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ABSTRACT

Recent work has focused ameating model$or generatingrav-
elerbehaior for micro simulations With theincreasen hand held
computersand GPS déces,thereis likely to be anincreasing de-
mandfor extendingthis ideato predictingan individual’s future
travel plans fordevices suchasa smarttraveler'sassistantin this
work, weintroduce gechniquebased orsequential datenining for
predicting multipleaspectf anindividual’s next activity usinga
combination ofuserhistory andtheir similarity to othertravelers.
Theproposedechniquas empiricallyshownto perform bettethan
moretraditionalapproacheso thisproblem.

Categoriesand SubjectDescriptors
1.5.2[Pattern Recognition]: DesignMethodology—€lassifierde-
sign andevaluation

General Terms
Travelercontext

Keywords
Sequential miningtravel patternsactivity prediction

1. INTRODUCTION

Modelingand predictingravel patternshasbeena sourceof inter-
estanda challengdor regional planners foa numberof decades.
In thepast,dataavailablefor thesestudieshasby in largebeen lim-
itedto aggreyatetraffic informationand papebasedravel surveys.
With the increasen prevalenceof hand heldcomputersand GPS
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devices,thedetailandtypesof informationthatcan be capturefibr
travel historiesarebecomingfar richerthanever before.

While thesedatasources shamaanycharacteristicaith other stud-
ied travel actvity logs,the additionainformation on decision pro-
cessesand opportunities for furtheenhancement witisIS offer
someunique challengeaswell asopportunitiesn behaior predic-
tion. In this work, we focuson techniques foextracting meaning
from these augmented dasaurces Oneof the challengeassoci-
ated withunderstandingraveler behaior is its strong dependegc
on the transportation network.The strengthof this relationship
malesit nearlyimpossibleto addresehaior without also con-
sideringthe overall travelercontet in termsof location, modeof
transit,whatis being doneandthe time of the actvity to name a
few aspectsA betterunderstanding afiow this context affectsfu-
ture behaior is likely to not only improve predictve models,but
also provide additionahsightinto how choicesare made among
alternatves.

In thiswork, we explorethe challengef traveler prediction notas
actiity or location predictionput as contet prediction. Specif-
ically we examinethe problem ofgiven a sequencef the trav-
eler’s prior context how well canthe contet of their next actwvity
be predicted. Ratherthanfocusing on prediction oEommonac-
tivity sequencebased orthe history of many travelers, we shift
theparadignto 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 planningo enablepersonalizedmarttraveler assistant de-
vices. The principle behindthesedevicesareto provideintelligent
servicedike multi-modaltravel planningto supporta user’stravel
needs [622]. With thistypeof application,understandinghe con-
text of a traveler can help identify whatype of information the
usersis interestedn and helpnarrow potential optionsConsider
ascenariovhere auserwantsto make atrip acrossown mid-day
If the assistant ke the user’slikely modeof transitandaccessi-
bility thresholdsthe system might be abi® evaluateandsuggest
onetransitrouteover another.

We propose anowel approachto predictingindividual traveler be-
havior andassociated¢ontect from a stream oftheir prior traveler



context. The proposedapproachexamineseachstepin the history
andthe predicted net step ofthe traveler asa set ofattributesor

characteristicgescribinghe contat of thatstep.As awhole,these
steps forma sequencef setsdescribingthetraveler's context pro-

gressinghrough timepr anenhancedctiity sequenceWe intro-

duce atechniqueor mining sequentiahssociatie rules fromindi-

vidual activity sequenceandaugmentecallandthusoverall per-
formanceby incorporatingthe patternsof othertravelersthrough
thetraveler’'scontext.

2. MINING MULTI-VARIA TE STREAMS

In this paperwe introduce amethodfor mining temporalstream
databased orconstrainedassociatie sequencenining introduced
in Agrawal and Srikant[2]. Our contribution is an extension of
thesetechniques fonext step multi-ariateprediction withina sin-
glediscrete temporadtream. Irthis context, the multi-variatepre-
diction refersto theprediction ofthe multiple variablesor charac-
teristicsassociated witthenext travelercontect simultaneouslyas
opposedo trying to classifyeachcharacteristic individually

Association miningand sequentialassociation mining hasadi-
tionally beenappliedin the businessvorld for analyzing purchase
patternghrough markt baslkt analysis.Sincethis techniquewas
introducedin 1993[1], associatie patternanalysishas remained
widely popularduein partto thereadabilityof the found patterns
andtheintuitivenesof the strengthof therule [13]. Theoutput of
this type of sequentiahssociatie miningis arule of theform:

({AB}{C}) = {DE}, with support = 25%, and
confidence = 80%

Thisrulecan bereadas:if theset{ AB} is followed bytheset{C'}
this impliesthe set{ DE'} will appeaiin the future. The strength
of this patternis thatthis full sequence,

{AB} {C}{DE}), occurredin 25% of the training examples
(support);andfor all training exampleswhere ({ AB} {C}) ap-
pearedthefull sequencé{AB} {C} {DE?}) appeared 80%f the
time (confidence)Thus,asthis exampleshows,unlike someother
model-basedechniques forexample neural networksthe model
and patternsdentified bythis technique can béurther analyzed
andexplainedif desired. Inaddition, becausehe sequential pat-
ternsidentifiedare only orderdependentmeaningadditionalsets
of items could occur betweenthe identified setswithout conse-
quence asong asthe setsarein that order.the techniqueis also
morerobustto noisein termsof still beingableto identify theun-
derlying pattern.From a traveler prediction perspeate, this fea-
tureis likely to help in identifyingthe underlying patternslespite
sporadicactiities that may not bepart of the regular routineof a
traveler'sday.

Identifying patternsn traditionalassociatie mining relieson mul-
tiple training setsfor its primary constraintsupport[1]. With asso-
ciative sequencenining, thereis a similar dependencon multiple
trainingsequences [2]Theimplication ofthis whenappliedto the
contet of transportationis that for a travel or actvity patternto
besignificantthepattern must bpresenticrosamultiple travelers.
While thisconstraints likely a good guidelindor predictingtrav-
eler patternsin general,if the goalis to predictthe travel pattern
of anindividual, then patternghatareuniqueto thatindividual are
likely significantfor predictingfuture behaior of thatindividual
evenif they havelittle predictve valuefor theset ofall travelersas
awhole. Inaddition,thesetechniguesirenot well suitedto lengthy
sequencesas the distancebetweensetswithin a sequences not
accountedor. Applying thislogic within the contet of transporta-
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tion, this would be equialentto sayingthe likelihood ofan event
occurringis just asdependent omn actiity that occurred 4 days
agoasit is on the previous activity. While suchrelationshipamay
exist, it seems reasonabte assertthat activities that occurredn
thetraveler’s recent historarein general mordikely to be better
predictorsof theimmediatenext activity.

Based ontheseperceived weaknessesf existing associatie se-
quential miningechniquesvhenappliedto individualtravelerpre-
diction; wepropose amlternatveto thetraditionalconstraintsvhich
we asserts better suitedo this type of prediction problem.The
purposeof theproposedechniquas to identify frequentsequences
within multi-variate temporal data, suelsthemany diferentchar-
acteristicsdescribingthe actvity of a traveler, that can beused
when patternsvithin a single streamare meaningful,andis more
suitedfor lengthy sequences.Below we presentan approachto
constraininghe problem of frequensequencenining to allow ex-
isting associatie sequentiatule mining algorithmsto work in this
context.

2.1 RevisedConstraint Definitions

An important diferencebetweerthis new problemformulationand

thetypical dataused withsequentiabssociatiorrule mining is the

numberof sequences. Iraditional sequentialassociationrule

mining there aremany sequencesgachrepresentingan instance
of aspecificoccurrencef a sequencef item sets.As such tradi-

tionally how frequentlyanitem set or sequencef item setsoccurs
is definedin termsof the numberof training sequencethe set(s)
occursin, moreformally supportcount of X is definedas:

# of training sequencesontainingtheitem set X
total #of trainingsequences

X.count =

)

andthedefinition ofthe support ofa sequencef anarbitrary num-
berof itemsetsX Y ... Z is definedas:

_ (X;UY;U...U Zg).count
support({X HY H. .. HZ}) = total #of trainingsequence$

wherei < j < k (numberof timesthe item setsappearin that
sameorder). By contrast,sincewe wantto identify patternsn a
singletraining sequenceywe areinterestedn how frequentlya set
of itemsoccursin termsof thetotal numbenof itemsetsn theuser’s
sequenceThus,we definethe count ofanitem setas:

# of item setscontaining(thetemsof set X)
total #of item setsin thetrainingsequencé

/
X.count’ =

andthe definition ofthe support ofanarbitrarily long sequencef
item sets, X Y ... Z, is thusalso definedn termsof item sets,
but additionalconsiderations takensincewe aretrying to capture
support of sequences item setswithin a singlesequenceThus,
without additionalconstraintsany item anywherein the sequence
afterthefirstitem setcouldbe consideredupportfor thesequence
regardlessof their distance aparin the sequence.We thuswant
to constrain thenumberof item setsconsideredfter the first item
setin the sequencén question. To addresghis we usethe con-
cept ofa support window. A support windowspecifiesthe item
setsafter the first item setto considerwhen calculatingsupport.
Thuswhen calculatingthe support ofany potentiafrequentsub-
sequencavithin the original sequencethereis a support window
of somespecifiedlengthw thatslidesto thefirst item setconsid-
ered.Usingthis concept welefinethe support ofa sequencef an



arbitrarynumberof itemsetsX Y ... Z to bedefinedas:

support’ ({X}HYH. .. }{Z})) =
(X; UY; U...U Zy).count’
total #of support windowsn thetrainingsequence

where: < j < k < (i + w). Thusthe numberof timesthe
sequenceccurswithin thewindow constraintf all possiblewin-
dowsin the sequenceAll othercommon multiplesupportsequen-
tial mining constraintslesignedo helplimit the searctspacesuch
as (relatve minimumsupport), support diérence constraingnd
minimumsupportthresholdare calculated withespecto thisnew
support measurfl7]. Likewise, whenrulesare minedfrom the
extractedfrequentitem sets,confidences definedin termsof this
definition of support.

Theresultsreportedin this paperwereobtained byapplyingthese
constraintgo theGeneralized SequentiahRerns (GSPalgorithm

[21], althoughit shouldbe notedthatany multiplesupportsequen-
tial associatiomule miningalgorithmsuchasPrefixSparj19] could

beused withthis technique.

3. RELATED W ORK

Techniques foconstrainingand miningsequence associationles
have beenextensiwly studiedsince associate mining andlater se-
quential miningtechniquesvereintroduced by Agreval et al. [1,
2]. Thesequential miningechniquesntroducedin that workalso
exploreda similar conceptto thesliding windowsdiscussed here,
but this ideawas only exploredin termsof defining support be-
tweensequences rathénanasa mechanisnfor discowring pat-
ternswithin a singlesequencg?]. Zaki introducedlength,width,
and maximum gpconstraintso reducedatamining time. In Harms
et al. and Harmsand Deoguranalgorithm wasintroducedor min-
ing frequentepisodes from multiplsequencessing timelag con-
straintsand separatingantecedenéand consequentonstraintd11,
12]. All of theseworkshave focused orextractingandapplyingthe
associatie rulesuniformly across sequenaeriesin prediction. In
addition, all of theseworks tendto focus on predictinga single
next itemin a given sequence Otherwork hasexaminedset pre-
diction asconstrainedequencenining, but focused ortraditional
sequentiakssociatiorrules [10]. Work on label sequentiakules
were introducedand examinedin the cont&t of text mining for
their benefitsat beingableto discernthe contet andapplicability
of rules [18,14].

Much of the relatedtransportatiorspecificresearctfalls into two
generalcatgories: micro-simulatiorandindividual travel predic-
tion. In the areaof micro-simulation, related work hgsimarily
focused on usingctiity survey datafor generatingsimulatedac-
tivity schedulesr verifying simulations [2015]. Recent work has
examined using mental mapsdcognitive learningfor improving
choicemodelsthrough obserationsduring micro-simulations [3].
However all of this work focuseson simulating beheior of artifi-
cial travelers. Otherwork has focused on predicting xtdocation
of individualsbased on GP®&aces [4]. Liao et al. extendedthis
idea andexaminedthis problemasan unlabeledctivity modelfor
predictingthe next location[16]. Our work differs fromthesein
thatlike the GPS basetkchniquesit focuseson individual beha-
ior, but ourgoalis moresimilar to micro-simulation modelsn that
we areinterestedn modelingamorefeaturerich set describinghe
reasorfor thebehaior beyondthelocations.

4. EXPERIMENTS AND DISCUSSION
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4.1 Evaluation Metrics

For measuring prediction performanage usethe informationre-
trieval metricsof precisionandrecall [5]. The basicdefinition of
recalland precisiortan bewritten as:

# true positves

Precision = ‘#true positives + # falsepositves)

# truepositives
(#truepositives+ # falsenegatives

recall=

For the purposeof this study sincewe areprimarily interestedn
the correctnessf the attritute value (if the attritute appearedat
all). Thus# true positivesis the numberof attribute valuespre-
dictedcorrectly; # falsepositivesis the numberof attribute values
incorrectlypredicted wheréhe attrilutedid appeain thetime step,
and # falsenggativesis the numberof attributesno valuewaspre-
dicted for, but somevalue for the attrilute appearedn the time
step. Sincethesetwo measuresre often associated witta trade-
off of onefor the other,we alsoexamine a combined metrithe
F-measurg23] which can be calculateds:

(2 - precision - recall)

F-measure= —
precision + recall
We usethis metric to comparethe balaned performancef the
algorithms.

4.2 Methods

4.2.1 Data

In thiswork weuse adataset deriedfrom theComputerized House-
hold Activity Schedulingglicitor (CHASE) surey to evaluatethe
proposedconstrainedule mining problem[8]. CHASE wascon-
ductedn Torontobetween 2002-2008ndconsistof travel activity
informationfor 426 adultsin 271 householdsThis survey focused
on obseredactivity andtravel patternsaswell astheplanning pro-
cessassociated witlthese actiities captured oer a 7 day period
for eachindividual. The datawas collected viaa computerized
scheduling prograrthatallows suney participantgo self-report on
their actualactvities aswell astheir on-goingscheduling process.
The useris asled to add, update,and deletetheir travel activity
plansastheir week progressed.hefinal stateof the scheduledc-
tivities is recordedasthe obsered actvity sequenceaimilarto the
actiity sequencethatarerecordedn traditionalsurveys based on
actvity diaries. Additional detailson the survey methods, sample
characteristicsand dataguality analysiscan befoundin [8, 7].

The CHASE suney captureda wide rangeof in-home and out-
of-home actiity types. These actiities are capturecand oga-
nized bya high-level classificationaswell asa more detailedac-
tivity type. Inthis work the high level actvities examinedare
organizedinto ten classifications (Nighsleep- other needs,So-
cial, Meals, Work/School,HouseholdObligations, Drop-off/Pick-
up, ShoppingServicesActiverecreationandEntertainment)hich
are further broken downinto 52 specific actiity types (Grocery
shopping, Internethopping. . .exercise active sports etc.).

In additionto the actvity type,detailon theinvolved personsvas
alsocapturedn thesunwey. Foreachactivity, subjectsvere askdto
indicateotherpeoplethat weredirectly involved with the actvity
from a pull-down list of names. The list of nameswas initially
populated vianterview andthe relationshipwith that person as
noted.As thesurey progressedyarticipantouldadd nev people
to thelist by specifyingtheir name andelationship(son,daughter,
spouse, relate, friend,etc.). Parentof youngchildren were aséd



to speeify which of their children were “undetheir care”,to obtain
furtherdetailaboutthis participation.This information wasusedto
further differentiatethe threemain actiity types fromaboe into
five catgoriesusedin themostrecent ersionsof tour modelg24],
including:

1. Individual mandatorgctities (i.e.notconducted witlother
householdmembersput may bewith othernon-household
members)

2. Joint maintenance aciiies (i.e.conducted wittotherhouse-
hold members)

3. Jointdiscretionargctivities (i.e.conducted wittotherhouse-
hold members)

4. Allocated maintenance aciiies (i.e. not conducted with

otherhouseholdnembersbhut may bewith othernon-household

members)

5. Individual discretionanactuities (i.e. not conducted with

otherhouseholdnembersbut may bewith othernon-household

members)

Almost all actities fell into this cateyorization,excepta portion
of individual mandatonactiities conducted wittotherhousehold
members.

Thedatais structuredsuchthateachtravel activity corresponds$o

an eventin the person’stravel stream witha set of attributescor-
respondingo thateventthatcaptureinformationaboutthe actvity

which wehave referredto asthe traveler context. The validity of

usingthis type of actiity datato createtraditional multi-usetour
basedscheduling modelsasbeenanalyzedn recent work{9]. For
this paperwe have selecteda subset ofthese attribtes (18 ofap-
proximately200) and onlyactiities that are adultsonly, current
acts,good datano drivingacts,and no doinghesuney acts.These
18 attributeslisted belav describethe portion of the traveler con-
text examinedin this work andall have discretevalues:

e Activity Group
e Activity SpecificType
e Activity group(3 categories relatedo if tourwasmandatory)

e Activity group(5 catgories relatedo involvement ofothers
in tour)

e Activity group(8 cateyories fortour analysis)

e Total numbeof children undecarein thehousehold thaare
involved

e Locationid

e Location,obsered(in or out-of-home)

e City

e Tourtype: At-home(AH) or home-base@HB)

e Obsenedsequencefthe AH or HB tour (1st AHtour of the
day, 2nd AHtour etc)

e Obsenredsequence®f the actvity in the tour (1stactin the
tour, 2ndactin thetour, ... )
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e Duration flibility binaryindicator

Time flexibility indicator

Spatial flibility indicator
o Whomthe actvity is conducted with

¢ Whomthe actvity is normally conducted with

Interpersonal fheibility

These attribteswereselectedasthey represent mix of informa-
tion aboutthetypeof actvity, thelocation, relatie time the actvity

took place(# tour of the day),andthe person’snvolved. Thus,the
datasetan bethought ofasa stream or sequena# eventswith the
set ofattribute valuesat eachevent being highlyrelated. For this
datasetthere are41,312setsof traveler context, with the average
adult’s traveler context sequencédeingjust over 92 setsin length.
The CHASE dataset s selecteéh part dueto thestrengthof the
relationshipbetweenattributesboth intra-@entandinter-event; as
well asthe combination ohon-trivial sequencéengthandenough
streamsto make the datasetsuitablefor comparing multipleap-
proachego thisproblem.

4.3 Experimentsand Evaluation

In theresultsbelow, we also presernheresultsof Naive Bayesand
afirst orderMarkov modelfor the purposeof a comparatie base-
line. For bothof thesemodels a classifiewasbuilt for each ofthe
18 attributespotentiallypresenin each timestep. Theresultspre-
sented belw evaluatethe set produced bthis group ofclassifiers
at predictinghenext attributevaluesetatthenext stepin theseries.
Thenumbersgpresentedrethe average acrosthe 18 attributes.

To ensurethe significanceof our resultswe have emplyeda 10
timescross-folding walidation methodologySincesequential data
is by definition order sensite, caremust betakento ensureorder
is presered asmuchaspossiblewhile still producing meaningful
cross-folding.For this we emplgyed a loop techniquedesignedo
keepasmuch ofthe training dataas sequentiahs possiblewhile
still allowing the testsetto immediatelyfollow the training data
that wouldhave beenseenjust priorto thetest datan the actual
event. To illustratethis, considera sequence' that wouldbe split
into partsSi, Sa, ..., Ss5. Theresultingtestserieswvould be:

TTCL’iTh = 81325384 T68t1 = 85,
TTG,iNQ = 55515253 Test2 = 54,
TT‘(lin;g = S4S5S1 Sz T68t3 = 53,

All resultsshownarethe aserageof the10runs.

In thefirst set ofexperimentswe examinetheimpact ofminimum
support on predictie quality usinga support window of3 anda
window sizeof 1 for predictions.Figuresl and 2 depictshe effect
minimumsupport hasn precisiorandrecallrespectrely with the
additionalsupport windowconstraint. As thesefigures showlike
traditional associatiorrules, the higherthe minimum support,the
moreprecisetherules,but thereis a tradeoffof lower recall. Fig-
ure 3 displaysthe F-measuref thesesamemodelsand showthat
the lower minimum support 0f10% combined witha confidence
thresholdof 66% providesthe best balancef precisionandrecall.
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Figure 1: Comparison of precision for various minimum sup-
port.
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Figure 2: Comparison ofrecall for various minimum supports.

In thenext set ofexperimentave comparehesupport windowcon-
strainedalgorithm,with two commonalgorithmsasbaselinesFor
thesupport windowconstrainealgorithm weselectedhe best mix
of support windowprediction windowand minimumsupportcon-
straintsbased on F-measufer comparisonspecificallya support
window of 3, a prediction window 0f2, and minimumsupport of
10%. Figures4 and 5 depict howhe proposedalgorithmcompares
with each ofthesebaselineswith respectto precisionandrecall.
As Figure 4 showsthe proposedalgorithmis asprecise asither
of the baselinesacrossthe entire confidencéhresholdrange. A
closerlook attherecallshowsthat whileBayeshasa higher recall
at low confidencethresholdsthe proposedalgorithm hasa better
F-measurdor the entirerange as seein Figure6.

4.4 Conclusionand Future Work

In this work we introduceda techniquefor constrainingsequential
associatie mining algorithms sdhatindividual streamsf actiity
sequencesan bemined effectively. As our resultsdemonstrate,
this techniqueshows significant promistr accuratelypredicting
next stepcontext comparedo Bayesianand Markov approaches.
This adwvantageis likely dueto this type of techniquebeing less
susceptibleo thenoisein theform of unplanned or sporadactiv-
ities, sincethe technique allavs commonseriesof actities to be
found even whenthere areoften additionalactivities appearingn
thesequenced-or simplicityin the experimentsabowe, thesupport
window was specified by fixed numbenof item sets; howeerit is
easyto envision more compienotionsof this same conceptpe-
cific to transportation.For example,a moremeaningful boundary
in transportation may beithin a day orwithin a tour. We planto
explore the benefit ofa more complg transportatiorspecificno-
tion suchasatour forasupport windowin futurework. As shown,
anadditional benefit ofhis techniqueis thatthe predictve model

Digital Object Identifier: 10.4108/ICST.MOBIQUITOUS2008.3867
http://dx.doi.org/10.4108/ICST.MOBIQUITOUS2008.3867

Minimum Support F-measure Comparison
60%

50% N
¢ 40% A
H l —— Min Support = 10%
8 30%
£ l Min Support = 20%
£ 20% | ;
10% ~=Min Support = 30%
6
0% Min Support = 50%
Min Support = 80%
B N R I I I I
SERCIRUURO U R R

Confidence Threshold

Figure 3: Comparison of F-measurefor various minimum sup-
port.
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100%

80% /_/_,
60% SupWin=3, MinSup=10%,
0% 7—r—‘ Win=2

{ = Bayes
20% - i

Precision

0% +r T T Markov

Confidence Threshold

Figure 4: Comparison of precision for algorithms.

is much mordransparenthantechniques sucasneural networks,
allowing additionalinsightto begainedfrom themodelscreated. In
future work, we intendto extendtheseideasandenhancehe way
additionaltravel historiesare selectedor augmentingan individ-
ual’s predictve model. Our hopeis to identify techniqueghatcan
be usedto extract whataspectof travel behaior can bereliable
transferredacrosdravelersand geographies.
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