on the transportation network.The strengthof this relationship
makes it nearly impossibleto addressbehavior without alsocon-
sideringtheoverall travelercontext in termsof location,modeof
transit,what is being done,andthe time of the activity to name a
few aspects.A betterunderstanding ofhow this context affectsfu-
ture behavior is likely to not only improve predictive models,but
also provide additionalinsight into how choicesaremade among
alternatives.

In this work, we explorethe challengeof travelerprediction notas
activity or location prediction,but ascontext prediction. Specif-
ically we examinethe problem ofgiven a sequenceof the trav-
eler’sprior context how well canthe context of their next activity
be predicted. Ratherthanfocusing on prediction ofcommonac-
tivity sequencesbased onthe history of many travelers,we shift
theparadigmto predictingthetravel context of anindividual based
on their own travel history and the history of others. This sub-
tle shift is to facilitatemoving travel predictionfrom the realm of
urban planningto enablepersonalizedsmarttraveler assistant de-
vices.Theprinciplebehindthesedevicesareto provideintelligent
serviceslike multi-modaltravel planningto supporta user’stravel
needs [6,22]. With this typeof application,understandingthe con-
text of a traveler can help identify whattype of information the
usersis interestedin and helpnarrow potential options.Consider
a scenariowhere auserwantsto make atrip acrosstown mid-day.
If the assistant knew theuser’slikely modeof transitandaccessi-
bility thresholds,thesystem might be ableto evaluateandsuggest
onetransitrouteoveranother.

We propose anovel approachto predictingindividual travelerbe-
havior andassociatedcontext from a stream oftheir prior traveler
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context. Theproposedapproachexamineseachstepin thehistory
andthe predicted next step ofthe traveler asa set ofattributesor
characteristicsdescribingthe context of thatstep.As awhole,these
steps forma sequenceof setsdescribingthetraveler’scontext pro-
gressingthrough time,or anenhancedactivity sequence.We intro-
duce atechniquefor mining sequentialassociative rules fromindi-
vidual activity sequencesandaugmentrecallandthusoverall per-
formanceby incorporatingthe patternsof other travelersthrough
thetraveler’scontext.

2. MINING MULTI-VARIA TE STREAMS
In this paperwe introduce amethodfor mining temporalstream
databased onconstrainedassociative sequencemining introduced
in Agrawal and Srikant[2]. Our contribution is an extension of
thesetechniques fornext step multi-variateprediction withinasin-
gle discrete temporalstream. Inthis context, themulti-variatepre-
diction refersto theprediction ofthemultiple variablesor charac-
teristicsassociated withthenext travelercontext simultaneously, as
opposedto trying to classifyeachcharacteristic individually.

Association miningand sequentialassociation mining hastradi-
tionally beenappliedin thebusinessworld for analyzing purchase
patternsthrough market basket analysis.Sincethis techniquewas
introducedin 1993[1], associative patternanalysishas remained
widely popularduein part to thereadabilityof the found patterns
andtheintuitivenessof thestrengthof therule [13]. Theoutput of
this typeof sequentialassociativemining is a ruleof theform:

〈{AB} {C}〉 ⇒ {DE} , with support = 25%, and
confidence = 80%

Thisrulecan bereadas:if theset{AB} is followed bytheset{C}
this implies the set{DE} will appearin the future. The strength
of thispatternis thatthis full sequence,
〈{AB} {C} {DE}〉, occurredin 25% of the training examples
(support);and for all training exampleswhere〈{AB} {C}〉 ap-
peared,thefull sequence〈{AB} {C} {DE}〉 appeared 80%of the
time (confidence).Thus,asthis exampleshows,unlike someother
model-basedtechniques forexampleneural networks,the model
and patternsidentified bythis technique can befurther analyzed
andexplainedif desired. Inaddition,becausethe sequential pat-
ternsidentifiedareonly orderdependent,meaningadditionalsets
of items could occur betweenthe identified setswithout conse-
quence aslong asthe setsare in that order,the techniqueis also
morerobustto noisein termsof still beingableto identify theun-
derlying pattern.From a traveler prediction perspective, this fea-
ture is likely to help in identifyingtheunderlying patternsdespite
sporadicactivities that may not bepart of the regular routineof a
traveler’sday.

Identifying patternsin traditionalassociativemining relieson mul-
tiple trainingsetsfor its primaryconstraintsupport[1]. With asso-
ciative sequencemining, thereis a similar dependency on multiple
trainingsequences [2].Theimplication ofthis whenappliedto the
context of transportationis that for a travel or activity patternto
besignificant,thepattern must bepresentacrossmultiple travelers.
While thisconstraintis likely a good guidelinefor predictingtrav-
eler patternsin general,if the goal is to predict the travel pattern
of anindividual, then patternsthatareuniqueto thatindividualare
likely significantfor predictingfuture behavior of that individual
evenif they have little predictivevaluefor theset ofall travelersas
awhole. Inaddition,thesetechniquesarenot wellsuitedto lengthy
sequences,as the distancebetweensetswithin a sequenceis not
accountedfor. Applying this logic within the context of transporta-

tion, this would be equivalentto sayingthe likelihood ofanevent
occurringis just asdependent onan activity that occurred 4 days
agoasit is on thepreviousactivity. While suchrelationshipsmay
exist, it seems reasonableto assertthat activities that occurredin
the traveler’s recent historyarein general morelikely to bebetter
predictorsof theimmediatenext activity.

Based ontheseperceived weaknessesof existing associative se-
quential miningtechniqueswhenappliedto individualtravelerpre-
diction; wepropose analternativeto thetraditionalconstraintswhich
we assertis better suitedto this type of prediction problem.The
purposeof theproposedtechniqueis to identify frequentsequences
within multi-variate temporal data, suchasthemany differentchar-
acteristicsdescribingthe activity of a traveler, that can beused
when patternswithin a singlestreamaremeaningful,andis more
suitedfor lengthy sequences.Below we presentan approachto
constrainingtheproblem of frequentsequencemining to allow ex-
isting associative sequentialrule mining algorithmsto work in this
context.

2.1 RevisedConstraint Definitions
An important differencebetweenthisnew problemformulationand
thetypical dataused withsequentialassociationrule mining is the
numberof sequences. Intraditional sequentialassociationrule
mining there aremany sequences,eachrepresentingan instance
of a specificoccurrenceof a sequenceof item sets.As such,tradi-
tionally how frequentlyanitemset or sequenceof item setsoccurs
is definedin termsof the numberof training sequencesthe set(s)
occursin, moreformally supportcount ofX is definedas:

X.count =
# of trainingsequencescontainingtheitemset X

total #of trainingsequences
,

andthedefinition ofthesupport ofasequenceof anarbitrary num-
berof itemsetsX Y . . . Z is definedas:

support(〈{X}{Y }{. . .}{Z}〉) =
(Xi ∪ Yj ∪ . . . ∪ Zk).count

total #of trainingsequences
,

wherei < j < k (numberof times the item setsappearin that
sameorder). By contrast,sincewe want to identify patternsin a
singletrainingsequence,we areinterestedin how frequentlya set
of itemsoccursin termsof thetotal numberof itemsetsin theuser’s
sequence.Thus,wedefinethe count ofanitem setas:

X.count′ =
# of item setscontaining(theitemsof set X)
total #of itemsetsin thetrainingsequence

,

andthedefinition of thesupport ofanarbitrarily long sequenceof
item sets,X Y . . . Z, is thus also definedin termsof item sets,
but additionalconsiderationis takensincewe aretrying to capture
support of sequencesof item setswithin a singlesequence.Thus,
without additionalconstraintsany item anywherein the sequence
afterthefirst itemsetcouldbe consideredsupportfor thesequence
regardlessof their distance apartin the sequence.We thuswant
to constrain thenumberof item setsconsideredafter thefirst item
set in the sequencein question. To addressthis we usethe con-
cept ofa support window. A support windowspecifiesthe item
setsafter the first item set to considerwhen calculatingsupport.
Thuswhencalculatingthe support ofany potentialfrequentsub-
sequencewithin the original sequence,thereis a support window
of somespecifiedlengthw that slidesto thefirst item setconsid-
ered.Usingthis concept wedefinethesupport ofa sequenceof an
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arbitrarynumberof item setsX Y . . . Z to bedefinedas:

support′(〈{X}{Y}{. . .}{Z}〉) =

(Xi ∪ Yj ∪ . . . ∪ Zk).count′

total #of support windowsin thetrainingsequence

wherei < j < k ≤ (i + w). Thus the numberof times the
sequenceoccurswithin thewindowconstraintsof all possiblewin-
dowsin thesequence.All othercommon multiplesupportsequen-
tial miningconstraintsdesignedto helplimit the searchspacesuch
asλ (relativeminimumsupport), support difference constraint,and
minimumsupportthresholdare calculated withrespectto thisnew
support measure[17]. Likewise, when rulesaremined from the
extractedfrequentitem sets,confidenceis definedin termsof this
definition of support.

Theresultsreportedin this paperwereobtained byapplyingthese
constraintsto theGeneralized Sequential Patterns (GSP)algorithm
[21], althoughit shouldbenotedthatany multiplesupportsequen-
tial associationruleminingalgorithmsuchasPrefixSpan[19] could
beused withthis technique.

3. RELATED W ORK
Techniques forconstrainingand miningsequence associationrules
havebeenextensively studiedsince associativeminingandlater se-
quential miningtechniqueswereintroduced by Agrawal et al. [1,
2]. Thesequential miningtechniquesintroducedin that workalso
exploreda similar conceptto thesliding windowsdiscussed here,
but this idea was only explored in termsof defining support be-
tweensequences ratherthanasa mechanismfor discovering pat-
ternswithin a singlesequence[2]. Zaki introducedlength,width,
and maximum gapconstraintsto reducedatamining time. In Harms
et al. and Harmsand Deogunanalgorithm wasintroducedfor min-
ing frequentepisodes from multiplesequencesusing timelag con-
straintsandseparatingantecedentandconsequentconstraints[11,
12]. All of theseworkshavefocused onextractingandapplyingthe
associative rulesuniformly across sequenceseriesin prediction. In
addition, all of theseworks tend to focus on predictinga single
next item in a given sequence.Otherwork hasexaminedset pre-
diction asconstrainedsequencemining, but focused ontraditional
sequentialassociationrules [10]. Work on label sequentialrules
were introducedand examinedin the context of text mining for
their benefitsat beingableto discernthe context andapplicability
of rules [18,14].

Much of the relatedtransportationspecificresearchfalls into two
generalcategories: micro-simulation,andindividual travel predic-
tion. In the areaof micro-simulation, related work hasprimarily
focused on usingactivity survey datafor generatingsimulatedac-
tivity schedulesor verifying simulations [20,15]. Recent work has
examined using mental mapsandcognitive learningfor improving
choicemodelsthrough observationsduring micro-simulations [3].
However all of this work focuseson simulating behavior of artifi-
cial travelers. Otherwork has focused on predicting next location
of individualsbased on GPStraces [4]. Liao et al. extendedthis
idea andexaminedthis problemasan unlabeledactivity modelfor
predictingthe next location[16]. Our work differs fromthesein
thatlike theGPS basedtechniques,it focuseson individual behav-
ior, but ourgoalis moresimilar to micro-simulation models,in that
we areinterestedin modelingamorefeaturerich set describingthe
reasonfor thebehavior beyondthelocations.

4. EXPERIMENTS AND DISCUSSION

4.1 Evaluation Metrics
For measuring prediction performance,we usetheinformationre-
trieval metricsof precisionandrecall [5]. The basicdefinition of
recalland precisioncan bewrittenas:

precision =
# truepositives

(# truepositives+ # falsepositives)

recall= # truepositives
(# truepositives+ # falsenegatives)

For the purposeof this study, sincewe areprimarily interestedin
the correctnessof the attribute value (if the attribute appearedat
all). Thus # truepositivesis the numberof attribute valuespre-
dictedcorrectly; # falsepositivesis thenumberof attributevalues
incorrectlypredicted wherethe attributedid appearin thetimestep,
and # falsenegativesis thenumberof attributesno valuewaspre-
dicted for, but somevalue for the attribute appearedin the time
step. Sincethesetwo measuresareoften associated witha trade-
off of one for the other,we alsoexamine a combined metricthe
F-measure[23] whichcan be calculatedas:

F-measure=
(2 · precision · recall)

precision + recall

We usethis metric to comparethe balanced performanceof the
algorithms.

4.2 Methods
4.2.1 Data

In thiswork weuse adataset derivedfromtheComputerized House-
hold Activity SchedulingElicitor (CHASE) survey to evaluatethe
proposedconstrainedrule mining problem[8]. CHASE wascon-
ductedin Torontobetween 2002-2003andconsistsof travel activity
informationfor 426adultsin 271 households.This survey focused
on observedactivity andtravel patternsaswell astheplanning pro-
cessassociated withthese activities captured over a 7 day period
for eachindividual. The datawas collected viaa computerized
scheduling programthatallows survey participantsto self-report on
their actualactivities aswell astheir on-goingscheduling process.
The user is asked to add, update,and deletetheir travel activity
plansastheir week progresses.Thefinal stateof thescheduledac-
tivities is recordedastheobservedactivity sequencesimilar to the
activity sequencesthatarerecordedin traditionalsurveysbased on
activity diaries. Additional detailson thesurvey methods, sample
characteristics,and dataqualityanalysiscan befoundin [8, 7].

The CHASE survey captureda wide rangeof in-home and out-
of-home activity types. These activities are capturedand orga-
nized bya high-level classificationaswell asa moredetailedac-
tivity type. In this work the high level activities examinedare
organizedinto ten classifications (Nightsleep- other needs,So-
cial, Meals,Work/School,HouseholdObligations,Drop-off/Pick-
up,Shopping,Services,Activerecreation,andEntertainment),which
are further broken downinto 52 specific activity types (Grocery
shopping, Internetshopping. . .exercise,activesports,etc.).

In additionto the activity type,detailon the involved personswas
alsocapturedin thesurvey. Foreachactivity, subjectswere askedto
indicateotherpeoplethat weredirectly involved with the activity
from a pull-down list of names. The list of nameswas initially
populated viainterview andthe relationshipwith that person was
noted.As thesurvey progressed,participantscouldadd new people
to thelist by specifyingtheirname andrelationship(son,daughter,
spouse, relative, friend,etc.).Parentsof youngchildren were asked
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to specify which of theirchildren were “undertheircare”,to obtain
furtherdetailaboutthisparticipation.This information wasusedto
further differentiatethe threemain activity types fromabove into
five categoriesusedin themostrecent versionsof tourmodels[24],
including:

1. Individual mandatoryactivities (i.e.notconducted withother
householdmembers,but may bewith othernon-household
members)

2. Joint maintenance activities (i.e.conducted withotherhouse-
holdmembers)

3. Joint discretionaryactivities (i.e.conducted withotherhouse-
holdmembers)

4. Allocated maintenance activities (i.e. not conducted with
otherhouseholdmembers,but may bewith othernon-household
members)

5. Individual discretionaryactivities (i.e. not conducted with
otherhouseholdmembers,but may bewith othernon-household
members)

Almost all activities fell into thiscategorization,excepta portion
of individual mandatoryactivities conducted withotherhousehold
members.

Thedatais structuredsuchthateachtravel activity correspondsto
an event in the person’stravel stream witha set ofattributescor-
respondingto thateventthatcaptureinformationaboutthe activity
which wehave referredto asthe traveler context. The validity of
usingthis typeof activity datato createtraditional multi-usertour
basedscheduling modelshasbeenanalyzedin recent work[9]. For
this paperwe have selecteda subset ofthese attributes (18 ofap-
proximately200) and onlyactivities that are adultsonly, current
acts,good data,no drivingacts,and no doingthesurvey acts.These
18 attributeslisted below describethe portion of the traveler con-
text examinedin thiswork andall havediscretevalues:

• Activity Group

• Activity SpecificType

• Activity group(3 categories relatedto if tourwasmandatory)

• Activity group(5 categories relatedto involvement ofothers
in tour)

• Activity group(8 categories fortouranalysis)

• Total numberof children undercarein thehousehold thatare
involved

• Locationid

• Location,observed(in or out-of-home)

• City

• Tour type: At-home(AH) or home-based(HB)

• Observedsequenceof theAH or HB tour (1st AHtourof the
day, 2nd AHtouretc)

• Observed sequenceof the activity in the tour (1stact in the
tour,2ndactin thetour, ... )

• Duration flexibility binaryindicator

• Timeflexibility indicator

• Spatial flexibility indicator

• Whomthe activity is conducted with

• Whomthe activity is normallyconducted with

• Interpersonal flexibility

These attributeswereselectedasthey representa mix of informa-
tion aboutthetypeof activity, thelocation, relativetimethe activity
took place(# tour of theday),andtheperson’sinvolved.Thus,the
datasetcan bethought ofasastream or sequenceof eventswith the
set ofattribute valuesat eachevent being highlyrelated.For this
dataset,there are41,312setsof traveler context, with the average
adult’s travelercontext sequencebeingjust over 92 setsin length.
TheCHASEdataset was selectedin part dueto thestrengthof the
relationshipbetweenattributesboth intra-eventandinter-event;as
well asthe combination ofnon-trivial sequencelengthandenough
streamsto make the datasetsuitablefor comparing multipleap-
proachesto thisproblem.

4.3 Experimentsand Evaluation
In theresultsbelow, we also presenttheresultsof NaiveBayesand
a first orderMarkov modelfor thepurposeof a comparative base-
line. For bothof thesemodels,a classifierwasbuilt for each ofthe
18 attributespotentiallypresentin each timestep.Theresultspre-
sented below evaluatetheset produced bythis group ofclassifiers
at predictingthenext attributevaluesetatthenext stepin theseries.
Thenumberspresentedarethe average acrossthe18attributes.

To ensurethe significanceof our results,we have employed a 10
timescross-folding validation methodology. Sincesequential data
is by definition order sensitive, caremust betakento ensureorder
is preservedasmuchaspossiblewhile still producing meaningful
cross-folding.For this we employeda loop techniquedesignedto
keepasmuch of the training dataas sequentialaspossiblewhile
still allowing the test set to immediatelyfollow the training data
that wouldhave beenseenjust prior to thetest datain the actual
event. To illustratethis, considera sequenceS that wouldbesplit
into partsS1, S2, . . . , S5. Theresultingtestserieswouldbe:

Train1 = S1S2S3S4 Test1 = S5,

T rain2 = S5S1S2S3 Test2 = S4,

T rain3 = S4S5S1S2 Test3 = S3,

. . .

All resultsshownarethe averageof the10 runs.

In thefirst set ofexperiments,we examinetheimpact ofminimum
support on predictive quality usinga support window of3 anda
windowsizeof 1 for predictions.Figures1 and 2 depictsthe effect
minimumsupport hason precisionandrecallrespectively with the
additionalsupport windowconstraint. As thesefigures show, like
traditionalassociationrules,the higherthe minimum support,the
moreprecisetherules,but thereis a tradeoffof lower recall.Fig-
ure3 displaystheF-measureof thesesamemodelsandshowthat
the lower minimum support of10% combined witha confidence
thresholdof 66%providesthebest balanceof precisionandrecall.
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Figure 1: Comparison of precision for various minimum sup-
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Figure2: Comparison of recall for various minimum supports.

In thenext set ofexperimentswe comparethesupport windowcon-
strainedalgorithm,with two commonalgorithmsasbaselines.For
thesupport windowconstrainedalgorithm weselectedthebest mix
of support window, prediction window, and minimumsupportcon-
straintsbased on F-measurefor comparison;specificallya support
window of 3, a prediction window of2, and minimumsupport of
10%.Figures4 and 5 depict howtheproposedalgorithmcompares
with each ofthesebaselineswith respectto precisionandrecall.
As Figure4 showsthe proposedalgorithmis asprecise aseither
of the baselinesacrossthe entire confidencethresholdrange. A
closerlook at therecallshowsthat whileBayeshasa higher recall
at low confidencethresholds,the proposedalgorithm hasa better
F-measurefor the entirerange as seenin Figure6.

4.4 Conclusionand Future Work
In this work weintroduceda techniquefor constrainingsequential
associativeminingalgorithms sothatindividualstreamsof activity
sequencescan bemined effectively. As our resultsdemonstrate,
this techniqueshows significant promisefor accuratelypredicting
next stepcontext comparedto BayesianandMarkov approaches.
This advantageis likely due to this type of techniquebeing less
susceptibleto thenoisein theform of unplanned or sporadicactiv-
ities, sincethe technique allows commonseriesof activities to be
foundeven whenthere areoftenadditionalactivities appearingin
thesequences.For simplicityin the experimentsabove,thesupport
window was specified byafixed numberof itemsets; however it is
easyto envision more complex notionsof this same conceptspe-
cific to transportation.For example,a moremeaningful boundary
in transportation may bewithin a day orwithin a tour. We planto
explore the benefit ofa more complex transportationspecificno-
tion suchasa tour forasupport windowin futurework. As shown,
anadditional benefit ofthis techniqueis that thepredictive model
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is much moretransparentthantechniques suchasneural networks,
allowing additionalinsightto begainedfrom themodelscreated. In
futurework, we intendto extendtheseideasandenhancetheway
additionaltravel historiesareselectedfor augmentingan individ-
ual’s predictive model.Our hopeis to identify techniquesthatcan
be usedto extract whataspectsof travel behavior can bereliable
transferredacrosstravelersand geographies.
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