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1 Chaptlert rlooducti on

1.1 Backaround
Travel demandnodelinghas beelnvestigatecht leassincethe early 19501, 2].
Traditionaltraveldemand models requitmeroussurveysor collecing detailed
travel behaviorand traveleinformation whicharecostlyfor administatars,
laboriousfor investigatos, andburdensome for participani3-5]. As a resultsurveys
suffer fromlimited sample sizesow update frequencieanderreportingbiasesand
responséatigue[6, 7]. Theseinherer limitationsinevitably restrict the capability of
traditional models in replicating base scenarioedicing scenarios the future and
responding teophisticategholiciesand unexpected interventiofis 7, 8}
Theburdenof data collections furtherexacerbateé when theparadigm shift
from aggregate four-step models tdisaggregaia activity-based modelf®-11],
whichimpelsscholardo find alternativegor assessintraveldemand12-14]. Over
the past decadgewith theadvancemerf geotrackingtechnologiesnd the
prevalenceof mobile devicesmobile device locatiomata(MDLD) havebecomehe
widespreadourcefor estimaing travel demandil5, 16] Unlike survey, MDLD are
collectedcontinuously and unobtrusivelgnjoying the merits of lower costhigher
penetratiorrate higherfrequerty, andfiner spatidemporalresolution Dueto these
attributes considerable effosthave beemevoted tgarsingMDLD to characterig
travel demand17-20], providingcritical evidence thamMDLD canessentially

complementraditionaltravel surves.



Thegamechanging datain conjunction witmovelmethodshavefacilitated
opportunitiego build adatadriventravel demand modelhe overwhelming
penetratiorrates ofmobile device®ffer the chanceo measurgopulation
representativéravel demandMeasuregan be used teeexaminevell-founded
knowledge accumulated from smadmple surveygl 2]. A fundamental topic is
identifying factorsassociated with travel demand and uncmgpunderlyingrelations
[21]. In addition,the continuousMDLD streamallowsthe modelng of traveldemand
continuouslyinstead of by snapshfit3, 22] For examplepopulation flowcan be
continuallyderived fromMDLD [17, 18] thusaccumulatingsufficienttime series to
train forecastingnodek. Forecasted tcomescan befed intotraffic simulabrsto
generatduturelink-level traffic states. More importantly, herich individual travel
details iINMDLD providegreatpotential tomodel travel demand int@ttomup way
[23], which ishighly compatible with the disaggregated moplatadigm24, 25]

AlthoughMDLD providea greatpossibilityto revolutionizethe existing
travel demand modelBmited studieqg17, 18, 25]havesuccessfullyealizzda big-
datadriven, dynamictravel demand modeisingMDLD . A completedatadriven
dynamictraveldemand modalequiresnot only estimatingtraveldemandusing big
databut alsdforecastinguturetraveldemanl in a timely and credible manner
Severakhallengeshouldbe overcomén travel demand forecastingt an
aggregatedkevel, population flowtime seriegorecastingnvolvesmassivedata
amountswith high dimensionalityspatiotemporal dependgnzonespecific
patternsandcomplexdynamcs triggered by external factof286-32]. At an

individual level,methods fosimultaneously prediictg activity, time, and location



for individualswith or withoutobservations remaimnaddressedue toindividual
heterogeneitymulti-task learning, anthecold start issug33, 34] Classical
statisticalmethodshavedifficultieshandlingthese challengashile emerging deep
learning methods provide a potential solutids, 36] In addition althoughMDLD
containextensiveravelinformation it often laclsimportant contetual
socioeconomi@anddemographic information due the passive collectiomatureand
privacyconcernsThe informatiorpoor predicamenturtails modelcapabilityin
respondingo policies, interventionsor individualchange$20, 24] Thus a unified
andhigherlevel knowledgdusion anddiscovery frameworlkshould be developed for
handing multisource datancludingtravelsurveys, MDLD, and other related
information

This researchs intencedto provide aunified and comprehensive guitte
constructinga datadriven travel demandstimation and prediction framework
integrating a variety dbig data resourceandnoveltechniquesThis includesl) a
normative pipelindor parsingMDLD to derive trip rosters angbpulation flow
matrices2) a set ofexplainablanachine learningEML) methoddor delineaing the
nonlinear relations between travel demanditsxdeterminators3) a set of
spatiotemporal neural networfa forecastingpopuation flow time seriesand4) a
hierarchicalctivity-based frameworkHABF) for individual tripitineraies
forecastingBy performing analyses doth nationwide anditywide human mobility
data thisstudypromises taddresyarioustheoretical and appliechallenges
enhancendividual andaggregategrediction powerintegratemulti-source mult

dimensionablatg andrespond ta widerangeof scenarics.
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Figure 1-1 Conceptualframework of big-data-driven travel demand modes
Theconceptuaframework ofa big-datadriven travel demand modisl summarnzed
in Figure 1-1. First, travel demand measures, includeggregategopulation flow
matrices and individual trip rostemsre extracted froMDLD, extrapolated to the
entire populationand compared witburveys for validation Next, sveralcross
sectionaEML models are built on top of these measuiretandenwith other data
sourcesto understand factors associated with travel demaasd,severaforecasting
modelsare constructed to forecast futuraviel demandime seriesincludinga multi-
view temporal graph neural netwofKGCN) to forecastitywide population inflow
anda hierarchicalctivity-based frameworkHABF) to forecast futurendividual trip
itineranes.Note that to complete a whole cycle of travel demand models, traffic
simulation is required-orecastetravel demandan befed into traffic simuladrs,

such as dynamic traffic assignment and adpasied simulatgr to obtain linklevel
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traffic measuresThe simulationhowever, is noincluded in this study due to the
lack of timeandresourcesSpecifically,this researchmainly attempts to achievihe
following objectives

1) The first goal of thigsesearchs to extract travel demanadformationfrom
MDLD and demonstratis reliability. Two measures amgroducedincluding
population flowmatrices and trip rostersprresponding tintermediate inputs of
four-step models and activilyased mode]sespectivelyOutcomesareextrapolated
to theentire populatiorvia some weightingrocesseand arecompared with
differentsurveys to ensuneroduct quality Note that his step is not intended to
entirely replace travel survewith MDLD, but to justify thatMDLD can
substantidy complemensurveysby providing solid travel demand information

2) Based on extractadavel demandneasuregshis studyreexaminsthe
well-foundedrelations betweetravel demand and underlying facteisch asuilt
environmentsocioeconomicsanddemographicsThe purpose of this step is twofold.
First, by using travel demand measuby MDLD, this stepattemps to validate
previous findingghat arederived from smailsample surveyssecond, by usingML
modek with the capabity of handing and interpretingnonlinearites, this stepaims
to uncover more detain relationsrevealed by linear statistical models

3) Aided by continuouy collectedMDLD, abundant travel demand time
series are availahl&nother mairobjectiveof this studyis toradicallyenhancehe
accuracyof travel demandorecastingoy learning patterns from historical data
aggregateland individually At anaggregatedevel, his studyintroducesa multi

view TGCN to handle spatiotempordependenciegliverse temporal patterns, and



complex external effecia population flowtime seriesAt an individual level, lhis
studyproposes aierarchicalctivity-based frameworto simultaneouslyredict the
activity, time, and locatioof the nextrip for eachperson By integratinga range of
deep learningechniques, thistepis intendedto inform the bespracticefor travel
demand forecastingonsideringooth accuracy and efficiency mandlinglarge-scale

multi-sourcespatiotemporatiataat both individual anadggregatedevels

1.3 Contributions

This study is among the first to proppseplement and validate big-datadriven
travel demanestimation and predictidinameworkwith the capability of
assimilaing massiveMDLD, meshingt with other data, andchieving endo-end
travel demanestimationandpredictionat both aggregated and disaggregated levels.
Specifically, he major contributiosican be vieweas follows

1) This dissertatioreffectively extract nationwide travel demand information
from MDLD with reliablequality validated by a range of travel survelsis is
consequentiadincecompared with surveyMDLD allow for the characterization of
human mobilityat an unprecedented spatiotemporal résmiywith nearreattime
updating frequency, coverirggargepopulation and geographézea andin a
continuous andnobtrusivecollectionmannel[7, 13, 22] These natures contribute to
a more timelyaccurate, populatierepresentative, anasteffective optionfor
estimaing travel demandHence thelimitations ofcustomarytravel demand model
[5, 10] caused bypurveysareovercoman thisdissertation

2) This research examiseelationsamongtravel demand ancklatedfactors

at anationwidenearpopulation levelPrevious knowledge of such relations is
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accumulated from smaslample survey7-39]. The adoption of populatien
representative travel demand measures contributes to feamepling biaseand more
reliable model estimati@Moreover, hisresearchntroduces avariety of EML
modelsin conjunction withmodelagnostic interpretation approaches
comprehensively understandnlinear and interacte relations[40-42]. This cross
sectionakinalysigs nontrivial asit provides versatile functions to visualize and
understand complerelationsamongtravel demand and external environments,
offering new perspectives for transportation modedeis urban planners

3) This studyintroduces a novelmulti-view TGCN frameworkfor citywide
population inflowtime seriegorecasting The proposedrameworkis more
comprehensive than previous studies as it integrates-naatl temporal patterns,
multi-view spatial structures, and mutimensional auxiliary effects. Moreovéeige
TGCN frameworkcombines adaptive learning with rirop convolution to process
graphs given (or without) prior knowledge of their structures, providing a guide to
handlingspatiotemporatlata with complex temporal dynamics and unclear graph
structures. Lasthe TGCN frameworlandles external variables separated by static
or temporaldimensions, which can decrease the risk of polluting the target time series
while remaining the model 6s capability

4) Thisresearchs alsothe firstto establish dierarchicalrip itinerary
forecasting frameworthat @nsimultaneously outfduhe next activity, departure
time, and locatiotfior each individualSeverakhallengs are well addresseéirst,
the joint prediction of activieés time, and placgis accomplishedbllowing activity-

based modejghat is first determiningthe activity chain for eacindividual and then



generang locationsbased omredicted activiesand historical visitsSecongthe
imbalancedlistribution ofactivities(i.e., some types of activities occur more
frequently than othersy addressed biptroducing asetof semantic segmentation
losseq43]. Third, the cold start issue, i,¢he difficulty in predictng places without

historicalvisits [44], is solved by combining the logalusglobal probability.

1.40rganization
This researcls organted as followsThe second chapter is dedicated to the liteeat
review. Thetraditional travel demand moldeand emergindgravetrelateddata
sourcesare summarizedvith aparticularemphasion MDLD . Also, cutting-edge
techniques used in travel demand forecasiregcomprehensively reviewed

The third chapteprovides a brief introductioto the pipeline oparsing
MDLD for inferring traveldemand Then,in the fourth chapteg set ofEML modek
is establishedo delineateherelationsamongMDLD -basedcensus block group
(CBG)level travel demand and underlying factors

Thefifth chapterfocuses orpopulation inflowtime seriesnatrices
forecasting A Multi-graph Multthead Adaptive Temporal Graph Convolutional
Network (Multi-ATGCN) is proposedor multi-stepcitywide population inflow
forecasting The sixth chapteiis devded toindividual trip itinerary forecastingh
hierarchicalactivity-basedramework(HABF) is proposed to jointly predict the
activity, departure time, and locatiohthe nextrip.

The last chapter summarizes key findingsitations, anduture directions.



2 ChaptlLeirt eZ:ature Review

2.1Traditional travel demand modeling

Although recent years have witnessed the advent and prevalenegvafata sources
and advanced approachelich have provoked waves of revolution in travel demand
modeling it is still important to note that classical travel demanadielsremain the
mainstream itransportatiorplanning[10]. Mostof the advanced technologies were
developed not to construct a nparadigm but tomodify and reinforcehe

traditional frameworloy enhanmng its capabilityand reliability for certain types of
applicationd8]. Therefore, reviewing traditional travel demand meded
understandingheir respectie procedurs, capability, and weakness, are essential to

help enhance thexistingmodelsby incorporatingnew data antechniqus.

2.1.1 Fousstep model

The history oftraveldemand modslhas been dominated by the featep model
(FSM)[1]. A brief introduction of the four steps is as follojd®, 46] First, inthe

trip generation, a regression model crossclassificationanalysis iused to predict
the number of tripprodu@dfrom (andattracedto) all TAZs as a function of land
use socioeconomics, ardemographis, yielding ProductiorAttraction (PA) tables
Secondintrip distribution , trip productions are distributed to match trip attraction
based on welkstablished theorigsuch aghe gravity model antchtervening
opportunities modeto reflect underlying travel impedance, yieldithg Origir
Destination(OD) matricesThird, in mode choicethe OD matricesaresplit into

multiple ODtablesto reflect relative proportions of trips by modekility functions
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tha showthe mode choice preferersre estimatednder the discrete choice theory
using data collected vitatepreferencesurveys Finally, intraffic assignment,
multimodalOD matricesare assigned to modpecific networksyieldinglink-level
traffic flow, passengeftow, or freight volume

Limitations ofFSM have beenvidely discussedn previousstudied5, 8, 9,
47, 48] The firstftundamatal criticismof FSM isits strong aggregate natyfgoth in
time and spacérigins and destinationsf all trips per OD paiare treated as single
points; daily rhythms oftravel demandresimplified aspeak and offppeakpatterns;
households ithe samé& AZ are treated as identical 8mply divided intoa few
segmerd Theaggregabn induceshe possiblecological fallacysinceaggregated
patterns ofraveldo notexplicitly indicate individual behavisr Thesecond
limitation of FSMis its weak dynamics. Zone and household characteristics that
dictate travel behaviors are assumed to be stable over theagratiysis timeframe
Meanwhile,FSM has difficultiescapturing weeklhand seasonglatternsas well as
perturbations triggered by wéatr, holidays, or other eventsast most criticisms are
related tahelack of behavioral realisnm FSM. FSM does not contaienough
individuaklevel behavioral constructs and choice mechanigfisctingthe nature of
human decisiommaking. This furtheleads tathe neglect oindividual interactions
andbehaviorsresulting in poor performance and l@ensitivty to increasingly

complexpolicies.

2.1.2 Activity-based model

Thechangdgrom largescale infrastructureonstructiorto fine-grained travel demand

management necessitataore disaggregatezhd powerfutravel demandnodeb
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[10], among whickanactivity-based moddbiasbeen promoted ahemost successful
alternative[9]. An activity-based model recogesthatthetravel demands derived
from the desire to participate in activities, rather than the desire to. téwaover,

in contrast to FSMiang thetrip as the basianalyzedunit, the analyzed unibf
activity-based modslis defined bychainingrelated tripgermedfitours [48]. A
summaryof the implementation of arctvity-based modak as followq8]. First,a
synthetic populatiors created, followed by a loAgrm structure textrapolatet to
future scenarios\ext, a set of generation models is applied to predenhtumber of
activities by purposas well ashow these activities are formed into touss set of
tour-level models are then appliedd¢achtour toassignthe destinationthe departure
andarrivaltime, and the travel modBlext, the list of tours i€onverted into trips,
and for each trigthe triplevel models are applietlltimately, trips areaggregated
into OD matricesand passed throudhetraffic assignmentas inthe FSM.

Although activitybased modslhavesuccessfullyavoidedsomeinherent
limitations of FSM, oneremainng issue igheheavy reliance on survey d4fd].
Traditional travel diary@veys involve costly andaborintensiveprocessefor
collecting and processing dafss a result, surveys aodten limited by infrequent
updates, small sample sizes, short survey dugtimterreporting, and survey
fatigue[12]. Compared with FSM, the activilyased model is more disaggregated,
requiring more individu@ghouseholdevel traveldetails Thus greaterdata collection
effortsare needetbr activity-based models to achieve reliable performdhd¢
Such a high data reqeiment, however, increasthe perceived complexity of

activity-based modsland beomesasignificant barrieto preventingtheir rapid
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prevalencg8]. Highly relying on survey data also indicatbatactivity-based
models cannot avoid theherentweakness of the survey itsdibr examplethe poor
dynamicg7]. Changes in travel demand causedbyormalnterventions cannoteb
timely captured by activitpased models singeditional surveys amnainly carried
out on normal dagito capture typical travel patternslso, medium and longerm
dynamicsn travel demandemaindifficult to estimatedue to the lack of sufficient
longitudinalsurveydata In sum, the shifto disaggregated modelimgpnsequentially
requires more individuatraveldata withfiner spatiotempral resolutiong24],

pushing researchers to seek new optfonsicquiing andassessg travel demand.

2.13 Travel demand andnderlyingfactors

EitherFSM or activity-based models recognieattravel demand isignificantly
associated with travelgisocioeconomic and demographic factors, as well as the built
environmenneartrip origins and destinationf87, 38] Severaktudiesprovide
economic and behavioral explanations of whgse factorsnight influenceravel
demand49-51]. For example,awek n o wn f 3 Ds 21]f imcladimg wo r k
density, diversity, and desigwhichwasl at er e x p a[34,élbwadby A5 Ds 0
destination accessibility and distance to tramgsproposed to summarizbe
effects ofthe built environment on travel behaviokdia the metaanalysesEwing
and Cerver¢37, 38]noted thatrip frequenciesvereprimarily a function of
socioeconomigandsecondarily a function of the built environmehhey also found
thatpopulation and job dengitose significanc@nce othefactorswerecontrolled.

Most of the studiebefore 201@xamined the relations between travel

demand and its underlying factors using statistical models such as (generalized) linear
12



regressiongiscrete choice modelandstructural equation modelsased omata
collected from travel survaey39, 50-52]. Severaimain changes cdre observed in
recent studies. Firsexaminingthe demandor emerging options such as shared
mobility [53-56] andautonomous vehicld§7, 58] has attractedonsiderable
interest Second, methods have shifted from classical libaaed models to more
complex models with the capability of capturing nonlinear effects, such as
generalized additivémixed) modelg[53, 54, 59]and machine learning method<,
55, 60] Third, dataused taassessravel demandhave also been shifted from surveys
to big data sources incluay mobility servicetransaction$61, 62} transit smart cards

[62, 63] locationbased service dafé4], andtraffic detectorg65].

2.2Mobile device location data (MDLDn travel demand modeling

Nowadaysadvancedvirelesscommunicationunobtrusive and ubiquitosensing
andpositioningtechnologiesand largescale computing infrastructures have
produced vast amounts aveldata[4, 66], changng how data are used in assags
travel demand22] and challenginghe extent to whiclnewdata sources can
complement travel diariesirveyq67]. For simplicity, this sectiorparticularly

focuses onMDLD as well as how it can be used in travel demand modeling

2.21 Mobile devce location datéMDLD)

The 2% centurywitnessedhewide spread of mobilelevices as well as the
pervasive usage @ositioning technologiel8, 23]. Data from variougositioning
sensorsincludingGPSsatellites, cellular tower pingBluetooth,shortrange

positioning beaconandWi-Fi networls [6, 23], are integrated teeflecthigh-
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resolutionmobiledevice locationsind thus providenassive spatiotemporal
information describing individudevel mobility patternsenablingresearchert
guantitativelyanalyzetravel behaviorsandestimatetravel demand20, 22, 24]

Amongthe mostwidespreadMDLD arethe mobile phon€all Detail Records
(CDR9, whichconsist of timestamped tower locations with caller IR$ienthe user
places a phone call sends a messa@g 7, 20] In recent years,rther similar but
more accur ate mobidightinggdata has reatigeiies et cal | ed
attention. Sightings datregenerated each time a phone is positicarsthrelikely
to have aigher level of spattemporalresolution[7, 68]. Typically, asightings
recordincludesan anonymized device I@imestamp, antriangulatedatitudeand
longitude[7, 68]. OtherpopularMDLD sources includ&PS trajectaescollected by
navigation applications oredlicated applications designed by researchers to collect
traveldata, @otagging informatiocreatedon social mediaand tansaction data
collected bycommerciakompanies$4, 6, 22] Unlike surveysor traditional traffic
sensorsMDLD allow for the characterization duman mobilityat an unprecedented
spatiotemporal resolutionith populationrrepresentativpenetration ratdarge
spatialcoveragelongitudinal and continuous temporal span, and-reshtime
update frequencpi?]. Also, thepassie nature of th&DLD removeghereliance on
human responseseducing tle labor and time codfacilitating study over longer
periodsand wider coveragend aiding data accurafyj.

Due to thesenique and fascinatingdvantagesyIDLD havegained
substantiatesearch attention evrecent yearstudieshavedemonstrated thgtrong

capability ofMDLD in capturingtravel patterng25], identifying activites[69],
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detecting transport modg&0], inferring trip purposefl7], andformulatingorigin-
destination matriceg[17, 71] During the COVID19 pandemicnumerousstudies
havealsousedMDLD to monitorhumanmobility, and further explored the relations
between humamobility andCOVID-19 health outcomefL6, 64, 72]
AlthoughMDLD overcome many shortcomings of traditional data acquisition
approacheand inevitably come into mainstream us@ether theycanentirely
supplantravel surveysremairs controversia[12, 23] The higher level of passivity in
collectingMDLD preserd significant challenges when it comes to acquiring
contextualndividual information[12]. In addition, MDLD do notexplicitly provide
the datahat transportation enginearsededsuch adrip, mode, andctivity. Hence,
considerable efforts arequiredto processaw datajnfer usefulinformation and
validateoutcomeswhicharecomputationally intensand needgupport fromsurveys
[13, 25] Moreover, ampling biasstill existsin MDLD despitetheir high penetration
rate In sum inputs fromsurveysare stillnecessary to make up for the lacéMDLD

of contextuainformation related to individualsnd tovalidateoutputs[3, 7].

2.22 Travel demanestimationusingMDLD

UsingMDLD to estimatdravel demand haceived substantial attentionrecent
years[73]. MDLD alonecamotdirectly providedetailed information needed far
completetravel demandnodel.Therefore, gnificant efforts aredevotedo distilling
useful informatiorsuch agrips, modes, activity typesandOD matricesrom MDLD
that can be inaporated intotravel demand modglincludingbothFSM[18, 71, 74]
and activitybased modelR5]. A normativepipeline of parsingIDLD to extract

travel informationcan besynthesizd in four stepstrip identification, activity
15



infererce, mode imputation, ar@D matrices estimatiof25]. Oncethe multimoda
OD matricesare formulatedtraffic assignment can be conducted to furtiererate
the modespecificlink-level measure$l7, 19, 71]

Trip identification: To extractatrip from asequence of successive tradas,
first step is tadistinguishthe staygi.e.,locationswherethe persons engaging in
someactivities)from the movingpassbys A st ay i s characterized b
t i me i n [6bhEhergfdreancost gtudies identified the stays by bounding the
sequence of tracegth a set of predefinedtemporal and spatigonstraint§13]. The
spatial constraint is the roaming distance when a user is staying at a logatwnis
typically set as 20800 m[25, 76] while thetemporal constraint is the minimum
duration spent at a logah that can be viewed as engaging in an activity, which is set
as 1020 minuteq71, 76] After detecting the stayfhe trip roster can be generated
using stays as origins and destinationheDtrajectoy points are labeled as pasgs
andsometimes can be further usedriter travel path[25, 71] Somestudiesalso
conducted a clustering process afteritientificationof stays. The reason is that
positioningnoises result inmultiple candidats that arein the same placlkeeing
estimated at slightly different coordinatd o account for this, clustering is used to
consolidate candidaténto a singlepoint[13, 17]

Activity inference Linking land use and POI information afliverseregion
thatanindividual visits with the explicit activity thattheindividual engagein is
chdlenging sinceMDLD arepassively collectedacking thegroundtruth of activiy
types[77]. However, some activitiesuch as home and woake relatively easy to

infer due tatheir high regularityin people's dailytineraies Rule-based methods are
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widely usedto identify homework locations, taking into accouwitsit frequencies
and temporapatternsFor example, persors home location is defined as the stay
pointwhere he/shgisits most frequently betweed8:00 PM and07:00 AM (+1) on
weeknightswhile a persoswork location is defined as the stay point other than
home thate/shevisits the most betweedV:00 AMand08:00 PM on weekday$17,
71]. Some other rules are further ajpglto distinguistielecommuig or unemployed
persons. For examplthe work locations consideredblank if thestaypointis visited
lessthantwice per week or ift is less than 500 m frothe homelocation[71].

Most studies only consider three activity types, heme, work, and others,
andvery few of them[69] expando othertypessuch ashopping, leisureand
educationAlthoughsurrounding landisecan provide sommformation aboutl
users activity, the mixed-use land development easily diststtie modeland resul
in problematianatching precisiorf-uture studies may need to consider data collected
from other sensomquipped in smartphogesuch ashe accelerometer and
magnetometeito enhance theower ofactivity inference[12].

Mode imputation Taking advantage @&PStracking technologiesmputing
travel nodes usingGPSdatahas attracted wide research intef@8{. MDLD cannot
be directly used to train the mode imputation due tdable of groundtruth mode
types Therefore, GP$®asedsurveys providethe main data sours§79] for model
training, andthetrainedmodel can be applied tdp rostes extracted fronMDLD to
imputetrip-level travel mode. Numerousclassifiershave beeintroducedfor mode
imputation includingtreebased mode)sidden Markovmodel (HMM), rule-based

models Bayesian networksSupportVectorMachine (SVM) deep learningnethods,

17



andhybrid method$70, 80-83]. Although techniques vary, the underlying
assumptions common that travel modese differentiatedby speed duration,
distanceprientation and acceleratiorsupplemented with personal historical travel
patternssocioeconomig, demographis, andmodespecific transpometworks [79].
Such assumpti@guidethe selection ofeatues for imputingmodes. For example,
frequentlyusedfeatures includéhe statisticsof speedtime, orientation and
acceleration, bus stpandrail line trajectory closenesg’9, 84}

With the increase in datnd theprogressn classifiers, most studidgve
reacteda high accuracy afver85%[84]. Commontravel modesuch astationary,
non-motorized,and motorizegare easy to detef20]. A recent research trend is to
expand modes towider rangeusing more features anabre accurate positioning
and motiondata Forexample, Nitsche et al. distinguish nine modes, including walk,
bicycle, motorcycle, car, bus, electric tramway, metro, train statébnary{14], and
reportanaccuracyrangng from 65% (train, subway) to 95% (bicycle).

OD matrices estimatio: After extracting trij, activities and modes, a ges
of data processin@sls, including data cleaning, toeompletion and population
weighting,are required before aggregating trip rostetOD matrices Meanwhile, a
range of validation processes is needftdr the aggregation lompaimg data
drivenOD with surveybasedOD or with traffic flow recorded by sensof$7, 18]

Data cleaning isarried outo filter outirregulartrips, such agrips with
extremelyhigh speed or short duratios, andabnormaldevices such asleviceswith
overly frequent travels or too few observatiq@g]. Tour completionis basedn the

assumption thad userlwaysstarts and ends at homithin a day, whera dayis

18



definedasa 24 h period beginning and ending &M. If not, thehomelocation is
addedo the stay point sequena@nd the departure time is assigned baseal on
conditional probability which forms a new sequenteform a complete toye5,
71]. Population weighting ign expandng the observed trips tepresent all
individuals inthe study areal’he simplest method is thivide theactual population
by the number of devices whose home locations are located in that area to obtain the
expansion factorA variety ofcomplexweighting algorithms are propostdaddress
different sample ilases For exampleToole et alfirst scalel trips based on phone
usage frequencgndthen expanedtripsto account for market penetration rafés].
Igbal et al. determinedeightingfactors by minimizing the gap betwete
simulatedraffic volumebased orsampled OD matrices affié¢ld observation$18].
Most studies compadatadrivenOD matrices with survepased OD
matriceq 73] to demonstratéher reliability. Oneconsensuss that high precision can
only beobtairedwhen the aggregation unité®arse while fine aggregatiorunits
could lead to noisy and unbaland@b representationfl7, 71] For example,
Alexander et alfound thatthe correlation betweeMDLD -basedandsurveybased
tractto-tract and towrto-town flows is 0.45 and 0.99, respectivEly]. Some
studies also passed their OD matrices through a traffic assigtooeahd compare
the road traffiorolumeand speed with grourtduth andfounda fairly high

correlation even via a simple assignment algorithr 19]

2.3 Spatiotemporal travel demandadeling

The proliferation obig data, combined with th&heempower ofAl techniqueshas

prompteda revolutionin travel demad modelingusingAl-drivenmethodq85].
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Researchers can either validate existing knowledge using new diatieoduceAl
methodgo captue nonlinearities and spatiotemporal dependesia traveldemand
Spatiotemporatiravel demand modeling one of the moghriving fields in recent
yearg[35], with numerou\l models such athe convolutiona neural network

(CNN), therecurrent neural netwolRNN), the graph neural networfGNN), and

their hybrids beingintroduced86, 87] This section gives a comprehensive review of

related studies from cros®ction to spatiotemporal modelinftravel demand

2.3.1 Crosssectionaimodelingand nonlinearity

Crosssectional modeling refers to analyzing the associations between average travel
demand and underlying factof@ne subject that has received substantial attemtion
recent years isonlineaity [88]. Due to theamalgam of processes related to
aggregatedocialization, gaming, tolerance, contagion, and diministehgns
relations between travel demand d@isaleterminantsnay be nonlinear quiecewise
[41]. Early studiesrelaxed the lineaassumptiorby prespecifyinganonlinear
functionsuch as the exponential functif@®, 90] which, rowever is restrictiveand
may notwell fit the complex nonlinearityNew methods arthusintroducedo
capturethenonlineaity in a nonparametric setting representative statistical
method ighegeneralized additive mod€GAM) [91], whichis a semiparametric
model with linear predictors involving a series of additive-parametric smoothers
of covariatedo capture nonlinear effectd/ia the GAV, studies have proved that
nonlinear effects are prevalantrelationsbetween external envinonents anéctive

travel, shared mobilityhike-andride, and highway volum{s3, 54, 62, 92, 93]
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Explainable Machine learning (EML) &nother ppularnonparametric
technique in learning and explaining nonlinearjt@aongwhich treebased models
are the mainstreaff4, 95] In thefield of transportationvia EML and related
interpretation techniquesumerous studies have demonstrated the salient
nonlinearity between externfctorsand travelrelated features such as driving
distancd96, 97] mode choicg98], shared mobility usag®5], car ownership42],

crash frequenc{99], transit ridershi100], and active travdlL01, 102]

2.3.2 Explainable machine learrgr(EML)

Although studies on ML models mainly focus on their predictive accuracy, the
interpretability of ML has also gained wide attentj®3]. The need for
interpretabilityettenses ifmopr a@M@mnicommpal i :
which means that, for certain problems, it is necessary not only to predict but also to
understand how such a prediction is obtained. Interpretation techniques developed for
ML models help increase model transparency, which is drtbodetecting model
biases, increasing social acceptance, and uncovering underlying meckkEod$ms

The proposed interpretation techniques can be divided into two types:-model
specific and modehgnostid105]. The former needs the model itself to be
explainablewnhile the latter separates the explanation from the model. The impurity
feature importance of random for€RfF) is one of the most notable mogsdecific
interpretation milestong95], which, however, is only suitable for trbased models.
Due to the restriction in models and sometimes the loss in predictive performance,
more efforts have shifted from moesgdecific to modebhgnostic methodd.03]. A

modetagnostic method is moftexible since it can apply to any ML model. For
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example, permutation feature importance was proposed to replace impurity
importance and has been widely used in different ML mdde®). Partial
dependence plots (PDHS¥] have been applied to a range of tree ensembles and
neural networks to delineate learned relations.

Another noteworthy change in ML interpretation techniques is the shift from
global to local interpretation. Local interpretation techniques display learned relations
at an individual level, which can uncover more local heterogeneity that may be
obfuscatedy global averaging. For example, individual conditional expectation
(ICE) curves are the individudgvel building blocks for PDP4.07]. Local
interpretable modehgnostic explanations (LIME) focus on training local surrogate
models to explain individual predictiofis08]. SHapley Additive exPlanations
(SHAP) connect the global interpretations with the local interpretations based on the

additivity attribute of Shapley valu¢s09].

2.3.3 Temporal modelingTime-series analysis)

With thedelugeof time seris datan the transportation domaitemporal modeling,
in particdar time-seriesforecastinghasbecome increasingly actiy&10, 111] Main
forecasting targetsiclude shorterm traffic state (volume, speedhvel time), travel
demand (regiongdopulation flow shared mobilitydemand, transit ridershipand
individual movemen[86, 112] Generally travel demandime seriesremore
challengingo forecasbecauseheyinvolve high-dimensionabatastructures,
intertwinedspatiotemporatlependenciezonespecific dynamicsand complex
nonlineaities triggeredby external factors such as weather, holidaysl other big

eventg86]. To address these challenges, a vast number of models are produced and
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can be classified intstatisti@al modelstraditional machine learningodels, and
deep learning methodi5, 85]

Previously statisticalmodelswere mainly used such af\utoRegressive
Moving Average (ARMA)[113], Autoregressive ligrated Moving Average
(ARIMA) [114], andthevariant Stationary and Seasonal ARIMA (SARIMALS5].
In generalstatisticalmethodshave difficultiesin handling spatial dependencies,
capturinglong-term temporapatternsfitting complexnonlinearity,andincorporating
externaleffects thusmaking them ineffective faravel demandorecasting110].

Since the earl2000s, manyresearchers have moved froine statistical
perspective tanachine learningnethodq111], among which SVM116], K-nearest
neighborg117], and treebased modelgl0] are the maspopular.Machine learning
can model nonlinearégsandlean complexpatternan time series; bwever,they
require considerable effort in feature engineeranime consuming process that
requiresprior knowledge of thelomainand may negle@ccountale featureq35].
Moreover, traditionamachine learninglsohasdifficulties captuing long-term
temporalpatternsandspatiotemporatlependenciedue to its shallow structure
lesseimg its popularity intraffic time seriegprediction[85].

As theoretical andomputingadvances emergdeeplearningis nowthe most
prominentdueto its sheer prediction pow¢t18]. Compared with machine learning,
featureengineerings performed automaticaliy deep learningVieanwhile, the
hybrid, deep, and complex structsicdfer unprecedenteplotentialto capture
nonlinearitesand spatiotemporal dependendiesraffic time seriesThe recurrent

neural network (RNNjs one ofthe most famous deep learning stuues for
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temporal modeling119]. RNN allows previous outputs to be used as inmltsg a
temporal sequencaghile havinglearnablehidden stateto capture temporal
dynamics However, taditional RNNsencountervanishing or explodinggradient
problens in the presence of long sequencesddal withthat,Gated Recurrent Unit
(GRU)[120] and Long Shofferm Memory (LSTM)Unit [121] aredesignedEarly
studies directly employed LSTM and GRU fibavel demangbrediction[122-124],
while later studiesnainly used the RNN as a component of their hybrid nmoidel
handle temporalynamicq30, 125] Meanwhile,advancedechnique¢o augment
RNNs capacityareinvolved such asheattention mechanisiii26, 127] thegating
mechanisnj128], andtheresidual nechanisnil129], further strengthening the power
of RNN in capturing temporal dynamics

Due to its recursive structur@NN suffess from time-consumingterative
propagatiorand gradient vanishingxplosion problem As analternative solution
CNN deamonstratsits superiorityby tackling temporal sequenc@sa nonrecursive
mannewith the advantages sfmple structure, parallel computirand stable
gradientd130]. However traditional1D-CNN is lesseffectivethan RNN due to its
failure in storing longermmemory[128]. To address thjgthenovel convolution
operationWaveNetis proposegintegrating causal convolution and dilated
convolution[131], which outperforns RNN in textto-speech tasks. Bai et &lrther
generaliedit for time-seriespredictionand renamed thetemporal convolution
network (TCN)[132]. TCN is now increasingly popular imodelingtemporal

dynamicsdue toits superiorperformanceand efficiency[133-135].
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2.3.4 Spatal modeling

The mostdistinguishabldeature of hetravel demandime series ists spatal
dependeng A regioris populationoutflow may affectheinflows of nearby regions
[29], and thedownstream traffic flow mawgffect the upstream traffic floyL36].
Early studies directly applied CNN to learn the spatial relation by treating thefmap
travel demands an imagd-or examplemostpreviousstudiespartitioneda city into
squarediles and applied &idimensionaktonvolutionalkerrel to detect spatial
dependencies itravel demandnatriceq27, 29, 125, 137]However, a major
limitation of CNN is thait is not @mpatiblewith spatial structurethatdo not
conform to Euclideaispace For exampleroadsegmentshat are close to each other
may have long routing distancesnstrained byhetopologyof the road network
[136, 138] Also, when the spatial tessellation is constructed basedegular
administrativeboundariessuch asensus blocks or TAZ26, 30] theadjacency of
two pixelsin theconvolutional filtercannotreflect the real closenedse tothe
different sizes and shapeste$sellationsThegraph neural network (GNINdn the
other handis more appropriate fahesedata compared t6NN because oits ability
to capturenon-Euclideanspatial relatios. Due to this advantage, GNiNs rapidly
become the frontier dfavelforecastingn recent yearg86]. The gaph can well
describe the spatiatructureof atravel demananap orroadnetwork by considering
sensor®r TAZ centoids as nodesanddependencieamong nodeas edgefl12).
This section igocusedon convolutional GNMinceit is currently one of the
most popular methodssed intraffic forecastingesarch The convolutional GNN

can be further divided intspectralbased approaches and spabased approaches
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[139]. Spectralbased approaches define graph convolutions by introducing filters
from graph signal processinghere the convolutional operationused tosmooth
graph signal$140]. Spectralbased approachese differentiated by filters, such as
the Spectrahetwork[140, 141] which uses learnable diagonal matrix as the fijter
the Chebyshev spectraktwork(ChebNe} [142], which approximates the filter by a
k" orderChebysheyolynomial andthe Graph convolutional networfGCN) [143],
which simplifies the ChebNet by usints first-orderapproximation Another popular
type of GNN, the patiatbased approachkefines graph convolutions bgnessage
propagatiorto convolve the central notderepresentation with its neighbors
representationfkepresentativesiclude theDiffusion CNN (DCNN)[144], which
considerghegraph convolution as a diffusion procegeMessagegassing neural
network (MPNN)[145], whichtreatsthegraph convolution as a messgugsing
processand theGraphSag¢l46], whichsamples neighbots obtain a fixed number
of neighbors for each nodeleanwhile technigueso augmenGNNs' capacityare
widely involved, such ashe Graphattention network (GAT)147], whichadoptsthe
attention mechanisito learn thenode pairwiseveights andthe GeniePat§148],
which proposes gating mechanism to controlessagéow.

Onekey componenbf GNN is the adjacary matrix, which is used to
describeheterogeneous pairwiselations between noddsifferenttraffic problems
may have different assumptioregardingnodepairwiserelations, resulting in
variousforms of adjacery matricesincludingfixed matrces, adaptivenatrices, and
multiple matriceg86]. Fixed matricesassumehatspatialrelationsarefixed and

constanbver time Thereforeadjacery matrices are prelefined based on the
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knowledge of the spatial structurem different perspectives, suchR®I-based
regionalfunction similarity[149], transportatiometwork distanc§l33, 138] and
temporal similarity{150]. The predefinedfixed matrix, howevermaynot precisely
reflect therealspatial structur@ue to defective prior knowledge dynamic
evolution[151]. Thereforetheadaptivematrix is proposed to s¢he adjaceny
matrix as learnable parameseExperiments have proved that the adaptive
mechanisnhelps discoverhidden spatial structuseand enhancthe model
performancgl134, 135] Recently, due to thcreasinglycomplex spatial structure,
studieq26, 30, 125, 149, 152hcreasinglyadopt multiple graphs to deribe
underlying spatial dependencies,, the multi-graphGNN. Outputs of the mil-
graphconvolutiors will befused viaweighted summing, averagingy, afully

connectecheuralnetwork (FNN).

2.3.5 Spatiotemporal modeling

To jointly capture spatiotemporal dependencidsylaid frameworkthatfuses
different neural netwosknto an entity is neededin ahybrid settingthe CNN/GNN
is used to capture spatial relatipasd theCNN/RNN is usedo learn temporal
dynamics.Severaimechanisra are proposefbr fusing these networkg85]. The
simplest way is to feed the outputs ofreduralnetworksinto a fusion layer to
generatdinal outputs[153, 154] Anotherway is to connecineuralnetworks
successiely. The output of the previousetwork isfed intothe subsequemne[155
157]. Themost complexvay is to modify the internal network structiossmbedone
neuralnetwork into anothef~or exampleseveral studies modified the RNN unit to

include agraph convolutiooperation138, 156]
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BesidesCNN, RNN, and GNNauxiliary componentsre incorporatetb
strengthen the hybrid framewor®neimportant component is tHally connected
neuralnetwork (FNN), whose main purposs to perform tasks such as aggregating
outputs transformingdimensiors, and incorporating externaffects For example, a
two-layer FNN is widely used to handle extera#iects of which the first extrast
importantinformationand the seconglansformsdimensiors [26, 29, 152] Another
widely employedechniquds the &ip connection operatiofi29, 135, 158]which
gathesinformation from historical representatioiesmitigateoverfitting. Moreover,
when graphs are largepodesamplingandgraphpartitiontechniqus areusually

needed talivide a large graph into several small compongr§s, 160]

2.3.6 Population flowforecastingandNext-locationforecasting

Thislast reviewsectionis focused on two travel demand forecasting tagbkspulation
flow forecastingand ndividual trip itinerary(Nextlocation)forecastingto describe
some mairpractices irtravel demandorecastinghat jointly consides both spatial
and temporal dependersusing deep learning method$ese two tasks are also in
line with the main scopes of this dissertation.

Most of thepopulation flowforecastings doneto predict the regional
inflow/outflow. Theseminal work, STResNe{29], consists of three modules that
rely onresidualCNN [129] to capturespatiotemporatloseness, period, and treoid
grid-basedcitywide population flow The tiree modulearedynamicallyaggregated
andfurthercombined with @awo-layer FNN that deals with external facto’snother
notable work proposes a Deep Miliiew SpatiaiTemporal Network (DMVSTNet)

to predict taxi demand, which consists of three views: temporal view to model
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temporal dynamics via LSTMpatial view to model local spatial correlation via
CNN, and semantic view to model correlations among regions sharing similar
temporal patterngia GNN[125]. A similar multi-view structurds proposed by Sun
et al.[26] to predict citywidepopulation flovs in irregular regions bysingGCN.
Another populadiredion is the multigraph network. For exampl&eng et al[149]
build three graphs consideritige neighborhood, function similarifgndconnectvity
among different regions, to capture complex spatial dependemnickesharing
demand, whil&Chai et al[152] alsoconstructedhree graphs, including distance,
interaction, and correlation, pedictstatiortlevel bikesharingflow. Another similar
framework, theSpatidemporal EncodeDecoder Residual Muliraph
Convolutional network (SED-RMGC), designs aesidual multigraph
convolutional network to encode contextaalare spatial dependencessd an
LSTM to encode temporalydamics[30].

Population flowforecastingoelongs to aggregatedravel demand forecasting,
while at an individual level, nestbcationforecastings the mostpopular[35]. Next
locationforecastingpredictswhere(always POlbased)ndividuals will visit given
their historicaltracks The problemhaspreviouslybeen explaed using probabilistic
or patterrbased approachesuch as hiddeMarkov Chain[161, 162]and tensor
factorization[163, 164] With the prevalenceof deep learning, variousewmethods
are proposed, witbtrongercapabilites of capturingspatiotemporaandsemantic
dimensionsLiu et al.[33] propose a SpatiatTemporalRNN (ST-RNN) to model
local temporal and spatial contexts with time and distapeeific transition

matricesFeng et al[165] propose DeepMove, an &ntionbasedecurrenineural
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network[126] for mobility prediction from lengthy and sparse trajectorgsme
studies predict not only where but also when the wvisktwill occur. Du et al[166]
proposed d&ecurrent Marked Temporal Point Process (RMTPP) to simultaneously
predictvisiting time and locationrChen et al[167] proposé a contextaware model
called DeepJMT for jointlypredictingmobility and timewhich consists of a
hierarchical RNN to capture temporal patterns and a spatial context extractor to
extract location semanticAnother strand of research focuses oedicting the next
locationusing semantic trajectpf35, 36, 168] which isa sequence dbcations
labeled withactivities being carried olit69]. For example, Ying et aJ170, 171]
proposed &eographieTemporalActivity -based_ocation Prediction (GT&P),
which takes itb account a ussrgeographic, tengpal, and ativity-triggered
intentions to predict the next locatiorao et al[34] proposed &emanticsEnriched
Recurrent Mode{SERM), whichrelies on an embedding layer to representithe,

location, andactivity coupled with a.STM to predict the nextocation

2.4Discussion

Travel demand &s been studied for decades, involving numerous data, techniques,
and theoriedosteing a vast scientific productiofnom various aspect§ hrough a
comprehensive literature review, several researchegapsgeas follows:

1) Crosssectional modelingAlthoughconsiderable effort has been devoted
to extracting travel demand fromMDLD, little effort has been made to examine
relations among the national MDLEdriven travel demand and its determinants
Although related knowledge hascumulatedising survey datg87, 38] it is still

important to validate the findings using big data simigedatameasursa population
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representativéravel demangwhich may hgb uncover more patterasd provide
moreconvincingevidence compared witxisting knowledge drawn from small
sample [12]. Moreover, introducing advanced methods to revisit the dootede
relations may furtherevealnew patterns which are previously ignored due to
simplified model assumptiorj40]. Another noticeable gap tke lack of extensive
comparisons of differerEML models Most previous studies trained a single model
and explained it via one of two interpretation techniques; however, whether these
interpretation outcomes remain consistent under different modeleatcinés,
interpretation techniques, and model parameters is unclear. Lastly, few studies have
critically considered the effects of outliers, feature dependency, and local
heterogeneity on model interpretation outcomes. Although such effects have been
shownto negligibly affectthe accuracy of most ML modgB5, 172] their impacts

on interpretation are controversjaD5].

2) Population flowforecasting Population flowforecasting haattracted great
interestin recent yearto addresghallengesuch agliverse temporal dynamics
multi-view graph structuregndheterogeneus external effect@\lthough deep
learning methods have achieved promising results in population flow forecasting,
previous studies separately focus on addressing parts of the challenges, while a dearth
of studies comprehensively integrates these adgant®a holistic entity to test its
performance. In addition, external effects are always neglected in previous studies or
simply integrated by FNN without considering the diversity in data dimensions. A
well-designed module that can handle different sypieexternal variables is absent.

Another main limitation of current spatiotemporal modekh&their parameters are

31



globally shareable. The locality is yet to be carefully addressed, which, however, is
important forpopulationflow forecasting consideng their highly overdispersion
and zonespecific patterns. Lasioststudiesforecast thgopulation flowat a
regionallevel or even smaller, aitywide population flowforecasting idimited.
Largescalepopulation flowgraphs requira model with higher efficiency and lower
memoryconsunption, which is not considered by many complex hybrid framesvork
3) Individual trip itineraryforecasting:Most of the current individudkevel
human mobility forecasting focason the nexiocation pediction, whilea few
studies have jointlpredicedthe location and depare time althoughbothare
important for constructing a complet@ itinerary. In addition if deviceshave no
mobility history, it is difficult topredicttheir future locatios, which is known athe
cold start problenf44]. Such a problem should be addressed in particulaawe!
demandnodds sincethere exists a largeumberof synthesizd populationsvhen
extrapolaing from the observedsamplego the whole population. Thesgnthesizd
populationsdo not have higirical travelrecords but also neede modelto generate
thar futureitineraies Third, most studies predittie next locationof devicessolely
based orheir histoiical visits, which limits the modalcapability to predict the visits
to new locationsThis may not be realistjgarticularly in behaviorrealism Last,
imbalanced distribution widely exists individual trip itineraies Some locations are
muchmorepopular than others, resulting in the imbalanced distribution of location
labels.Meanwhile, some activitiesuch astationarystate home,andwork, also
occurmore frequetty than othersresulting in anmbalanced classification isstieat

should be adressed by sampling or modifying lossdtions.
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3 ChaptExrt r3a:cting trMDbileD demand

This section briefly introdusanethods foparsng raw MDLD to distill useful travel
information The pipelineoroadly follows lome&work identification trip

identification mode imputationpopulation weightingandresultvalidation(Figure
3-1). A realworld application is introduced after the pipelj demonstrating the
methodology's feasibility in quantifying largeale human travel patterns in near
reattime frequencylt is noteworthythatthis data processing module is not the main
focus of this dissertation. Insteddde major emphasis is dorecastinghe processed
travel demangHence this sectioris abbreviatecandmore details can be found on

the project websitfl 73, 174]and other related publicatiofé4, 70, 175]

( wmop )
[ Data cl+eaning
i

—{ Home & Work identification
1
[ Trip identification

POI :)— I

)
)
)
( Transport Network (H—{ Mode imlputation }
|
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!

( Traffic detector 07—-[ Result validation

Figure 3-1 Framework of extracting travel demand from MDLD

3.1Raw data cleaning &Data statistics

TheMDLD used in thistudyis the nationwidesightings dat§7, 68], encompassing

triangulatedcoordinates, timestamps, and devicesdzh time anobile devicas
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positioned Somedatacleaning filters are applied tbe raw dataset toandle
irregular observationsncludingremovng pointswith invalid data entriege.g.,
negative vaies for coordinatgsremovng completelyduplicatepoints, deduplicating
points with the samgmestampout different location$or the samealevice and
removingpoints withabnormaloscillations After the data cleaningpmestatistics
regardingguality metricsof thenatioral datasetn 2020arereportedas follows

Table 3-1 Quality metrics statistics of natioral MDLD

Metrics Description Value
Monthly active users| The number of devices with at least saeordin a ~270 million
(MAU) month

Regularly active The number of devices with at least seven days ~68 million
userg(RAU) monthhavingmore than temecords

Temporal Theaverage number of observed days for RAta ~24 days
consistency month

Data frequency The average daily number of records for RAUs ~230
Geographical TheGini coefficientof population coveragfy devices)| 0.4
representativeness | among different counties

Note: The Gini coefficient is a value between 0 and 1, with 0 indicating an equal sampling rate in all

zones and 1 indicating that all RAUs are from one zone.

Overall,thelarge number of MAUs and RAUSs indicates the mobile device
coveredn this dissertabn have areliablerepresentation of the entire populatidie
temporal consistency and the data frequency imply the locatiomckatpdated at a
high frequency, and thesggraphical representativen@sdicatesthatthe dataset is

evenlydistributed across the counties.

3.2Home&Work identification

Similary to previous studiefl7, 71] this studyusesa rulebased method to detect
home and work locatian Theunderlying assumption is tha¢@ple spend most of

their nighttimehoursat homeand some regular daytinm@ursat work.One
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differencebetween this study and previous wdds in the data typd2revious studies
mostly rely on the CDRs which use the dellver as théocationanchor while this
studyusesthe sightings data whiatnly provides continuous coordinate$o
efficiently process the tremendous amountaritinuoudocatiors, this studyutilizes
geohasij176]to aggregate latitudes and longitudes Iotmtionanchos.

Specifically, the home location is identified as levegJeohash zorsgerror:

a 0.076 kn) with thelongest dwell time and mogteiquent visitsrom 09:00 PM to

06:00 AM per day in a montffhe work location is identified as the ARbame level

7 geohash zones with the longest dwell time and most frequent visits during common
work schedules, i.efrom 06:00 AM to 09:00 PM per weekg@ a monthOnly

those withgeohash zondseing visitedat least three workdays half of the total

observed workdayare labelecdsworkers, whereavisit is defined as a stay with at

least a Zhour durationThework locations obthersareleft blank, which maye due

to unemploynent televork, or workng with no fixed workplacesTheidentification
algorithmis run monthly. Parameters am@eterminée based on previous studigs,

64, 71, 175pnd a set of surveys includitise American Time Use Survey (ATUS)
American Community Survey (ACSandLongitudinal EmployeiHousehold

Dynamics (LEHD) OrigirDestination Employmer$tatistics (LODES)

3.3Trip identification

This studyfirst defines the tour abetrajectorybetween two successia¢home
observationsFor eachrajectorypoint within the same tour, ale-basedecursive
algorithm isappliedto identify whetherit is stationary passby (i.e., belongng to the

same trip agls previous point)trip start, or trip endJnlike previous studies that
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only consider time andistancethresholdsthis studyfurtherinvolves a speed

threshold Thetime anddistarcethresholds are used to identify trip enddrip ends

only when the device stayonger tharb minutesandroans within 954 ft (i.e, 300
meters) Thespeedhresholds used to identifyvhether the device stationary For

each point, two types of speed are calculatadhelythe backward speed and

forward speedFigure 3-2). A deviceis stationaryonly when its forward speed 3

mph. Thedetailedrecursive algorithnis reported infable 3-2. Note that the

algorithm may identify a local movement as a trip if the device moves within a stay.

Hence all trips that are shorter than 984 ft are removed.

e

Backward Speed
R

o,

.
Gf-Q,S
)Oe@d
Q© Trip start
Q Trip end %.dd
(O Stationary

QO Pass-by

Stay

Figure 3-2 Illustration of trip identification

Table 3-2 A rule-based recursive algorithm to identify tip s

If 0 is stationary
If forward speed >3 mpl) is atrip start.
Else 0 is stationary.
Else
If backward speed > 3 mph is a pasdy.
Elself backward speed 3 mphand backward distance 984 ft
Compute theumulative duration for atligible points
If cumulativeduration < 5 minutesd is apassby.
Else (A stay is detected)
If forward speed 3 mph 0 is atrip end.
Else 0 is a trip start.
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3.4Mode imputation

Rule-based Air

Location MSL . Vehicle (car
~ 11000 recording interval |  Madel Model and bus)
GF;S- Train Predict
survey Trip features Trip Roster Rail
samples 97.1%
with labels Transportation Acguracy Other (walk,
network features bike..)

Figure 3-3 Methodologicalframework for mode imputation
This studyproposes hierarchicaimode imputation algorithr(Figure 3-3). The air
travel mode is first imputed based on a heuristic rule calibrated baseeAirine
Origin and Destination (DB1BJurvey Then,arandom fores{RF)[95] is trainedto
impute ground travel modeaking into accouninformationfrom boththe MDLD
itself and the multimodal transportation netws[’k0]. The air trips are identified
using thefollowing rules:the origindestinatiorair distanceshouldexceed0 miles
thetravel timeshouldexceed30 minutestheaverage travel speeathouldexceed’5
mph, and the dgin and destination distances to tiearestirport should bender
two miles After air trips ae imputed, a RFis trainedto impute the ground travel
modes for norair trips, includingoy vehicle (car and bus), rail, and other (walk, bike,
and other modeslreatures include

1) Locationrecordinginterval feature, represented by the average nuofbe
pointsper minutewhichindicates the location service usage during a trip.

2) Trip features, including the origidestinatiorgreatcircle distance, network

distance, travel time, average travel speed, and different percentiles of travel speed.
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3) Transportation network featurascludingthe quantiledistancefrom each
pointto its nearest rail and bus lingkedistancerom thetrip origin/destination to its
nearest rail and bustops andthe % pointswithin 165ft of all rail or bus stops.

An RFis trained using over 11,000 sample data with labeled travel mode
informationcollected by GP®ased survey$70]. The Synthetic Minority Over
Sampling Technique (SMOTE) is applied to address the imbalanced sample problem
by synthesizinghe minority class from the existing samp|éS]. The randomized
search approach is used to ftome the modelith 10-fold crossvalidation.Results

show that the RF can achieve 97.1% accuracy for ground travel mode imputation.

3.5Population weighting

Sampledmobiledevicescan neithecover the entire populatiaror all human
movementsTo address these biases, a-stage weighting procedure is designed to
extrapolate trip rosters to national populatrepresetative estimatesFirst, devce-
level weighting is applied to assign a weight to each devimesehome locations
identified The device weight.e, thecountylevel sampling ratas computed by
dividing the county populatioftom theACS by the number of deces residing in

that county The overall sampling rate at the national level is 16 3&6ondirip-

level weightingis proposed to addrestheritedbiasedn estimated tripsicross
differenttravel modestimes of dayand travel distandeands (610, 1825, 2550,
50-75, 75100, 100150, 156300, >300, in miles)Previous studies have documented
thatMDLD vyield higher trip ratesshortertrip distancs, more driving trips, and

fewernonmotorized tripghan travel survey68, 177] Meanwhile,different levels
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of mobile device usage durinignes of the daynayalsoinducetemporal biases
Specifically,trip weightsare calculatedbllowing the rules:

1) Air travel: The T-100DomesticMarketData serves as the ground troth
air travelvolume For each monthyip weight by origin state and distance band are
developed based on thetio ofair travelvolumeestimate from MDLD and T-100.

2) Vehicle travel The 2017 NHTS and the Traffic Volume Trends (TVT)
reportsare usedo assesshe groundruth of vehicletravel The 2017 NHTS provides
thevehicletravelvolume in 2017; howevefor yearsafter2017 the dataarenot
available Hence, TVT reportareusedin calculaing inflation factors taextrapolate
the2017NHTS vehick travelvolume to other year3.hen, br each monthyip
weightsby census division, time of day, and distance lmmedalculatedbased on the
ratio of vehicletravel volumeestimate from MDLD and inflated 2017 NHTS.

3) Rail travel Theweighting process of rail travel imalogougo vehicle
travelexcept using the017 NHTSand theNational Transit Database (NTE)

assesshe groundruth of rail travel volume

3.6 Result alidation

After completingthe previoussteps, thenationaltrip roster, incluthg coordinate and
timestamyg of trip origin and destinatiortrip distance, travel time&ravel mode,
deviceweight, trip weight,anddevice®home and work locatianareobtained The
PA and OD matrices can then be generated byeggging the trip roster into
differentgeographicatoneq174]. To ensure product qualityigorousquality

assurance and quality cont{QAQC) are developelly comparing datariventravel
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measureswith a setof surveys includindNHTS, TVT, NTD, DB1B,andT-100.

Using the year 2020 ascase themain validation results are summarized as foltows

1) Daily trip rate per personFigure3-4 compares the020datadriventrip

rateswith the2017NHTS trip ratesat the census division levéVhile thedata

driventrip ratesare smaller in 2020 compared to 20Which can bexplanedby the

COVID-19 pandemicthe overalkpatialdistribution at the division level is similar

Figure3-5 shows the comparison obtr-of-day andday-of-yeartrip ratepatterns

The hourof-day patternglso showhigh similarity between survey and dataven

productsin addition, asteep fall at the beginning of the COVI® pandemic can be

observedn day-of-year patterngetived fromMDLD.

NextGen NHTS OD Program: Trip per person in 2020 (Diviston level) NHTS: Trip per person in 2017 (Division level)
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Figure 3-4 Comparison of trip rates: MDLD vs. NHTS 2017
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Figure 3-5 Comparison oftrip temporal patterns: MDLD vs. NHTS 2017
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2) Daily vehicle mile travel (VMTper personFigure 3-6 summarizes the
comparison of daily VMT per person using TVT 2020 data at the division level.
Overall, the two datasets match well. Waadrivendaily VMT per person is 23.1

miles, while the TVT is 23.8 miles, with an average absolute deviation of 3.2%.

NextGen NHTS OD Program: VMT per person in 2020 (Division level) TVT: VMT per person in 2020 (Division level)

Figure 3-6 Comparison of VMT per person: MDLD vs. NHTS 2017

3) Air trips: The datadrivenair travel volumeshows high consistency with
T100 data for the four quarters in 20201-Q4 percentage errors are 4.88%, 4.47%,
1.54%, and 2.10%, respectivelshe overall average absolute error is 2.09%.

4) Rail trips: The datadrivenrail trip volumeis closdy in line with NTD rail

trip totals. Tle absolute percentage difference between the two data is 8.16%.

3.7 A real-world application

During the unprecedented coronavirus disease 2019 (CQ9)@hallenge, non
pharmaceutical interventions became a widely adopted strategy to limit physical
movements rad interactions to mitigate virus transmissions. For situational awareness
and decisiorsupport, quickly available yet accurate-bigta analytics about human
mobility and social distancing is invaluable to agencies and degisakers.

Following the aformentioned pipelinehis sectionpresents aealworld
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implementatiorthat ingests terabytes MDLD on a daily basis and quantitatively
assesses the human mobility trend during COY#DUsingMDLD of over 150
million monthly active samples in the UtBjs implementatiorsuccessfully measures
human mobility with three main metrics: daily average nurobéips per persgn

daily average persemiles traveledand daily percentage of residents staying home.
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Figure 3-7 Analytical framework for modeling travel demandduring COVID -19

The proposed biglatadriven analytical framework is illustrated kigure
3-7. A data panel of emergingDLD representing person movements for the entire
USis devebped, incorporating over 20 million anonymous individuals daily (over
150 million monthly) active mobile deviceBhe execution of the analytics on all the
MDLD is conducted via cloud computing and service solution$314dillion data
records are gendead daily, which is impractical to process wathegular computing
setup. Hence, a clotlihsed distributed clusteomputing framework (Spark) built on
EMR (Amazon Elastic MapReduce) is employed to address the computation problem.

Using a cluster with aonfiguration of one ¢5.18xlarge master node and ten
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c5.12xlarge cores nodes, the average computation time of deriving the daily weighted
trip rosters is reduced from 36 h on a local server (192 GB Memory, 28 cores, Intel®
Xeon® CPU EB2697 v3 @ 2.60 GHzptl h on the EMR cluster.

Results and computational algorithms have been validatbd variety of
independent datasets such as NHTS and ACS, anageewed by an external
expert panel in &S Department of Transportation Federal Highway
Administratiocn 6s Ex pl or at ory AdvancMotkovBrghise ar ch
studycompared national mobility trends during COVID calculatedby the
proposednethod and by otheompaniesncluding Apple, Google, and SafeGraph
(Figure 3-8), and found high consistepcValidation results suggettedata sources
and algorithmsised in this studgire convinced to represent the populaterel
mobility trend inthe US.

The applications of the framework are profound. Ingesting over 60 TB of data
and utilizing over 75,000 CPU hours of computation, this framework provides timely
groundtruth information on how people in thé move during the CO\D-19
outbreak. The mobility informatics are analyzed daily at the national, state, and

county levels in th&JS and made available to the general public via the CGIAD

impact analysis platformh{tps://data.covidimd.eduy. The outputs of the models and

analytics can help agencies monitor and improve their policy effectiveness, as well as

enable crosslisciplinary research and collaborations.
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Figure 3-8 National mobility trends during the pandemic(multi -source)

Note: Apple features daily changes in mobility by transport modes including driving, transit, and
walking. Google features daily changes in mobility by categofiptoes such as retail and

recreation, groceries and pharmacies, parks, transit stations, workplaces, and residential. Similarly,
SafeGraph features visitors by categories of places in more detail and provides free access to the
national footprint dataseThese mobility indexes aremputed based on different algorithms and thus
are with different magnitudes. Fiire convenience of comparisatiis studyaverage each data source

into one curve and then normakzsach curve into the range [0, 1].
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4 CheaemtRevi siting travelf acetnoarnsd

MDLD contain populatiofrepresentative, fingrained travel demand information,
facilitating opportunities to validate wedistablished relations between travel demand
and underlying factors fromlag data perspectiv@ his chapterextensively compares
a variety ofEML models and interpretation techniques to comprehensively
understand the relations between-d&jadriven travel demand and related factors.
Models from linear regressions, trbasedestimators, and neural networks are
compared. The census block group (CB&kel population inflow extracted from
MDLD across the contiguous US is used as the proxy of travel demand. Various
exogenous factors are considered, including socioeconomics, dgrhmg, land use,
and CBG attributes. Specifically, three research questions are explored:

1) How do EML models perform in estimating MDHiased travel demand?

2) How should EML models be interpreted and what are the main findings?

3) Dointerpretation outcomes hold consistently across different models,
hyperparameter configurations, and interpretation techniques?

This study is important as it provides critical evidence on relations between
travel demand and underlying factors, which rsdimentary question in the
transportation domain. The firtaned model can serve as an upstream component of
customary travel demand models, with the capacity to complement or replace
statistical models in estimating trip production or attraction. Momre@eéed by
advanced interpretation techniques, this study provides versatile furfctions

visualiang and understandg complex nonlinearities and interactions between travel
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demand and external environments, offering new perspectives for developinrigp hand

tools for urban transportation modelers.

4.1Variable and datadescription

4.1.1Prediction target

In this sectionthe nationalCBG-level number oftrip attractionsdentified from
MDLD wasemployedasthe prediction targetHereit is termedpopulation inflow.It
is noteworthy that the MDLEased population inflow is similar to but not the same
as the trip attraction in conventional festep travel demand models since MDLD
cannot record all movements of the whole population. A particularmiveggprocess
is required to extrapolate samples to the populdiidh Indeed, the MDLEbased
popul ation inflow i s mo[t78]insheurbanplanning o t he
domain. However, since urban vitality is a broader concept that can be measured by
diverse data sourct78] such as transactions, nighttime light, and social media
checkins, this study did not namteas urban vitality for the sake of clarit

Regarding temporal coverage, this study used the monthly total population
inflow during September 2021 as the prediction target. The reasons for choosing
September 2021 are twofold: First, human mobility has almost recovered to-the pre
pandemic level byhen, eliminating the irregular mobility changes triggered by the
pandemid179]. Second, the average temperature for September 2021 in the
contiguous US was 67.8F, which was suitable for travel. Hence, abnormal travel

patterns caused by inclement winter weathere excluded. For spatial coverage, this

study considered CBGs located in the contiguous US, except those with an average
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daily inflow below 1. Eventually, 210,324 CBGs were included, among which
189,292 CBGs were used as the training/validation s€€6)9ith 5fold cross
validation, while 21,032 were set as the testing set (~10%) for model evaluation.
The spatial distribution dhe populationinflow is exhibitedin Figure 4-1. A
pronounced spatial clusteriegn be foungdwhich is plausible considering population
spillover and urban agglomeratiok pronounced spatial clustering can be found,
which is plausible agsidering population spillover and urban agglomeration. To
address the spatial dependence, CBGsb6 coor
included in the factor#nother visible issue is the ovdrspersiordistributionof
CBG-level population inflow(Figure 4-1 (b) andFigure 4-2). Thestatisticsof
populationinflow in Table 4-2 also suggest a great gap betwdemean and

median, as well as a higitardard deviation.

_ Monthly Population Inflow

10—.‘;,:

Probability Density

%3 1075
o I

® <3881.0 2091.0 - 3955.0 ® 7413.0-15795.0
® 881.0-2091.0 3955.0 - 7413.0 ® >15795.0 10! 103 10°
Population Inflow

(@) (b)

Figure 4-1 Spatial distribution of CBG-level population inflow (a) and its log
transformed distribution plot (b)
The overdispersion pattern necessitategatatransformation fopopulation

inflow andother relatedeaturedbefore model buildingSpecifically,a Box-Cox
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transformations appliedto transformthe population inflowanda zscore

normalizationis usedo normalizefeatures

or

G —— (4-1)
pFErﬁE m

o) (4-2)
I TEZE ™

wherewy, is thej!" feature of the CBG; w j, is its normalized valug; is the mean
of thej feature and is the standard deviation of tfigfeature;w is the population
inflow of thei CBG;  is its transformed valug; is the parameter that results in
the best approximation of a normal distributionfy, fi are all estimated only using
training data to avoid data leakage.

Figure 4-2 showsthe transformegopulation inflow whichnow presents a
clearbell-shapedattern Note that th@parameters used mscore normalization and
Box-Coxtransformation did not include data from testing sets to avoid information
leaks. In addition,transformed data were only used when training the model, whose
purpose was to enhance model accuracy and efficiency, as the origindlspersed
data could asily lead to an unsmooth and slow learning process. The transformed

data were rolled back to the original value for better interpretation.
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Figure 4-2 Distribution of CBG -level population inflow before (a) and after (b)

Box-Cox transformation

4.1.2Featureengineering

This sedion followed thetraditionaltravel demand theory to select featuEsjering
CBG-level socioeconomics, demographibsiilt environmentand spatialactors
(Table 4-2). Socioeconomiceinddemaraphicswerefrom 5-year (20152019) ACS.
Partisanship was from the 2020 presidential election result provided by the MIT
election laj180]. Since theravasno nationwideunified dataset with detailed and
up-to-date land use information, this study dis¥Ils as proxies fofand usePOlI
informationwasfrom SafeGraplfil81], a company that provides P@vel foot
traffic across-4.4 millionPOls inthe US.Each POl is labeled withborth
American Industry Classification Siem (NAICS) codéo describe its landsetype
and a foot traffic volume to describe the number of v{Sigble 4-1). To simplify the
featuresthis sectiorranked I typesby their monthly foot traffic and selected the

top 20 typesas the finaPOl featureswhich coveedover $% of the total visitsThe
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summary and statistics tifefeaturesused inthemodel buildingcan be found in

Table 4-2. It is noteworthy that feature dependency does exist in this study,

especially among the total population and the number of different types of POls.

AlthoughML models can handle such a problem when making predictioeg,

should not be neglected when interpreting models as many interpretation techniques

assume independencies among featjg4s105, 182] This study extensively

compares interpretation techniques to examine whether the feature dependency in this

dataset could dtort the outcomes.

Table 4-1 Summary of national POI information

Monthl
NAICS Description foot tra¥fic % PO.I _Count
Code L (Million)
(Million)
72 Accommodation and Food Services 2812.293 30.036 | 1.055
44 Retail Trade 1882.336 20.104 | 1.267
45 Retail Trade 1188.949 12.698 | 0.434
71 Arts, Entertainment, and Recreation 912.664 9.748 | 0.373
62 Health Care and Social Assistance 754.258 8.056 | 1.074
61 Educational Services 669.485 7.150 | 0.197
81 OtherServices (except Public Administration)| 497.159 5.310 | 1.353
52 Finance and Insurance 122.473 1.308 | 0.480
48 Transportation and Warehousing 92.516 0.988 | 0.040
51 Information 91.208 0.974 | 0.093
92 Public Administration 65.957 0.704 | 0.072
53 RealEstate and Rental and Leasing 45.466 0.486 | 0.187
42 Wholesale Trade 39.654 0.424 | 0.057
31 Manufacturing 36.284 0.388 | 0.046
49 Transportation and Warehousing 35.846 0.383 | 0.059
54 Professional, Scientific, and Technical Servic{ 31.214 0.333 | 0.111
0 Unknown 24.732 0.264 | 0.095
56 Administrative and Suppo_rt gnd Wa;te 21098 0.225 | 0.060
Management and Remediation Services

33 Manufacturing 10.439 0.111 | 0.015
23 Construction 9.475 0.101 | 0.020
55 Management of Companies and Enterprises | 7.254 0.077 | 0.009
22 Utilities 7.240 0.077 | 0.009
32 Manufacturing 4.387 0.047 | 0.006
11 Agriculture, Forestry, Fishing@ind Hunting 0.402 0.004 | 0.001
21 Mining, Quarrying, and Oil and Gas Extractiol 0.200 0.002 | 0.000

Table 4-2 Summary of CBG-leveltarget and featuresfor EML models
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| Description | Mean | St.d. | Med.
Prediction Target
Population Monthly total number of trips with
Inflow destinationgo a specificCBG 10057.85| 12681.42| 6426
Features
Demographics
Total Population | Total population, if0* persons 0.151 0.103 0.128
Popu!atlon Population density, ia0* persons/sq. mile | 0.611 1.461 0.255
Density
Urbanized % urbanized areas population 68.398 | 45.222 | 100.000
Population
White % NonHispanic Whites 62.851 31.238 72.279
Hispanic % Hispanics/Latinos 16.236 22.529 6.472
African % African Americans 13.459 |22.838 | 2.956
American
Asian % Asians 4.564 9.485 0.713
Age 1844 % residents aged between 18 and 44 34.825 12.068 33.548
Age 4564 % residents aged between 45 and 64 26.602 8.232 26.574
Age >65 % residents 65 and over 16.991 10.175 15.493
Male % male 49.068 6.313 49.123
Socioeconomics
5 - - - -
High Educated % r¢5|dents with education attainment eq 30.121 20.665 24,940
to/higher than Bachelor
gg;aemployed % the total labor force that is unemployed 5.756 6.169 4.167
Median household income (in 2019
Median Income | Inflation-Adjusted Dollars), in 6.863 3.672 6.125
$10%household
o -
Rent tolncome % householdncqme a tenant will need for 30.860 9261 30.873
the monthlymedian gross rent
1: Central 85.43%); 2: Outlying 6.81%); ) i i
Central 3: Rural 7.76%)
5 . . . -
Democrat % Democrats in 220 presidential candidat 48.118 17.750 48.441
vote totals
5 .
Poverty Iﬁvr:a(l)useholds belowhe national poverty 13.987 12.814 10.448
0, . -
Work at home 0% work-from-home commuters among 4.995 5667 3.540
workers 16 years and over
Built environment
POI Count # POls (from SafeGraph) 31.397 47.847 18.000
Administration | (NAICS 56) # POls ofAdministration 0.167 0.529 0.000
Manufacture (NAICS 31-33) # POIs ofManufacture 0.488 1.363 0.000
Wholesale Tradel (NAICS 42) # POIs olWholesale Trade 0.368 1.081 0.000
Real Estate (NAICS 53) # POlIs ofReal Estate 0.832 2.262 0.000
Public (NAICS 92) # POls ofPublic 0.348 0.970 0.000
Information (NAICS 51) # POls ofinformation 0.399 1.121 0.000
Transportation | (NAICS 48-49) # POls ofTransportation 0.492 1.117 0.000
Finance (NAICS 52) # POls ofFinance 2.145 4.515 1.000
Education (NAICS 61) # POls ofEducation 0.992 1.541 1.000
Health Care (NAICS 62) # POls ofHealth Care 4.281 10.248 1.000
Recreation (NAICS 7) # POls ofRecreation 1.534 2.592 1.000
Retail Trade (NAICS 44-45) # POls ofTransportation 7.132 13.848 3.000
Accommaodation | (NAICS 72)# POls ofAccommodatior& 4.753 9811 2000
&Food Food
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Spatial factors

Area The area of the CBG, 8qg. mile 13.816 99.897 0.525
Longitude The county longitude -91.044 | 15.308 -86.870
Latitude The county latitude 37.920 4.898 38.981
CTFIPS The countyFIPS code - - -
STFIPS Thestate FIPS code - - -

4.2 Explainable machine learning(EML) models
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Figure 4-3 Analytical framework for EML modelscomparison

The main scopef this section is to extensively compare popaiti. modelsfor

travel demanestimation The methodology framework ghavn in Figure 4-3. First,
the target, whiclis the crossectional population inflow extracted from MDLD, in
conjunction with underlying factors,asfed into a range dEML algorithms. These
EML models include linear regressions, ttessed models, and neural networks.
Second, the hyperparametefshese models were tuned to achieve the best
performance. The firjuned models were then interpreted via a set of interpretation
techniques. For linear regressions, feature coefficients were extracted. Hasieee
models, feature importance was congulito represent the feature contribution to the

model prediction. Meanwhile, relation illustration techniques were employed to

52



delineate learned relations among population inflow and underlying factors. Last,
interpretation outcomes were compared amoffgrént interpretation techniques to
choose the best option and compared among models with different hyperparameter
settings to check the interpretation robustness.

A variety of EML modelswerecomparedThe summary of models is outlined
in Table 4-3. In the following section, a brief introduction EBML models and
interpretation techniques is presented. Note that since all these methods-are well
establishe@nd widespread, thishapterdoes not meticulously introduce details but
only provides a rough description. In addition, only one simple neural network is
included since thishapteremphasizeEML, among which linear regressions and
treebased models are the mainstream.

Table 4-3 EML models for crosssectionalpopulation inflow estimation

Model | Description

Linear regression

Linear Ordinary least squares regression.

Lasso Linear regression trained with thednbrm as theegularizer.

Ridge Linear regression trained with thedndrm as the regularizer.
Elastic Net Linear regression trained with combined L1 andna?m regularizer.
Lasso Lars Lasso model fitted with least angle regression.

Neural network

MLP | Multi-layer perceptron regression, aka feedforward FNN.

Tree-based models

Decision Tree Single decision tree.

RF[95] Random Forest, a popular framework for bagging trees.

Extra Trees Similar to RF but has extremely randomized trees.

XGBoost[172] Regularizing gradierttoosting trees.

LightGBM [183] | Fast gratent boosting trees with advanced techniques for computational
enhancement.

CatBoos{184] Unbiased gradieriioosting trees that attempt to solve for categorical featurg

4.2.1 Linear regression
OLS regression aims to find a linear approximation to minimize the residual sum of

squares between the target and the prediction. Other variants of linear regi@ssions
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built based on OLS but include some regularization techniques to avoid overfitting
[185]. Specifically, Lasso regressifiB6] adds the absolute value of coefficients
(L1-norm) as the penalty term in the objective functigg.(4-3)). Ridge regression

[185] adds the squared value of coefficients-fidm) as the penalty term (Eq.

(4-4))). Elastic Net regressidia87] adds bdid L1 and L2norm regularization (Eg.

(4-5))). Lasso Lars regression is a Lasso regression implemented using the least angle
regression (LARS) algorithm, whick morecomputationally efficient for big data

[188]. The objective functions of these variants are shown as follows:

0 n Ao e | mE (4-3)
0 Ir C%/Eé n e | E& (4-4)
0 7 c%ﬁEén Lg | &0k MPTGI/EJ’J/E (4-5)

where= is the matrix of featuregtis the vector of targetsj is the vector of
coefficients] is the weight of the regularizer; is the number of samplés;is the

weight of two regularizers.

4.2.2 Single decision tree
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Figure 4-4 An illustration of a new split in a singledecisiontree
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A single decision tree is a nggrarametric supervised learning method that predicts
the target by learning decision rules inferred from features. Different algottitiwves
been well developed 89] for identifying the optimal split point for each teee (i.e,

the decision rules) that will yield the largest information gain. This study uses the
CART algorithm to build a single decision tree. The decrease of impurity is used to
define the information gain, which can be measured by various critehasube

Gini index for classification, and squared error for regression. Assume & isode

split into two child nodes at poist Then, the decrease of squared error impurity

Y'Od4ti after the splisis computed af94]:

o . €€
Yol o ® (4-6)

wherew andw are the target means in the left and right child nadleande are

the number of samples sent to the left and right child not¥&afi  is the decrease
in squared error as ast of the splis at nodez (seeFigure 4-4 for an illustration),
which is the difference in sample variances before and after the split

Proof: Thesquared error impurity in E@¢4-6) is the same as the difference in sample

variances before and after the split. et € ¢ :

YYOO B ®w ®w B o o B 0 W
o o " o, (4-
W wB ccw 0 w w wB Cw W W € W

7)
E W W E —w E — W — W

Note Somemoddsusedt w € W w asimpurity (e.g, CatBoost

[184]). The proof documenthat they are indeed the same as(E«).
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4.2.3 Tree ensembles: bagging and boosting

The single tree may suffer from limitations such as overfitting and unstable tree
structure, which can be well addressed by the ensemble method. The ensemble
method combines predictions of a set of single trees to improve holistic
generalizability and rolsiness. The ensemble method can be divided into bagging
and boosting190]. In bagging methods, individual trees are built independently.
Prediction outcomes of all single trees are averaged to obtain the final output. In
boosting methods, single trees are built sequentially. The new tree is built upon
previous trees to optiafly reduce the current bias. Assumihggs the set of features,

the formulation of a tree ensemble can be express®das

"0 £ Q L [Q (4-8)

where"O = is the function of the ensemble estimator comiirgingle trees’Q 8
is the additive function of thié" single tree; is the functional space.

Bagging trees can be further distinguished by their ways of involving
randomness. RF is one of the mostydapbagging treef®5]. In RF, two types of
randommss are injected. First, each tree is built from a bootstrap sample drawn from
the training set (sampling by rows). Second, the best split at each node is found from
a random subset of features (sampling by columns). In ExtraTree, randomness goes
one stegdurther in the way splits are computd®1]. Instead of following Eq(4-6)
to find the best split, splits in ExtraTree are generated randomly and the best of these

random splits is selected as the final splitting rule.
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Boosting trees share the same structure asitpgges. The difference arises
from how to update every single tree. Unlike the bagging mettmoch learns all
trees simultaneously, the boosting method modifies the tree according to the last
iteration to place higher weights on samples that are nifbiculd to predict. For
each iteration, a new tré® £ is added to minimize the objective functior
given the previous ensembB@ = . After thet" iteration, the ensemble estimator is
expressed by E@4-9). The new tree, as well as its fhmtder Taylor approximation,

is expressed by E-10):

o+ 0 £ —QLh-v mip (4-9)
A 1 0lRo+L

" L " 2 L O 4-10

Q A O ¢ ib Effo ngglff_LlT—,&.— (4-10)

where= is the matrix of featurestis the vector of target30 8 is the function of

the ensemble containirigingle trees:is the learning rate to prevent overfitting.
Since the last term in E-10) is the partial derivative of the objective function, the
update of a new tree at each iteration can be viewed as the gradient descent in the
functional space. Hence, boosting ensemble decision trees showrn(4r1Byis also

termed gradient boosting decision trees (GBDT).

4.2.4 Advanced boosting trees

The boosting methods are believed to have higher accuracy since the model
automatically adjusts new trees based on previous res{du&ls However, due to

the sequence learning structure, the training process of boosting trees is difficult to
parallelize. Meanwhile, the overfittingsue still exists due to the nature of decision

trees. Hence, a range of variants has been proposed based on the boosting tree to

57



enhance the model efficiency and generalizability, among which XGBoost,
LightGBM, and CatBoost are the most prevalent.

XGBot[172]: XGBoost is a regalrizing gradient boosting framework for
ensemble trees. One significaalvantagef XGBoost is that it includes a regularizer
in the objective function to constrain the tree complexity and prevent overfitting
[172]. Other salient techniques in XGBoost include parallelized treeitgild
hardware optimization, tree pruning using a levwede (deptHfirst) approach, and
efficient optimal split finding via a histograbased algorithm. Specifically, a major
reason for the lower efficiency of traditional GBDT lies in its tom®suming
process of enumerating all the possible splits for continuous features to find the
optimal split. In XGBoost, a histograbased algorithm, named weighted quantile
sketch, is proposed by mapping continuous features into buckets.

LightGBM[183]: A similar histograrbased algorithm is used by LightGBM
for optimal split searching. In addition, LightGBM further enhances computational
efficiency by utilizing two novel techniques called gradibased oneide sampling
(GOSS) and exclusive feature hiling (EFB)[183]. With GOSS, LightGBM
exdudes a large fraction of samples with small gradients and only uses the rest to
train the tree. With EFB, LightGBM bundles mutually exclusive features to reduce
the feature size. Meanwhile, sufficient efforts have been made by LightGBM in
distributed leamingto speed up the model learning process. To improve model
accuracy, LightGBM grows a tree leafse (besffirst) instead of levelise. Since

the leafwise strategy chooses the best split based on its contribution to the global loss
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instead of the loddoss along a particular branch, it often learns leereor trees
faster than the levalise strategy, particularly in large datadé®&3].

CatBoos{184]: Traditional GBDT represents categorical features with one
hot encoding, which is infeasible for higlrdinality features. CatBoost is hence
proposed wittanemphasis on handling categorical featie€gl]. In CatBoost, an
ordered target statistic strategy is introduced to convert categories to their target
statistics, which is defined as the expected targlkete conditioned by the category.

In addition, CatBoost improves the model accuracy by introducing an ordered
boosting algorithm to address the prediction shift caused by target leakage present in
the current GBDT184]. Note that to be compatible with different interpretation
techniques, this study does not apply the strategy in CatBoost to handle categorical
features. Instead, a categorical feature is still represented wihodm@acoding,

which is acceptable since there is no higindinality feature in this study.

4 3| nterpretation approaches

In this study, linear regressions are simply explained by theiriceeffs. Treebased
models are interpreted by feature importance and relation illustration. Each of them
includes a set of different techniques. The main attributes of these adopted
interpretation techniques are summarizedable 4-4, with detailed descriptions
reported in the following sections.

Table 4-4 Summary of interpretation techniques

Interpretation Model-. Allow feature | Computational
Global/Local | agnostic/
approaches .. | dependency? | load
modetspecific
Feature importance
!mpurltyfeature Global Modelspecific | Y Low
importance
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fPermuta_mon (shuffle) Global Modelagnostic| N Median

eature importance

Permuta}non (SHAP) Global Modelagnostic| N High

feature importance

Relation illustration

PDP Global Modelagnostic| N Median

ALE Global Modelagnostic| Y Median

SHAP Global&Local | Modelagnostic| N High
Median(Boosting

TreeSHAP Global&Local | Modelspecific | Y trees); High
(others)

4.3.1 Feature importance

Feature importance measures how much importance the model attaches to a specific
feature when predicting the target. Two main methods have been developed to
measure the feature importance in4b@eed models, including impurity importance

and permutation importance. Impurity importance is defined as the impurity decrease
that a feature brings to the node where the feature serves as the split point, weighted
by the probability of samples reachingtthade, and averaged over all trees of the
ensemble. In an ensemble contairhgingle trees, the impurity importance of

featurew is defined a$94, 12]:

. P
)i -

pQ QY (4-11)

N

wherez denotes the® nonterminal node of the tree ; 'Qis the identifier of the
feature used for splitting nodep 8 is the indicator functiorg is the number of
samples reaching nodeN is the total number of sample§Qi represents the
impurity decrease after splitting at tHénode by the spiis, which is measured by
Eq. (4-11) (seeFigure 4-4 for an illustration).

Since the impurity decrease is the same as the informationtigain

importance calculated by EGl-11)i s al so named [fv%H4a83n | mport ar
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193]. Some other methods ignore the gain in(#eL1) by directly defining feature
i mportance as the number of times a featur
i mportanceo in XGBoost and the ASplit i mpo
focused on the Gain iIimportance, as it is m
contribution to the model

Unlike the builtin impurity importance, permutation importance is a post hoc
modetagnostic interpretation technique that measures the impertanthe decrease
in model accuracy or, equivalently, the increase in model loss, when the link between
the feature and the target is broken. There are many ways to break the link, such as
randomly shuffling the feature, entirely removing the feafL@d], and treating
feature combinations as coalitions in game theory §1¢AP)[193]. Using tte

shuffling method as an example, the permutation importance of the feaisire
0AD % o oL i § oL (4-12)

where'Yis the number of times the featubeis shuffled (10 in this study)Q8 is the

ensemble function trained by the original featurelset h s thecorrupted version
of thefeature set where tHeature® is shuffledr" times; 0 8 is the loss function.

Both permutation importance and impurity importance suffer from some
flaws. For example, impurity importance favors higirdinality categorical features,
which, fortunately, is not a concern in this study since there is nechaigimality
feature included. As for permutation importance, it is computationally expensive for
large datasets because there are several repeats of shuffling and predicting for each
feature (sedable 4-6 for computation time). In addition, permutation importance
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can result in misleading conclusions when features are highly corrgl8@dThis
study is intended to compare both types of importance in order to explore their

differences in interpreting the same model.

4.3.2Patrtial dependence plot (PDP) and Accumulated Local Effect (ALE)

PDP is a post hoc modagnostic interpretation technique that shows the dependence
between the target and the feature, marginalizing the effects of other features. For a

training set includig N samples, the partial dependence ofjthieature i§94]:

[ » Q@ O»hE eg O Rk (4-13

where’O8 is the approximation function of the estimaterijs the vector of the grid

~,

value of thg" feature l.e.» | Efe H Efe 1BH Ele

=L

OBH A@® ,wheretis the step size),% is the complement subset ®f
PDP assumes that the featwres independent of all features=hf) , Which
would lead to unrealistic combinations betwoerand% if they were dependent.

One solution is to calculate ALE based on conditional expectgt&#j:

Cd P g Rl ; 0a By (4-14)

m-

[« [ a [ a (4-15

where» is the vector of the grid value of tfiefeature andr is itsk"value;0 is

the size of the vector; € is the number of samples located between and
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& ;£ isthe complement subsetef[ & s the uncentered ALE of thé

feature and & s the corresponding centered ALE. The value of thex

can be interpreted as the effect of the feature at a certain value on the prediction

compared to the corresponding average prediction.

4.3.3 SHapley Additive exPlanations (SHAP)

Both PDP andALE belong to global interpretation techniques. One main limitation of
global techniques is that they may hide heterogeneous effects since only average
effects are computed. Also, outliers may significantly twist the curve shape and create
unintentionallymisleading interpretatior{205]. One possible solution is to use local
interpretation methods such as the SHAP. SHAP is a local ragdeistic
interpretation method that connectsdbinterpretations with Shapley valuea
value from coalitional game theoiryunder a solid theoretical foundatifi09]. With
SHAP, global and local interpretations are unified since local Shapley values are the
A at omi af globahinterpyetationgl94]. Meanwhile, SHAP contributes to a new
permutatiorbased way to measure feature importanee SHAP importanc¢l193].

The Shapley value of th¥ feature is its contribution to the prediction

compared to the average, weighted and summed across all feature combinations:

o P L P .
- e, s 0 0 (4-16)

v oLt . aot (417

where=is the whole set of features afjds one of its subsets without (i.e, the

coalition); sks p " glls denotes the number of combinations for choogjfsg
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features from the feature set witheut 0 - is the prediction based on the feature
subset| marginalizing over features that are not included id|sét{* Q 0
denotes how much th# feature contributes to the prediction after joining the
coalition-; "O8 is the approximation function of the estimator.

Example If = o he he hQ ofthen] P &= "he he hehe %
- Le LN -Vefe L e -Uehe L e

Dehehe 0ehe

Shapley value is a samplgse measure, which means for each CBG, there

exists a set of Shapley valg;, 5 ; describing how much each feature contributes to

its prediction compared with the averagéer computing all individual Shapley
values, the global SHAP importance of jfideature is obtained by averaging the

absolute Shapley values across all samples(¢EDR)).

3(!®

=|

SIS (4-18)

Another pronounced advantage of SHAP lies in its-gefligned algorithm to
specify interaction effects. The interaction effect of two featuremde (Q 1)

can be expressed by Hg-19). Meanwhile, the SHAP interaction plot of tfie

feature can be easily achieved by plotting the set of poiais F%oﬁ

Bes 4 iﬁg of- @ o @ of i 0 (4-19)
¢sts p

where the notations are the same as thosesn(&46) and(4-17).

Yop,

Although SHAP has become a prevalent interpretation technique in recent

years, one of its main limitations is the high computational cost. To this end,
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TreeSHAP, a fast, trespecific variant of SHAP, was propodd®3]. TreeSHAP can
redue the computational complexity froomo D to0 v D IO , wherev is
#treesD is the maximatt leavespis # features, an@® is the maximal depth of trees.
Moreover, TreeSHAP defines the8 in Eq.(4-17) using conditional instead of

marginal expectation, which helps address the feature dependency issue in
permutatiorbased methods. In this study, most of the boosting trees were interpreted
via TreeSHAP. However, since bagging trees tend to be very deemrtiputational

load of interpreting bagging trees was still heavy, even using TreeSHWR.only

boosting trees were interpreted via the SHAP method in this study.

4 AExperiment setting

Since ML models arsensitiveto their hyperparameters, this studypés all ML

models within the same budgets (i%0 trials) to find their best configurations. It
would be extremely timeonsuming if the grid search method is employed. To
enhance the tuning efficiency, hyperparameter optimization is conducted viarando
search using the successive halving algorithm (SH99]. SHA is a nulti-armed

bandit algorithm to identify the best one among multiple taal$ perform principled
early stopping on those lepsomising ones. The key advantage of SHA is that it does
not need to evaluatetaal until it completes all epochs. The lessmisingtrials can

be identified early and stopped after partially running. Then more computational
resources can be allocated to the promigilads. An example of a hyperparameter
tuning process is illustrated gure 4-5 and the best parameters are listedable

4-5. In general, SHAegins with alkrialsin the baseung andoopsas follows:

1) Allocateabudgeti (e.g, one epochjo a set ofrialsin a given rung.
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2) Evaluate the performanad all trials using the validation set after using up
allocated budget Promote the tope — 7- of trials to the next rug, where- is the
reduction rate ané is the number offials.

3) Increasehe budget petesttoi —  for the next rung and repeat urdilly
onetrial remains wherei is theminimumearly-stopping rate

The mean absolute memtage error (MAPE) is used as the loss function.
Other widely used metrics including mean absolute error (MAE), root mean square
error (RMSE), and Rare used to evaluate model performance on the testing dataset.
All models are tuned with-fold crossvalidation. Several callbacks are applied to
monitor and adjust the model during the training procedure. The learning rate is
reduced by a factor of 10 when the validation loss does not improve for specific

iterations. Early stopping is used to determinedihgmal number of iterations.
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Figure 4-5 Contour plot of hyperparameter tuning for LightGBM

Table 4-5 Hyperparameters tuning and bestconfigurations for EML models

Model ;)g?srparam Description Range Best
n_estimators | # boosting iterations (trees) 10071 500, step: 50 | 400
learning_rate | Shrinkage rate 0.017 0.1, step: 0.01] 0.05
lambda_|1 L1 regularization 1077 10, step: log | 1.23
lambda_|2 L2 regularization 1077 10, step:log | 7.79
max_depth The maximum depth of atree | 51 100, step: 5 65

. num_leaves | The maximun¥ leaves imtree | 327 512, step: 32 512

LightGBM : — —
min_sum_hesy The minimal sunhessian in one| ..
= 07 100 57
ian_in_leaf leaf
feature_fractio| % features to use on each .

) : . ; 071 0.50
n iteration (without resampling)
0,
subsample .A) samples_to use on each 0V 1 0.95
iteration (without resampling)
n_estimators | # boosting iterations (trees) 1007 500, step: 50 | 450
— -
lambda L2 .regularlzanon term on 1071 10, step: log ?'16 10
weights
L1 regularization term on 7 . 4.36*10
alpha weights 10771 10, step: log 4

XGBoost max_depth The maximum depth of atree | 171 15 11
learning rate | Shrinkage rate 0.017 0.1, step: 0.01] 0.05
subsample % samples to use amiteration | 07 1 0.87
min_child_we | The minimum sum hessian in a ..

) : 07 10 3
ight child
colsample_by | % features to use for each tree,| ..

071 0.70
* each level, and each node
n_estimators | # boosting iterations (trees) 1007 2000, step: 100 1200
max_depth The maximum depth of atree | 47 12 11

CatBoost | colsample_byl| % features to use at each split | ..

: 0oir1 0.10
evel selection
learning_rate | Shrinkage rate 0.017 0.1, step: 0.01] 0.07
n_estimators | #trees 5071 300, step: 50 300
max_depth The maximum depth of a tree | 107 300, step: 10 25
min_samples_| The minimunm# samples . .

RF leaf required to be at a leaf node 17 20, step: 3 !
min_samples_| The minimum# samples .

. . . ! 271 10 3
split required to split an internal nod
n_estimators | #trees 5071 300, step: 50 250
max_depth The maximum depth of a tree | 107 300, step: 10 150

ExtraTree min_samples_| The _m|n|mum# samples 17 20, step: 3 4
leaf required to be at a leaf node
min_samples_| The minimum# samples .

. . . ! 271 10 3
split required to split an internal nod
max_depth Maximum depth of a tree 17 30, step: 2 17
min_samples_| The minimum# samples . .

DT leaf required to be at a leaf node 11 20, step: 2 19
m|r_1_samples_ The mmlmum#_ sam_ples 17 20, step: 2 10
split required to split an internal nod

MLP max_iter # iterations 507 1000, step: 50 | 450

67




7.18*10

alpha L1 regularization 1077 103, step: log | 5
(200,), (150,), (100,),
hidden_layer_| The# neurons in each hidden | (50,), (200, 150), (200,)
sizes layer (150, 100), (100, 50). '
(150, 100, 50)
Lasso alpha L1 regularization 1077 10, step: log 0.13
Ridge alpha L1 regularization 1077 10, step: log 0.004
Elastic Net| alpha L1 regularization 1077 10, step: log 0.24
*
Lasso Lars| alpha L1 regularization 1077 10, step: log ?.30 10

Models are implemented in the Python environment and are run in an AWS
server (CPU: Intel(R) Xeon(R) Platinum 8259CL CPU @ 2.50GHz; Processors: 16;

Memory: 128 GB; GPU acceleration: unsupported). Linear regressions, the single

tree, bagging trees, and theural network are trained using packages including

scikit-learn[196] andPyCaret[197]. Boosting trees are trained using packages

includinglightgbm catboost andxgboost Parameters are tuned via the package

optuna[198]. For interpretation, PDPs are generated via the padaigelearn.

SHAP is computed viahap[109]. ALE is plotted vigAlibi [199].

Table 4-6 Computational efficienciesof interpretation techniques

Model Interpretation techniques Time (s)
CatBoost 18.951
XGBoost 54.563
LightGBM 54.174
ExtraTree SHAP Failed (>1 day)
RF Failed (>1 day)
DT Failed (>1 day)
CatBoost 36.501
XGBoost 79.638
Ié'ft?;??e'\g Permutation importance (shuffling) ;122%3

RF 795.895

DT 16.386
CatBoost 0.100
XGBoost 0.142
LightGBM Impurity importance 0.023
ExtraTree 0.472

RF 0.676

DT 0.027
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CatBoost 236.280
XGBoost 101.335
LightGBM PDP 212.365
ExtraTree 1348.892
RF 177.928
DT 14.853
CatBoost 823.686
XGBoost 1661.271
LightGBM ALE 797.541
ExtraTree 1265.179
RF 1223.451
DT 786.296

4 5Predictiveperformance

4.5.1 Performance across models

Table 4-7 shows the performance of all vanilla mod€ls., nontuned models)

Under the default setting, @adost exhibited the best performance among all models,
yielding a 2.220% to 4.750% improvemnt inthefour metrics compared with the

next besmode]| i.e, XGBoost, and a 27.040% to 49.640% improvement compared
with the OLS regressiorDistincttierscan be noticedh the performance oi2

models. Three boostirigees belonged to the first tigAPE: 33.710%- 36.190%),
followed bybaggingtrees(MAPE: 38.100%-38.470%). The sngle tree belonged to
the third tier buits performanceharply plummetedompared with the first two tiers
(MAPE: 52.190%)The reural network performed worse undiee default setting
(MAPE: 52.330%) while linear regressionsadthe poorest performan¢MAPE:
57.690%- 74.820%. Note that under default settings, some advanced linear
regressions performexyenworse than OLS regressioresg, the Elastic Net
regres®n. The poor performance reveals a high sensitivity of machine learning
modelsin hyperparameter Last, Table4-7 also repoudthe training time of &ch

model. Linear regressiongereexecuted fastest, followed by boosting trees, bagging
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trees, andhe neural networkOnenotable modelvasLightGBM, whichexhibiteda

training speed close to linear regression but maiatk much higher accuracy.

Table 4-7 EML m odel performance comparison (vanilla)

Model MAPE (%) | MAE RMSE R2 Time (s)
CatBoost | 33.710 2839.907 6051.856 0.778 0.100
35.240 2981.669 6278.167 0.761
XGBoost (4.340%) (4.750%) (3.600%) 2.22002) 0.142

. 36.190 2990.022 6345.502 0.756
LIghtGBM | 6 8500%) (5.020%) (4.630%) 2.91002) 0.023
38.100 3083.360 6601.220 0.736
ExtraTrees | 11 5200 (7.900%) (8.320%) 5.72002) 0.472
F 38.470 3145.416 6711.353 0.727 ¢ 0,676
(12.370%) (9.710%) (9.830%) 7.030%) :
Decision 52.190 4548.452 9868.702 0.400 ¢ 0.027
Tree (35.410%) (37.560%) (38.680%) 94.650%) | -
MLP 52.330 3687.320 7015.183 0.699 ¢ 5 447
(35.580%) (22.980%) (13.730%) 11.290%) | >
Lasso Lars | 57:690 4176.725 8245.457 0.587 ¢ 0.002
(41.570%) (32.010%) (26.600%) 32.520%) | -
Lasso 63.850 4241.997 7884.684 0.622 ¢ 0.050
(47.200%) (33.050%) (23.250%) 25.060%) | -
Ridge 64.100 4248.953 7884.151 0.622 ¢ 0.010
(47.410%) (33.160%) (23.240%) 25.040%) | -
Linear 66.940 4462.324 8295.291 0.581 ¢ 0.013
(49.640%) (36.360%) (27.040%) 33.840%) | -
) 74.820 4991.004 9423714 0.459
Elastic Net | 54 95000) | (43.100%) (35.780%) 69.610(%) 0.029

Note: Percentages in brackets are the increase in metrics versus the besthmaodadél in the first

row). Rows are sorted in ascending order based on MAPEetrics are ompued on the testing set.

Table 4-8 shows the performance tifie-tunedmodels,andFigure 4-6 shows
the predictiorversusobservation plot. Compared with vanilla modealsignificant
improvementin the performance of firuned modelgan be observedightGBM
now outperformed all models but wittloseperformance to CatBoost.
outperformed th@eural networlby 3.380%- 8.140% ,bagging treeby 8.240%-
16.150%thesingle tredoy 22.430%- 26.100%, andinear regressionisy 24.770%-
59.340%. Tl ranking among different modellso variedFor examplethe

performance ofhe neural networkvasgreatly enhanced after hyperparameter tuning
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and became the second tigeldinga MAPE of 29.632%. The training timeow

including the time omodel tuing, documented thahe neural network required the

longest time tdrain, while linear regressionsereexecutedhefastest. LightGBM,

again, performedalientlyin both efficiency anéccuracy

Table 4-8 EML m odel performance comparison (finetuned)

Model MAPE (%) | MAE RMSE R2 Time (s)
LightGBM | 27.220 2618.580 6036.795 0.775 52.196
27.037 2612.934 ¢ 5993.186 { 0.779
CatBoost | 1 060%) 0.220%) 0.730%) (0.480%) | 126-569
57.418 2632.713 6092.767 0.772 ¢
XGBoost |4 72006) (0.540%) (0.920%) 0.480%) | 095694
29.632 2084.265 6375.118 0.750 ¢
MLP (8.140%) (12.250%) (5.310%) 3.38000) | 4°°0-786
29.666 2905.229 7199.347 0.681 ¢
BxtraTrees | g 5400) (9.870%) (16.150%) 13.830%) | 113962
30.362 2931.704 6997.812 0.699 ¢
RF (10.350%) | (10.680%) (13.730%) 10.060%) | 298988
Decision | 36.835 3486.975 7782.284 0627( | 15088

Tree (26.100%) | (24.900%) (22.430%) 23.500%) | &

| ocoo Lare | 57638 4220.682 8483.213 0557( |1 o0
(52.770%) | (37.960%) (28.840%) 30.160%) |

. 61.810 4174502 8153.295 0.591 ¢

Elastic Net | 2o 96006) | (37.270%) (25.960%) 31.200%) | 142895

Leeo 62.610 4201.375 8051.468 0601( | g 500
(56.520%) | (37.670%) (25.020%) 28.980%) | 8"

~idoe 63.508 4220.267 8024.762 0604( | ;g

g (57.140%) | (37.950%) (24.770%) 28.420%) | %"

. 66.940 4462.324 8295.291 0581( | o010

(59.340%) | (41.320%) (27.230%) 33.360%) |

Note: Percentages in brackets are the increase in metrics versus the beshmodeld] in the first

row). Rows are sorted in ascending order based on MAPHetrics are calculated on the testing set.
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Figure 4-6 Prediction vs. Observation Plotacross EML models

Note:Each spot represntsoneCBG in the testing seThered dashed linbasaslope of 1.The Hue

line is the linear fit of prediction vs. observation, with 95% CI showing in uffer

4.5.2 Performance acros4DLD sampling rate

It is noteworthy that the predictidarget in this study is not the ground truth, but a
proxy measured by the MDLD collected from observed samples. Hence, the gap
between the ground truth and the proxy may vary across CBGs with different
sampling rates (i.e., the number of observed mobie&ds divided by the CBG total
population). A much lower sampling rate indicates the proxy is not population
representative, while a much higher sampling rate is more likely due to the tiny
population size of the CBG or some irregular observations. Clgebknw model
performance varies across sampling rates provides insight into the spatial fairness of

MDLD, as well as whether the residual should be sourced to the model or the data.
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Figure 4-7 (a) showshow the performance of the best model, i.e., the fine
tuned LightGBM, varies across sampling rates. As shown, population inflow of CBGs
with much lower or higher sampling rates (i.e., Quantiles 1 and 15) were harder to
predict in terms of MAPE, which is plausible since the travel demand of these CBGs
was more likely to be imprecisely measured due to biased sampling. MAE, on the
other hand, presented a monotonically increasing relation with the sampling rate. It is
also exfainable since MAE is an absolute performance metric. CBGs with higher
sampling rates were more likely to have larger populations, corresponding to a larger
prediction target. Such an explanation can be further affirmédgoye 4-1 (b).

Another visible pattern ikigure 4-7 (b) is the model fairness iss[#00]. The model
tended to underestimate CBGs with lower sampling rates (blue lines) and
overestimate CBGs with higher sampling rates (red lines). These estimati@) erro
however, may be patrtially attributed to the measurement biases, since MDLD also
tended to underestimate the travel demand of CBGs with lower sampling rates and

overestimate others with higher sampling rates.
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Figure 4-7 Model performance (a) and Prediction vs. Observation Plot (b) across

different sampling rates
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Note: Sampling rates are split into 15 bins by quantiles. Outliers, which are defined as those exceeding
the 1.5*interquartile range (IQR), arremoved. The black dashed line in panel (b) has a slope of 1,

while the other lines are the linear fits of prediction vs. observation, buffered by 95% Cls.

4.6 Feature importance

4.6.1Feature importancef treebased models
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Figure 4-8 Impurity importance of tree -based models

Note: Importance is normalized tel00%. Only the top 10 features (ranked by LightGBM Gain
| mportance) are plotted. Ot hemberfingarénthegsessntizer e gr oupec

right side of each bar denotes the rank.

The impurity importance, which measures the importance by the total information
gain brought by the feature, is presenteBigure 4-8. As shown, the most important

features broadly stayed consistent across differenbased models. POI count, total
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population, CBG area, asttaccommodations and food stores were the rioost

important features in most models. However, the ranks of the less important features
varied significantly across models. For example, the longitude of CBG rafiked 5
CatBoost, XGBoost, LightGBM, and DT, but ranked"155 ExtraTree and ranked"8

in RF. Meanwhile, the feature importance of some models was more similar to each
other compared to others. Specifically, XGBoost, LightGBM, RF, and DT presented a
highly similar distribution regarding their feature importance, while nuances emerged
when conparing them with CatBoost and ExtraTree. For example, the CBG area
instead of the POI count ranked first in CatBoost, while its rank changédro 6
ExtraTree. Another takeaway message is that the distribution of feature importance
was highly uneven. Thiep 10 features among the total 84 features (36 continuous
features + 48 dummy variables) accounted for most of the total importance (89.5% in
LightGBM, 88.3% in XGBoost, 82.1% in CatBoost, 80.8% in DT, 79.1% in RF, and
61.6% in ExtraTree), indicating arje fraction of features failed to provide sufficient
knowledge for predicting the target.

The permutation importance is measured by the decrease in model accuracy
when the link between the feature and the target is broken. Two types of permutation
importance, including the shuffling method and the SHAP method, were reported
(Figure 4-9). By comparing the two methods, one finding was that SHAP importance
was more cosistent across models and more evenly distributed across features. For
example, compared with the shuffling method, the weight of inconsequential features
(i . e., Rdoth® sighiicantlynncreased when using the SHAP method

(20.1%A 27.6% for XGBoost and 10.3% 17.9% for LightGBM).
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Figure 4-9 Permutation importance of treebased models (Shuffling vs. SHAP)

Note: Due to the high computational cost of estimating SHAP importance fdrausting treeshe
SHAP importance is only computed for three boosting trees.

Permutation importance was argbos to impurity importancd-{gure 4-8)
in many ways. For example, the permutation importance was highly similar for
XGBoost, LightGBM, RF, and DT but relatively diffent from CatBoost and
ExtraTree; the distribution of permutation importance was highly uneven; the top four
important features wer@milar between permutation and impurity importance.
However, several differences can also be observed. The most dstizgjei
difference wasn the most important features estimated by the two methods: POI
count was ranked first in impurity importance while the first changed to CBG area in
permutation importance. The main reason may be that the permutation importance

was ensitive to feature dependency. In this study, POI count, total populatiofi, and
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accommodations and food stores were highly correlated. Such a dependency
indicated that losing one of them would not sharply decrease the model accuracy
since other correlatefeatures can serve as a substitute. Hence, the CBG area, which

was not highly correlated with other features, became the most important feature.

4.6.2 Comparison with regression coefficients

Figure 4-10reports standardized coefficients of linear regressions. Coefficients of
different linear models were similar in both magnitudes and signs. Most of the top 10
features were positively relatéal population inflow, except for tié Democrats and

the latitude of CBG. Compared with the feature importance otiased models

(Figure 4-8 andFigure 4-9), some differences can be found. First, total population
and# accommodations and food stores showed the strongest relation with population
inflow in linear regressions, wleithe POI count, which was ranked as most

important by impurity importance in treébecame less important. One explanation is
that the positive correlations among total populatbomccommodations and food

stores, and POI counnhduced the multicollinarity issue in linear regressions, which
obscuredheeffects of POI count on population inflow. Second, some features such
as CBG area and longitude of CBG, which were ranked fairly high i) tnege even
regressed out of the top 10 in linear regressidhe reason may be that their

relations with population inflow were essentially nonlindagyre 4-13). Hence,

only models that can well capture nonlinear relations would assign high importance to

features like CBG area and coordinate.
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Figure 4-10 Standardized coefficientsof linear regressions

Note: Standardized coefficients mean features used to fit the linear regressiersaserormalized

to eliminate the effects of scales.

4.6.3Robustness check of feature importance

Therobustness check was achieved by exploring whether feature importance varied
across the same model with different parameter configurations. For brevity, only the
best model, i.ethe LightGBM, was checked. This study first examined the relation
between fature importance and model performance. To this end, the feature
importance of all trials of LightGBM during the hyperparameter tuning process was
extracted and plotted using the MAPE as thexis (Figure 4-11). As shown, the

tuning process quickly decreased the MAPE to a low level within 10 trials, and most

of the other trialgFigure 4-11 (b)) brought little improvement to model performance.
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Interestingly, even a model with the poorest performance, for example, with a MAPE
of ~ 50%, can still accurately identify the most important features such as POI count,
total population, ai and# accommodations and food stores. In additiigure

4-11illustrates the convergence in feature importance as the MAPE approached the

optimum, indicating higlobustness of feature importance in fineed tees
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Figure 4-11 Evolution of impurity importance varying across different MAPE

Note:Importance is normalized te10D0%. Only the top 10Bnportant features in LightGBM are

plotted. Other features ar e -<nviewopparkl (g vefint her so.

trials with MAPE from 27.2% to 27.9%.

AlthoughFigure 4-11 provided some evidencé the overall robustness of
feature importance, it remained unclear to what extent each hyperpareouster
influence the feature importance. Hence, this study further conducted sensitivity
analyses on the relation between feature importance and each hyperparameter. For
each panel ifrigure 4-12, the hyperparameter in theaxis was changed in grids,
while the remaining hyperparameters were held constant as their best values (see the
detailed description of all hyperparameter3 able 4-5). The $x most important

hyperparameters were tested, includigees, the feature sampling rate, the
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minimum leaf weight, the maximum tree depth, the learning rate, and the ma%imum

leaves. Learning curves were also depicted to prevent drawing findings from

overfitting models, sch as models with learning rates exceeding 0.25.
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Figure 4-12 Sensitivity analysis of impurity importance

Note: The left yaxis shows the relative feature importance. The rigdntig shows the mod8IAPE.

the t 10 features in plotted.

Oon | Light GBM ar e

y op

Two takeaway messages can be concluded Figuore 4-12. First, feature

importance tended to distribute more evenly as the tree ensemble grew more

compl ex. For example, the importance of f

steadily increased with the increasét trees, the depth of trees, athtkaves in trees,

while the importance of the most important features overall decreased. The model's
focus transitioning from top features to others indicates that the model was learning
deeper patterns and more comprehensive relations by utilizing more features. Second,

most d the hyperparameters did not show pronounced effects on feature importance,
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except for the feature sampling rate, whicPkoifeatures to use on each iteration. A
low feature sampling rate may lead to an unstable distribution of feature importance.

Hencea high feature sampling rate is suggested when interpretation is required.

4.7 Nonlinear relations

4.7.1 Global nonlinear relations: PDP and ALE
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Figure 4-13 PDPs of the top 20 important features

Feature importance only measures the overall influence of a feature but cannot
illustrate detailed relations. PDP, on the other hand, can visualize the global marginal
effect a feature has on the predictibigure 4-13 shows the PDPs of the top 20
important features (measured by impurity importandeigire 4-8) extracted from

the finetuned LightGBM. For brevity, only the best model is reported here. The main

findings are summarized as follows:
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1) CBG area, POI count, total populatiraccommodations and food stores,
# education serviceg,retail trades, % residents aged44 % urbanized
populations, % Whites, and median household income all presented positive relations
with population inflow, although most of their trends were not strictly monotonic but
thresholded. Specifically, most them presented positive relations during certain
intervals but remained stable in other ranges. For exafipiesidents aged 184
only presented a positive relation when it exceeded 30%fhites only presented a
positive relation between 15% and 70%e median household income only
presented a positive relation between 4 and 10%$d0sehold). Another interesting
pattern was that POl coustaccommodations and food storggducation services,
and# retall trades all exhibited some intermediate stagnatiojusnps before
reaching the plateau. These odd perturbations were very likely caused by feature
dependency since similar patterns were also documented in previous studies when
using PDP to delinga correlated featurg$05].

2) Latitude, % Democrats, % highgducated residents, étderly, % African
Americans# manufacturing POIls, and % telecommuters all presented negative
relations with population inflow. Similarly, such relations were not strictly
monotonic. For examplép elderly only presented a negative relation when it was
below 50%:% Democrats only presented a negative relation between 25% and 65%;
% highly-educatedesidents only presented a negative relation between 40% and
70%; % African Americans only presented a negative relation between 15% and

70%; % telecommuters only presented a negative relation below 10%.
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3) Other variables presented more complex nonliredations with
population inflow. For example, the longitude of CBG presented a downward
parabolic pattern when it was located between 75 to 105°W. Another noticeable
pattern was that there existed several irregular drops or spikes in some relations, such
as the population density, % urbanized populatigmsformation POls, ané
manufacturing POIs. These irregularities should be carefully interpreted since they
were more likely to be sourced to the effects of outliers.

PDP may not be reliable in somesea since it cannot handle the intertwined
effects of correlated features and overfitting biases caused by o}iti&fsFigure
4-13 has already indicated some potential failures, such as irregular perturbations,
steep drops or spikes, and long leading stagnation and tailing plateau. Hence, ALE
plots were introduced and shownFigure 4-14. By comparing-igure 4-13with
Figure 4-14, high consistency can be observed regarding their overall trends.
However, severatew findings can be documented as follows:

1) Some othelong tailing plateaus in PDPs were clearly illustrated by ALE
plots as outlier effects, such as POI count, total populatiangommodations and
food stores# education service# retail trades# information POls, and
manufacturing POIs. One possible solution is to limit the range of features used to
create the PDP, for example, trimming PDPs by 5 and 95 percentiles of the feature.
However, it is difficult to determine the best trimming pointdach feature. The
ALE, on the other hand, computed local effects by dividing the feature value into
intervals, which constrained the effects of outliers into a local interval and thus

alleviated their effects on the holistic relations.
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2) Most of the intemediate stagnations and jumps in PDPs of POI céunt,
accommodations and food storggducation services, adidetail trades were
eliminated in ALE plots, implying that the ALE can successfully address the feature
dependency issue. Meanwhile, the steyps or spikes in PDPs #finformation
POls, % urbanized populations, ahthanufacturing POls were also clearly
illustrated by ALE plots as outlier effects.

3) If removing the outliers, threshold patterns still existed in relations between
population nflow and features such as the CBG area, the latitude of CBG, %
Democrats, % residents aged44 % Whites, % highheducated residents, % the
elderly, median household income, % African Americans, and % telecommuters.
Threshold effects in these featuresre alleviatedy more samples and thaanbe

viewedasmore reliable.
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Figure 4-14 ALE plots of the top 20 important features

Note:For each subplot, theaxis denotes the feature value, while thexis denotes the feature effect

on population inflow relative to the average effect across the dataset.
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4.7.2 Local nonlinear interactiorSHAP

One main limitation of PDP and ALE is that local heterogeneous effects might be
hidden since they only show average effects. One solution is to use local
interpretation methods such as SHARyure 4-15 shows the SHAP interaction plot
of the top 20 important features in fiened LightGBM. Comparing it with PDPs
and ALE plots, the overall relations remained consistent, but with more details
uncovered at an individudvel or from the interaction aspect:

1) Consistently with PDPs and ALE plots, POI count, total popula#ion,
accommodations and food stor#®ducation serviceg retail trades, an#
information POls, all presented positive relations with populatithovinn while #
manufacturing POIs presented a negative relation. Similar to ALE plots, SHAP plots
also showed that tailing plateaus in PDPs of these features were caused by outliers.

2) In line with PDPs and ALE plots, % Democrats, % higdyicated
residents, % the elderly, and % African Americans all presented negative relations
with population inflow in some specific ranges but exhibited steeper slopemfre.
negative) in CBGs with more POIs. Conversely, % White persons and median
household incomeall presented positive relations in some ranges but exhibited
steeper slopes (i,enore positive) in CBGs with more POIs. % residents aged
between 1814 presented an exponentially positive relation when it was over 50% but
exhibited steeper slopes in CB@#h lower population density.

3) Interaction effects were also found in spatial features. For example,
regarding the relation between the longitude of CBG and population inflow, CBGs

with more POlIs presented a downward parabola of higher kurtosis. Miganvé

85



latitude presented a negative relation with population inflow after 36°N but exhibited
steeper slopes in CBGs with more POIls. These patterns were consistent with the
spatial distribution of population inflow shown kiigure 4-1.

4) Several relations in SHAP plots were different from PDPs and ALE plots.
For example, a positive relation between CBG area and population inflow can only be
observed in CBGs with fesy POIs, and such a positive relation rapidly flattened as
the area grew. On the other hand, for CBGs with more POls, the CBG area showed a
limited impact on population inflow. In addition, 8lecommuters, % urbanized
populations, and population densit/failed to present informative relations with

population inflow at an individual level.
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Figure 4-15 SHAP interaction plots ofthe top 20 important features

Note: In each subplot, theaxis is the feature, thegxis is the contribution of the feature to the

difference between the actual and the mean prediction, the right color bar is the interaction feature, and
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each point represents a single CBG with it®icohanging bytheinteraction feature. The interaction

feature is selected from all other features that show the greatest interactian effect

4 .8Discussion

This study is among the first to comprehensively compare a sefidlomodels

and interpretation techniques in travel demand estimation using a nationwide-MDLD
based travel demand dataset. Various nonlinearities, threshold effects, and interaction
effects are uncovered in relations between travel demand and external factors.
Moreover, the extensive comparison across models and interpretations provides
empirical evidence of their pros and cons, as well as their sensitivity to
hyperparameters and data &iiites. Retracing back to the three research questions at
the beginning, the answers can now be documented as follows.

How do different ML models perform in estimating travel demand® models

exhibit fairly high accuracy in estimating MDL-Based travel deamd. Among fine

tuned models, boosting trees present the best accuracy, followed by neural networks,
bagging trees, single tree, and linear regressions. LightGBM outperforms all models
in this study and executes as fast as linear regressions. Anotheorbyefmding is

the model fairness issue across regions with different mobile device sampling rates.
Models present higher MAPE in CBGs with much lower or higher sampling rates.
This may be explained by tilsamplingbiases, but may also be sourced to the

different travel patterns between urban and rural regions.

How should ML models be interpreted and what are the main finding$®s study
introduces six different interpretation techniques to illustrate the knowledge learned

by ML models. Among feature iportance, the impurity importance is more
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appropriate for this study since it allows feature dependency and it is computationally
efficient. Measured by impurity importance, POI count, total population, CBG area,
and# accommodations and food stores, &eetop 4 important features and account

for 74% ofthe total importancen the finetuned LightGBM. In addition, the feature
importance of tredased models is not explicitly comparable with coefficients of
linear regressions, which may be due to the &ffetmulticollinearity and

nonlinearity. Among relation visualization methods, PDP suffers from irregular
perturbations and long leading/tailing plateaus due to its assumption of feature
independence and its sensitivity to outliers. ALE plots help toeaddhese issues.

The SHAP interaction plot further enhances the interpretation reliability and
informativeness by focusing on heterogeneous interaction effects.

Do interpretation outcomes hold robustly=eature importance of the tdoier
featuredoroadly holds consistently among different models. The most important
featuresare captured well by all models, even by a vanilla single tree. However, those
less important features may vary across models and show less robustness. The
importance generatday different techniques, including the imputltgased and
permutatiorbased measures, is also broadly consistent. However, permitased
measureare affected by feature dependency, presenting underestimated importance
of those correlated features. Fogperparameters, the feature sampling rate shows the
greatest effect on feature importance. A low feature sampling rate may lead to an
unstable distribution of feature importance, even with relatively high prediction
accuracy. Meanwhile, feature importartends to shift from the most important

features to those inconsequential features as the tree ensemble grows more complex.
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5 ChapbtPeorpul attiiome ffdoasrwiceasst i ng

The previoushapterdesribeshow MDLD can be parsewb distill the travel
information, as well aow to interpreEML modek to understandonlinear
relations between the processed travel demand and underlying factors. However,
theseanalyses arpresentedrom a crosssectionalaspectwhile thelongitudinal
travel demand time series remains unexplof@durate forecasting of the inflow can
largely benefit the whole life cycle of travel demand modeling by providing insights
in a timevarying and continuous manner instead of traditional snapdbsityy
histolical time series as the training set, thspterintroduces a graphbased
temporalneural networko forecastuture citywide population inflowtime series.
Generally the problem opopulationinflow forecasting is challenging &s
involves complex sptiotemporal dependency, diverse temporal dynamics, and high
nonlinearity triggered by external factg&6]. Compared to traditional statistical and
machine learning models that have limited expressiveness and flexibility, deep
learning methods have become prevalent because of their sapalgility in
handling nonlinear relationships, unstructured data, and knowledge [85jon
However, there are several challenges to be addressed
1) Diverse temporal dynamics Temporal patterns of hourfyopulationflow
time series are highly diverse since they are a mixture of different seasonality (e.qg.,
daily and weekly), trends (e.g., shtetm and longerm), and white noise.
Meanwhile, they also exhibit high locality since travel behaviors are a function of
numerous local factsr Another visible issue is the ovdispersion nature of

populationinflow across different zones, and such a dispersion is further intensified
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by irregular zone systems (see the meawer lawpattern inFigure 5-1 (a-b)). The
high diversity inpopulationinflow time series requires the model can learn both
global and local knowledge from heterogeneous &peeific pattern§201].

2) Multi -view graph structures. Unlike microscopic traffic flow mostly
constrained by road connectivity, spatial dependenpppulatoninflow is not only
constrained by distance but also highly correlat#ld zonal functionality,
accessibility, mobility connectedness, and other unobserved factors. As shown in
Figure 5-1 (a-c), the spatial distribution gfopulationinflow does not strictly follow
a distance decay rule. Nearby census tracts may also present dtgrelattion
inflow temporal patterns. Hence, a single predefined adjacency roatimotwell
describe the real structure pdpulationinflow graphs.

3) Effects of external factors Populationinflow time series is associated
with a variety of external factors with diverse dimensions. Twanging features like
weather and holidays would trigger abnormal fluctuatiormojpulationinflow. In
addition, temporal cycle patterns of ghepulationinflow are conditional on the zonal
static features such as socioeconomics, demographics, and lafiguse %-1 (d)).
Such a diverse set of external information $tidne carefully handled to enable the

model to learn useful knowledge from mudimensional variables
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Figure 5-1 Spatiotemporal patterns ofpopulation inflow

To addresshesechallengesthis chapternintroduces avulti-graph Multthead
Adaptive Temporal Graph Convolutional Merk (Multi-ATGCN) for multivariable
population inflowforecasting Specifically, the MulHATGCN contains several main
modules to address the challenges accordingly: 1) A Mahd temporal fusion
module to fuse multiple temporal patterns including @hess, period, and trend. 2) A
Multi-view adaptive graph construction module to learn an adaptive graph structure
given prior knowledge from different adjacency matrices measured by distance
closeness, OD volume, and functional similarity. 3) An integnadifoRecurrent
neural network (RNN) and Zorspecific mixhop GCN (ZMGCN) for jointly
handling complex spatiotemporal dependency. 4) An Auxiliary variable enrichment
decorator scattering across the framework to handle external static variables and
temporalvariables via parameter initialization and sequence concaterilien.
proposed model is evaluated on two +alld citywide datasets and exhibits steady
performance improvement and comparable efficiency over extensivettatart
baselines. Such amprovement is even more salient in dagarse zones and long

horizon scenarios that are more difficult to predict.
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5.1Problemstatement

This study is intended to forecast the futpopulation inflowof each geographic
zone acrosacity. Thepopulation inflowis defined as thbourly number of people
entering a specific zone. Instead of splitting the city into grids, this study adopts the
irregular administrative zone, i,éhe census tract, as thealytical unit. All census
tracts across the city are viewed as a directed graphthgh= , wheregris the set
of g 0 zoneg(i.e, census tracts)rpis the set of edges indicating the connectivity
betweerzones and="N 4 is the adjacency matriNote that one graph may have
multiple adjacency matrices to describe muiéw connectivity. Hence, a
generalization oE=is=N g4 , Wherel is # adjacency matrices of the graph

In population inflowforecasting, the graph is assumed to be stahde
variables attached to eazbnemay be either static or tirnearying[202]. The whole
time series is split into multiple time fragments by a rolling window with -&tep
historical window and & -step prediction window. Then, for a time fragment whose
current time i® , each zonéis associated with a set of features including:

1) Timevarying auxiliary featured 4

’ o B o N g , sud as holidays, weekends, hour index,
and weather conditions, whege is the number of tim@arying auxiliary features.
2) Static featurefﬂ N oq , such as socioeconomics, demographics, and
land use, wher® is the number of static features.

~

3) Historicalpopulation inflowd q4 Wp, h W,

0¢
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Let=; e L g Mg g N , the goal of this
study is to learn a nonlinear function8 between featuseand futurgpopulation
inflow patterrs across all census tracts, given the graph structure

= T JAN Ao~ Qi pBHY Q@ (51

where”Yis thedurationof the time series.

5.2Proposed approach: Miti-ATGCN

This study introduces a MUATGCN for multivariablepopulation inflow
forecastingFigure 5-2 showsthe high-level architecturgwith each module

described in detail in the following section.

@ ZMGCN Multi-step ahead output
.
» GRU GCRNN ]
+» Initialize v I I T ; Conv2D
”H:,—l H:,O \ H:.l 1L\ H:,2 \\P:,dy—l
! 3 N T (I
-4 ReLu + - % ' ' :
= G\@G G\.@(“ Adjacency
FNN | ‘4 ¥+ | matrices
—PéA— X.0 X1 X2 X az-1 ) ] )
s i f f f —+ Concat
| b
Static [
variables - s s
‘ F Historical t‘lme sequence ‘ Finchional ob
Similarity Volume
Time-varying | | | 4’@:— A e
variables 4 B * »
Closeness |[Period ren &
Auxiliary Distance Adaptive

variables ol e e e, Closeness matpix
enrichment Mﬁﬂﬂv‘%:‘}m&%mﬁﬁ%ﬁm o .

A

Multi-head temporal fusion Multi-view graphs

Figure 5-2 The Multi-ATGCN architecture
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5.2.1 Multi-head temporal fusion

As mentioned before, the distributionmdpulation inflowacross different census
tracts is strongly skewed. Some zones, such as those located downtown, have a much
largerpopulation inflowcompared with those located subambThis may cause the
model to focus on more attractive census tracts while ignoring the less vibrant zones.
Hence, a census traoased normalization is applied to each time series, followed by
a global normalization, to assigrzanespecificbiasto eah census tra¢R03]:

Wy,

o <7, (5-2)

where* and, are the mean and standard deviance (st.d.) gddpelation inflowin

zonei across the training sedy; is thepopulation inflowof zonei at timet andw .

is its normalization; and, are the global mean and st.d. of the normalized
population inflowacross all census tracts.

After normalization, three temporal heads are extracted from the raw time
series to represent muttimensional temporgdatternd29, 204] including the
closeness (daily patterns), the period (weekly patterns), and the trend (monthly

patterns). Leb be the current time, the set of closeness, period, and trend heads are:

= 1 : g4 - N fQ mipklBRE p (53

L
e T LR hQ  plth8 Fe (5-4)
L Ly . 4 . va  HQ phiBR (5-5)
wherell v g A ong ,andL w~ g are the set of thith

closenesseads, periotieads, and trend heads, respectiv@ly;Q , andQ are the

interval between each two closenisads periodheads, and trend heads,
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respectivelywhicharetypically set as the corresponding cyt@agth (in this study,
Q ¢fQQ xz¢tQQ cuyct)e & ,ande arethe number of
closenes$ieads, periotieads, and trend heads, respectivilyis thenormalized
population inflowfrom Eq. (5-2).

Sincetemporal patterns may vary across different census tracts, a parametric
matrix-based weighting function is designed to fuse multiple temporal heads, which
allows the model to adaptiweadjust the weight of each temporal head for eacte
In addition, instead of separately feeding the three temporal heads into the network
and fusing their outputs in the last layer, this study fuses them before passing through
the whole networKi.e., premodel fusion) which can substantially mitigate memory
load and accelerate the training process whiknigg comparable accuracy. The

output of the multhead temporal fusion is:

s 4 P4 oag oL
(5-6)
roAd oG
wherell v q is the fusegopulation inflowsr N 1 7 N A , and
F M4 arezonespecific learnable weights reflecting the importance of

different temporal heads for eazbne & is the Hadamard produ¢t; i F
are the Softmaxransformed global weights for each temporal head fi.e.
Ol £OinAk@hs N 1 ).

Note that the mukhead temporal fusion is only applied to historical

population inflowsince other auxiliary features do not influence the fupaulation
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inflow in such a multcycle manner. Alternatively, the new set of features can be

rewritten asky q Ly q Mg q

5.2.2 Multi-view adaptive graplearning

Human travel behavior is a function of numerous factors. Hence, the spatial
connection opopulationflow cannot be simply described by a single adjacency
matrix [125]. In this study, a mukview graph is proposed to incorporate different
types ofzonalconnectivity into the adjacency matrix. Specifically, threegetned
adjacency matrices are first computed based on different measures. Then, a self
adaptive adjacency matrix is designed, initialized byda#ned knowledge, and
learned endo-end through stochastic gradient descent. Last, all matrices are
concentrateth a mixhop manneas the final set of adjacency matrices to jointly
describe the spatial dependemdyopulation inflow
Distance closeness-(): The distance closeness is measured by the pairwise

great circle distance between two census tracts. Thehthiceed Gaussian kernel
[205] is employed to transfer the distance to the distdnased adjacency matrix:

- A@DAE@Q H&QDAE@Q ]

= . ) (5-7)

m OEAOxEOA

where=_ . is the distancéased edge weight between two census ti@uis’Q
A E & @ the great circle distance functignis the st.d. of distancgsis the
threshold (set as 0.1 here).

Functional (semantic) similarity={): The underlyingassumption of

functional similarity is that regions with similar functionalége more likely to
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present similar travel patterns. To measure the functional similarity, a vector (i.e.
static variablesﬂ ) is defined for each census tract, includingaagl demographics,
socioeconomics, and PQEable 5-1). Z-score normalization is applied to each
factor across all census tracts. Then, a reciprocal Euclideancdidtarction is

employed to compute thHenctional similarityadjacency matrix:

d fio
=5 B Y Y (5-8)
tr pih OEAOXx EOA

where=, ; represents the functional similarity between census fiGartd Q'Y

andY denote the™ normalized functionality factor of two census tracsd’Q

Origin-destination (OD) volume=, ): OD volume directly measures the
travel connetivity between two census tracts. However, limited studies have used it
to construct the adjacency matperhaps due to data inaccessibility. This study
defines the OEbased edge weight as the ratio of average OD volume to tHemeIf

volume truncatedya maximum of 1:
i E 0Q .
=t ri —q p (5-9)
where=, . isthe ODbased edge weight between two census tiaots Q

andy ‘G, is the average OD volume between census ti@uotg(n the training set.
Seltadaptive adjacency matrix=(): The concept of theelf-adaptive

adjacency matrix is borrowed frofh34], who definedt as the multiplication of two

learnable node embedding matriges" s andf N A
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=, 31 AO2AQP (5-10)
where=_ . represents theelfadaptive edge weight between two census tiGutsl

TQ[P is the source node embedding gpds the target node embedding. The RelLU
function is used to eliminate weak connections, and the SoftMax function isdapplie

to normalize=_.
The prior knowledge of the adjacency matrix is incorporated=tatby
injecting them into initialized states gf and ¢ [135]. Assume the functional
similarity matrix is used as the prior knowledge (Functional similarity is selected here

since itoutperforms others (Table 5)jjtialized states off and f arecomputed as:

=i, | EAcH (5-11)
P lsqg SEA@ 4 (5-12)
P SEA@ 4 g |rgq (5-13)

where|f¥ s @~ s hfkv s are singular value decomposition (SVD) of
=t P A PN A are initialized states gp and ; $ E A8Gs the
diagonal function.

All adjacency matrices are stacked vertically to construct the final adjacency
matrices= OO AA k= h=L h=_ " 7 .=is then fed into GCN for muki

view graph convolutioriNote that adjacency matrices can be easily removed or added

depending on the data accessibility. For instance, if all prior knowledge is

unavailable=is equal to=_, and P and [ can be initialized randomly.
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5.2.3 Zonespecific Mixhop GCN ZMGCN)
At each timed, the spectrabasedGCN [140]is applied to th@opulation inflowto
exploit signal correlations in the spatial dimensiontihgti¥ 6 be t he gr aph

convolution operator on graph the spectral convation is defined as the

multiplication of a signa=|'=cﬁ<with a kernelQ [141]:
” 9 n, ”» J ” J
Qb Ly dLy oFeldly Fo el (5-14)
whereL4 N 5 is the signaht timeo (e.g., at the first layersg ~ Lghly ~
. . . . JJ_ . .
A )TN A is the graph Fourier basis aﬂd—(ﬁ is the graph Fourier

transform ofé(ﬁ; = can be obtained by performing the eigenvalue decomposition on

the normalized graph Laplacian matfixd & 1 =y "~s ,wherek »
A is an identity matrix=N A is one of an adjacent matric frem and | N
a is the diagonal dege matrix withO B 6 : $EACHB R N
A is the diagonal matrix of eigenvaluesdof

Since directly performing the eigenvalue decompositiod nexpensive
whenO is large ¢ 0 ), this study adopts the Chebyshev polynoni2$] to
approximate the kernéQ. Each order oChebyshev polynomial is viewed as a hop in

the graph with a specific structure. The graph convolution can be rewritten as:
”n [ J_ . ”n J_ . o J_ o
Qi +¢ @dLy Y ST (5-15)

wheresg N is the polynomial weights ang N = is its K'-hop
weight matrix'Q andQ are the dimension of input and output, respectivly;
——d & is the scaledlaplacian matrixwhere_ i AgBh ;
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Y4 nog is the K" Chebyshev polynomial approximation, which can be
recursively computedasy 4 ¢dy 4 vy 4 Ayd  LRYd 4.

One issue of E(5-15) is that for eaclnop, allzonesshare the same weight
matrixgr , which is not optimal fopopulation inflowforecasting since mobility
patterns among census tracts are diverse. To increase the local diversity, this study

introduceszonespecific parameterization in grapbnvolution[201]. Specifically,

7 Is modified aghe multiplication of a node embedding matjixN 5 and a
nodeaware weight matrix N f d
W L4 Y4 LR (5-16)

The reasoffor introdudng a . rather than directlgxpanding the size gf
to s is to reduce parameter numbers, which can enhance computational
efficiency, particularly for large graphs. Alsg, is allowed tdbe sharel among hops
and adjacency matrices naitigate thememory burden. Similar tihe previous
initialization of node embedding matricgs and [ , the . is initialized by their

static featureq|. The initialized state of can be computed as:

bsemc ki | 517
Foo2A BFF (5-18)
where [ is the initialized state of ;{ ™ = are the static variablg§ ™
A g Na |If N g are outputs of principal component analysis
(PCA) of ;[ ~ = is the projection of the firg principal components df;
F VA andf ~ s are the weight and bias.
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Figure 5-3 The ZMGCN architecture

The aforementioned GCban be easily generalized to mudiew graphs by
computing Chebyshev polynomials for eachlacency matrix and fusing them with
learnable weights. Instead of directly summinghgoutputs of all hops, this study
employs a mixhopmanner Figure 5-3) for hop fusionwith hop-wiselearnable
weight. Moreoverto avoid repeatedly computifi@, ‘O is separately computed from

other hops whose ord& p. The multiview GCN can be written as:
Oty o BLp R roYd Lk (5-19)

where is thezoneawareweight matrix of thekth Chebyshev polynomial
approximation for then adjacency matrix) is the number chdjacency matrices

is thezoneaware weight matrix for the sdfopmatrix; 4 is the scaled

Laplacian matrix derived from ttra" adjacency matrixs( —

r =" " b);r andr are the Softmatransformed fusion weights

for each hop. In sunkg. (5-19) can be viewed as a hidével representation of
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population inflowexploiting the mixed information fromb  p -hop

neighborhoods, where neighborhoods are determined by difeed@tency matrices

5.2.4 Graph convolutional recurrent neural network (GCRNN)

This study integrates th&MGCN into the GRUWbased RNN, named the graph
convolutional recurrent neural netwdi®CRNN), to jointly capture spatiotemporal

dependencies gfopulation inflow The form of the GCRNN is as follows:

Yo 0 QW =g R (520
g 0 QW Mg R (5-21)
76 OATE W £ghr b i (5-22)
16 P g dag  CgUag (5-23)

whered 6 QB 'Q pBM p isthe time index of each step in the

historical window ana is the current timeiy denotes th& MGCN defined in Eq.

(5-19) and’Q RHQ RQ are corresponding kernetsg N s is the input signadt

timet;g 4 N A is the hidden state at tiniewhich is a linear combination of the
previous statg ¢ and the candidatestateq) ; * . A and» o N A

are the update gate and reset gate, respectigely;s is the node embedding
matrix anc} R} At ~ 5 arezoneaware biases.

Temporal patterns gfopulation infloware conditional on static features of
census tracts. However, directly appending static variablesmuay pollute the
sequence data with neequential informatiofR07]. Toavoid it, this study includs
the effects of static variables by using their principal comporasntiseinitial hidden

state of GCRNN:
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1 1F+ (5-24)

whereq N 5 is the initialstate of GCRNN{|[F ™ 5 are

principal components df derived from Eq(5-18), ™ 5 andf v a2  are
the weight and bias.

The adjacency matrix may not accurately reflect thezeahlconnectivity,
which would induce irrelevant noise into the graph cdutian. Hence, a residual
connection is included along tECRNN using the pure GRU as a bypass path, i.e.,
replacing théQw in Egs.(5-20) to (5-24) ass¢ N A T , and
F MA , respectively. Assumg g N 5 is the output of the pure GRU, the
final output of the GCRNN can be expressed as:

A6 » 2 T4 P » 2 g (5-25)
where» N a s the fusion weight and is the weight for thé"step in the
historical window.

The GCRNN can be easily extended to multiple layers by stacking the
modules vertically and using the output of the last layer as the input of the next layer.

For example, l¢ing rj be the layer indeandd be# layers the input of the™ layer

~ ~

édj is equal to the hidden states of tpel)" layery] g - Wwheren plth8 8

5.2.5 Multi-step output
Traditional RNN generates the prediction based on its last hidden statg{i.e.),
which may lose accuracy when making matgp predictions due to the memory

vanishing in long sequences. The attentiased mechanism has been proposed by

including information from all hidden statfl26]. This study takes inggition from
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it by including all hidden states to generate msiiéip predictions. Besides, instead of
employing an RNNbased decoder to recursively generate rRstdip outputs, this
study directly places a 2D CNN to transform hidden states into norm&lizetep
population inflow Then, an inverseormalizationfunction is applied to the
normalized outcome to scale it back to the original representation:

= ) T OAOOAOH4 ¢ (5-26)
whereq 4 g A are all hidden states fro®@CRNN # | T Of i$ a
2D CNN with kernel size = (1Q ), #input channels £ and# output channels =
Q;) T O Agidheinversenormalizationfunctior g Noq is the
forecasted) -stepaheadoopulation inflowfor all census tracts.

The mean absolute error (MAE) is used as the loss function:
fl WH  Wf (5-27)

wherewy, is thepopulation inflowof census tradtat timet andwy, is its prediction;
represents all parameters in the nonlinear mappi@y, which can be updatday

the modehlccording to theistochastic gradients and learning rate.

5.3Experiments

5.3.1 Datadescription

Current public spatiotemporal datasets are mainly related to traffic flow, while a
comprehensive citywidpopulationflow datasetvhichincludesvarious external
variables is absenthis studycollected and prepared such datasets arct rieem

public on GtHub (https://github.com/SonghuaHuMD/MultiSTGraph. The
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populationinflow is calculated using data from SafeGraph [22], a data company that
aggregates anonymized MDLD in the US. All MDLD areidentified and contain

no private personal information. Sycally, the Core Places US dataset is used to
obtain the geographical coordinates of each POI. Then, the Weekly Places Patterns
(v2) dataset is used to extract the H&¥el hourly visit. Last, the hourly visit is
aggregated at a census tract level. Weekly OD volume is extracted as well for

graph adjacency matrix building. Finally, two cities are selected as case,studies
namelyWashington, D.C., and Baltimar&heir data statistics are reportedrliable

5-1. Visualization ofthecensus traekevel weekly averagpopulationflow time

series is shown iRigure 5-4.
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(b) Washington, D.C.

Figure 5-4 Normalized time series of weekly averagpopulation inflow

A set of auxiliary variables are collected, including tivaeying variables

(holiday, weekend, precipitation, temperature, snowfall) and static variables

(demographics, socioeconomics, land use). An illustratiGomieof the collected

variables is depted inFigure 5-5. Among them, socioeconomics and demographics

are from the 201%2019ACS of the US Census Bureau. POI features are from

SafeGraph. Partisanship istfinahe 2016 presidential election result provided by the

MI'T el

Environmental InformatiorDatasets are split into training sets, validation sets, and

test sets according to chronologicader. The split ratio is 7:1.5:1.5 for both datasets.

ection | ab.

We at her condi ti

Table 5-1 Training d ataset statisticfor Multi -ATGCN

ons

Washington, D.C. | Baltimore (and surrounding counties)

Date Range 01/01/2019 05/31/2019

#Zones 237 403

# Samples 858,888 1,460,472
Sample Rate 1 hour

Input length' R ) 24 hours

Output length’Q ) | 3 hours, 6 hours, 12 hours, 24 hours

Mean 30.169 14.410
Standardieviation | 84.023 29.300

Aucxiliary time-
varying variables

@

Holiday, weekend, precipitatigriemperature, snowfall

Static variables{()

Demographics% nonHispanic Whites, % African Americans, % Asians,
Hispanics, % males, % residents44 %residents 4%4, % residents >65.
Socioeconomicslotal population, % urbanized populations, median
household income, % Democrats, % Republicans, % higghlizated
residents.

Land useArea, # residential POls, # retail trade, # personal and public
services, # educational institutions, # recreatiamstaurants, # other POIs.
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Figure 5-5 lllustration of external variables in Baltimore

5.3.2 Baselines focomparison

Theperformance of MultATGCN is extensively compared with a variety of widely

used baselines and statethe-art models, including:

1 FNN: A simple twelayer FNN with ReLU as the activation function.

1 LSTM[121]: A seqenceto-sequence (S2HNN usingLSTM as recurrent units.

1 GRUJ[208]: A S2SRNN using GRU as recurrent units.

1 STGCN[133]: A integration ofspatial GCNandtemporal 1D CNN;

1 DCRNNJ205]: A diffusion convoluitonal RNN that models temporal dynamics
using GRU and captures spatial dependency via diffusion GCN.

1 ASTGCN[204]: An attentiorbasel spatiotemporal GCN, which considers

multiple temporal heads and integrates attention mechanisms into GCN.
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1 GWNET[134]: A spatiotemporal GCN that integrates sadfaptive diffusion
GCN for spatial modetig with stacked dilated 1D CNNs for temporal modeling.

1 AGCRN][201]: An adaptive graph convolutional RNN that enhances graph
convolutions byonespecific parameters and selflaptive graph learning.

1 GMAN [209]: A multi-attention GCN that leverages the node2vec algorithm
[210] to learn node structural information while performing spatiotemporal
attention mechanisms.

1 MTGNN [135]: A general GCN framework for multivariate time series
forecasting, which includes a graph generation module for grapleaetiing, a
mix-hop propagation layer for spatial modeling, and a dilated inception layer for
temporal modeling.

1 STGODE[211]: A spatiotemporal graph ordinary differential equatietwork
which captures spatiotemponamics througla tensotbased ordinary
differential equation.

1 STGNCDE[212]: A spatiotemporal graph neural controlled differergigliation

(NCDE) which connectsmo NCDEs for spatisdnd temporal processing.

5.3.3Experimentsettings

All baselines, including the MUKMATGCN, are implemented in Python with PyTorch
1.10.2 and executed on servers with NVIDIA Tesla T4 GPU. The Adam optimizer is
employed to minimize the model loss wittelearning rate decaying (Starting from

0.003, decayig by 75% once the number of epochs reaches 5, 10, 20, and 30

epochs). Each model is run 50 epochs and an early stop strategy with a patience of 10

is used by monitoring the loss in the validation $be batch size is set as 16.
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Gradient clipping (maximm norm = 5) is performed during the training process to
mitigate exploding gradients. Dropout (ratio = 0.1) is applied before the output layer
to mitigate overfitting. The best hyperparameters are chosen using the asynchronous
successive halving algorith(8HA) [213]. For easy compason among different
models, the code and data formats follow the framework propos@d 4l Codes
are available atttps://github.om/SonghuaHdWWMD/MultiSTGraph

This study deploys three widely used metrics to evaluate model performances
on the testing set, including MAE, MAPE, and RMSE. Each experiment is repeated
tentimeswith different random ssdsand average metrics are reported. Similarly to
[125], this study sethe lower bound of hourlgopulation inflowas 10. Alternatively,
only data points with a value greater than 10 in the testing set are used for model
evaluation. Lowdemand scenarios are less important for travel demand modeling,
regional planning, or ber realworld applications. In addition, including these small
data points would substantially increase the MAPE, which may gloss over the real

model performancérigure 5-8).

5.3.4 Implementation detailsf baselines

1) FNN: A two-layer FNN with a hidden size of 128 and using the ReLU
function between the two layers as activation.

2) LSTM/GRU: The LSTM andGRU are implemented imé&2Smanner to
recursively generate muktepahead output. The encoder and decoder follow the
same structure, each contains 2 layers of LSTM (GRU) with 64 hidden units. A

FNN is applied to the output tfie RNN at each time step to convert it to the final
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prediction. Models are trained using the teadbering strategy with a ratio of 0.5.
The learning rate is set to 0.01 with a decaying ratio of 0.1 in 5, 20, and 40 epochs.

3) STGCN [133]: Two spatiotemporal convolutional (8Jonv) blocks are
stacked, followed by an output layer containing two tempokdN and one=NN.

The channels of three layers in-£bnv blocks are [64, 32, 1] and [64, 32, 128],
respectively. Both the grapconvolution and temporal convolution kernel siaee

set to 3. Simildy to this study, the Chebyshev polynomials approximation is used for
GCN. The learning rate is set to 0.001 with a decaying ratio of 0.7 in every 5 epochs.

4) DCRNN [205]: DCRNN is implementeth an S2Smanner to recursively
generate mulkistepahead output. The encoder and decoder follow the same structure,
each containsvo layers of diffusion convolutional GRUs with 64 hidden units. The
dual random walk approach is adopted for the diffupi@mtess. The learning rate is
set to 0.01 with a decaying ratio of 0.1 in 5, 20, and 40 epochs.

5) ASTGCN [204]: ASTGCN builds threattentionbased STGCN for three
types of temporal heads (i.elose, period, and trend) respectively, and fuses their
outputs using a parametmgatrix-based weighting function. The hidden units for
graph convolution and temporal convolution are set twi@#a kernel size athree
The learning rate is set to 0.0001.

6) GWNET [134]: GWNET stacks 2 spati@émporal layers. Each spatial
temporal layer is constructed by a graph convolution layer and @ tgat@oral
convolution layer. The hidden units for all convolution networks are set to 32 with a

kernel size of 2. 1XL convolution with output channels of 256 is set for skip
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connection. Two 2CNNsare stacked as the final output layers by first projgctin
the channels to 512 and théownsamplingo the output dimension.

7) AGCRN [201]: The AGCRN consists of an encoder and aCNIN which
is used to replace the decoder. The encoder is construcBeldymsrs of adaptive
zonespecific graph convolution GRU with 64 hidden units. The dimension of node
embedding is set as 10, and the order of Chebyshev polynomials is set as 2. The
learning rate is set to 0.003 with a decaying ratio of 0.75 in 5, 1808040 epochs.

8) GMAN [209]: First, the node2vec algorithm is used to learn a node
embedding vector with a dimension of 64 and combined it with temporal embedding
vectors. For nde2vec, the number of random walks is set as 100 with 50 iterations.
Then, an encoder and a decoder both with -A&&ntion blockspnetransform
attention layer (number of attention heads is set as 2), BNiN& are constructed to
generate the final optit. The learning rate is set to 0.001 with a decaying ratio of 0.7
when the loss does not decrease for 5 epochs.

9) MTGNN [135]: In MTGNN, temporal convolution and graph convolution
are interleaved with each other to capture temporal and spatial dependencies
respectivelyThe channel of convolutional layers is set as 32 #daglers is set as 3.
The temporal inception layer csists of four filter sizes, viz. 12, 1x3, 1>6, and 1x7.
The output module consists of two 1xL convolution layers. MTGNN also includes a
graph seHiearning module with a node embedding dimension of 40.

10) STGODE [211]: The hidden dimensions of temporal dilation convolution
blocks are set to 64, 32, 64, and 3 Spatehporal Graph ODE blocks are contained

in each layer. The regularized hyperparameter is set to 0.8. The thresholds of the
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spatial adjacency matrix aretgo 10 and 0.5 respectively, and the threshold of the
semantic adjacency matrix is set to 0.6. The model is trained using Adam optimizer
with a learning rate of 0.01.

11) STG-NCDE [212]: The order of Chebyshev polynomials is set to 2 and
the zone embedding size is set to 8. The dimensionality of the hidden vector is set to

64. The learning rate is set to 0.001 and the weight decay is 0.001.

5.4Baselinecomparison

Table 5-2 shows the average performances of all models on the two testing datasets,
with the forecasting horizon varying from 3 to 24 hours. Overall, MARGCN
achieves statef-the-art results on most of the tasks, outperforming all baselines over
different horizons. Compared with the best baselimelérlined, Multi-ATGCN
yields a1.9-2.8%, 2.83.1%,3.8-7.4%, and5.1-6.4% reduction in MAE foipredictirg
over3, 6, 12, and 24 horizons, respectively. Such a reduction is also observed in other
metrics but is slightly less salient. Oneteworthyfinding is that the performance
improvement of MultATGCN increases with thiengerprediction horizos, which
can be explained by severahsonsFirst, longhorizon prediction relies more on
period and trend temporal information; hence, models that include multiple temporal
heads such as MUWATGCN (ASTGCN as well) become superior in lengrizon
scenarios. Send, longhorizon prediction is more complex. Hence, modedd can
integrae moreinformation such as mutiiew spatialstructuresand auxiliaryeffects
may gain more benefits.

Among baselines, the performance of the same model varies substantially

acrcss datasets and forecasting horizons. For example, ASTGCN performs poorly in
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3-step prediction but outperforms most models irs@&p prediction. AGCRN, on the
other hand, performs well in@ep prediction but degrades significaratyonger
horizors. GMAN ranks highin Baltimorecity databut its performance is less robust
when shifting to the D.C. aredhe number of hyperparameters in GMAN is large,
which may cause the GMAN beunstable across different scenaribsspite some
variance FNN andsimple RNNs such as LSTM and GRU constantly exhibit the
poorest performance while models such as MTGNN STGCNalways rank in the
first tier, which is consistent with previous comparison stuffiéd].

Table 5-2 Model performances comparisonpopulation inflow forecasting)

Model MAE | RMSE | MAPE MAE | RMSE | MAPE
Baltimore Washington, D.C.
Horizon = 3
NN 9.82 19.02 0.29 1473 4453 0.29
26.7%) | (29.9%) | (19.0%) | (30.3%) | (36.6%) | (18.6%)
otm | 834 17.56 0.27 14.38 48.06 0.29
(13.7%) | (24.0%) | (113%) | (28.6%) | (41.3%) | (18.4%)
8.21 17.29 1411 47.05 0.28
GRU (123%) | 22.8%) | 920 O9%) 700 | (40.0%) | (17.9%)
neTeon | 814 16.09 0.26 12.16 33.71 0.27
(115%) | (17.1%) | (10.7%) | (155%) | (16.2%) | (12.9%)
7.98 15.96 1250 38.41 0.27
DCRNN | 9 806) | (16.4%) | 9206 B2%)| 17900y | (26.5%) | (12.4%)
STG 7.96 14.06 11.89 33.35 0.26
NCDE | (9.5%) | (5.1%) 025(5.7%)| (13606) | (15.4%) | (12.7%)
7.76 14.28 1151 31.77 0.25
CGWNET | 7306 | (6.5%) 025(5.9%) (1080) | (11.1%) | (6.1%)
753 14.09 —110.79 30.16 0.24
CMAN | 44%) | (5.3%) 0.24 (2.3%)| (4 gop) (6.4%) (1.1%)
7.47 13.79 1110 32.58 0.26
STGODE | 3606) | (3.3%) 025(3.4%)| (13406) | (13.4%) | (10.8%)
7.42 13.74 1146 32.41 0.25
STGCN | 5996 | (2.9%) 024 (2.2%) (10.3%) | (12.9%) | (6.5%)
7.40 13.94 1047 28.54 0.24
AGCRN | o 700y | (4.20) 0.24 (2.1%)) {1 go) (1.1%) (1.0%)
7.40 13.63 1049 28.64 0.24
MTGNN | 5 80) | (2.1%) 0.24 (1.7%)) (5 104) (1.4%) (1.3%)
Multi -
My | 720 13.34 0.24 10.27 28.23 0.23
Horizon = 6
NN 1044 | 2046 0.31 16.38 5163 0.32
(28.3%) | (27.7%) | (2L.0%) | (3L7%) | (39.3%) | (18.9%)
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o 1877 18.40 0.28 1441 51.12 0.29
(14.6%) | (19.6%) | (12.1%) | (22.3%) | (38.7%) | (11.4%)
STG 8.76 15.84 1282 34.31 0.29
NCDE | (14.5%) | (6.6%) 027 BA%)| 1560) | (8.7%) (9.1%)
cRU 8.58 18.00 0.28 13.84 46.24 0.28
(12.7%) | (17.8%) | (10.1%) | 19.1%) | (32.2%) | (9.4%)
8.27 16.62 1265 38.05 0.27
DCRNN | 9506) | (11.0%) | 927 UM 1500y | (17.7%) | (5.8%)
8.25 16.42 1187 32.86 0.27
ASTGCN | 9500y | (9.9%) 0.27 (8.8%)| (5 704 (4.7%) (4.9%)
8.25 15.96 12,07 33.28 0.26
GWNET | 9206 | (7.3%) 0.27 (6.8%)| (7 505 (5.9%) (1.3%)
8.23 15.79 1105 34.37 0.27
AGCRN | 9006y | (6.2%) 0.27 (7.0%)| (g 305 (8.9%) (3.7%)
8.03 15.77 1183 33.19 0.27
STGODE | 5500y | (6.2%) 0.27(7.2%)| (5 a0p) (5.6%) (4.2%)
7.87 15.0 1103 33.29 0.27
STGCN | 480%) | (1.9%) 0.26 (4.5%)) (5 104 (5.9%) (3.5%)
7.82 15.37 1225 36.50 0.26
CMAN | 4206 | (3.7%) 0.26 (5.4%)| (g 506) (14.2%) | (1.3%)
7.73 14.92 1152 33.80 0.26
MTGNN | (3106) | (0.8%) 0.25 (2.3%)) {5 gop) (7.3%) (1.0%)
Multi -
My | 749 14.80 0.25 11.20 31.33 0.26
Horizon = 12
NN 1129 | 2222 0.32 18.24 58.45 033
(31.4%) | (31.4%) | (19.9%) | (36.6%) | (44.2%) | (20.5%)
9.12 10.14 1374 44.73 0.28
LSTM | (15.10) | (20.3%) | 928 B2%)| 1550 | 27.1%) | (6.8%)
9.10 19.10 1376 42.44 0.29
GRU (14.9%) | (202%) | 928 BON)| 15900 | 2320) | (8.6%)
9.04 18.26 1334 38.31 0.28
DCRNN | 14300) | (165%) | 928 (73%)| 13300 | (1a.0%) | (7.3%)
9.01 17.52 1262 35.74 0.27
AGCRN | 1400 | 13.006) | 928 (7:0%)| (g 305 (8.8%) (3.1%)
STG 8.95 16.87 13.10 37.63 0.29
NCDE | (13.4%) | (9.6%) 028 (6.5%) 11700y | (13.4%) | (9.8%)
8.67 17.24 1313 35.85 0.28
ASTGCN | 10706) | 11.6%) | %28 (65%) (1100 | (0.1%) (5.9%)
8.53 16.67 1251 36.62 0.28
STGODE | 959 | (8.5%) 0.27 (4.9%)| (7 504 (11.0%) | (5.7%)
8.41 16.64 1301 37.22 0.28
CGMAN | 79%) | (8.3%) 0.27(4.5%) (11106) | (12.4%) | (5.4%)
8.39 16.49 1258 35.08 0.27
CWNET | 779%6) | (7.5%) 0.26 (1.7%)) (g 104) (7.1%) (2.8%)
8.10 16.24 1249 36.40 0.27
STGCN | 4306 | (6.1%) 0.26 (1.6%) | (7 a0p) (105%) | (2.9%)
8.05 15.99 (1283 35.81 0.28
MTGNN | 3 80) | (4.6%) 0.26 .3%) | (9 .90 (9.0%) (5.7%)
Multi -
M 778 15.25 0.26 11.57 32.59 0.26
Horizon = 24
. 1191|2341 0.34 19.50 63.93 0.35
(34.0%) | (32.4%) | (23.8%) | (37.2%) | (47.0%) | (20.5%)
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otw | 981 20.58 0.30 16.01 52.38 0.32
(19.8%) | (23.1%) | (141%) | (235%) | (35.3%) | (12.5%)
oRU 9.49 19.92 0.29 1531 4752 0.31
(17.2%) | (20.5%) | (112%) | (20.0%) | (28.7%) | (11.5%)
9.31 18.74 1470 41.09 0.30
AGCRN | 15506y | (15506) | 022 C8%)| (16700) | (17.6%) | (9.1%)
9.26 10.03 1478 42.22 0.31
DCRNN | 1500) | (16.8%) | %28 OIM)| 17000y | (10.8%) | (10.6%)
STG 9.19 17.95 0.29 1458 39.40 0.32
NCDE | (14.4%) | (11.8%) | (11.7%) | (16.0%) | (14.0%) | (11.7%)
9.04 17.46 1337 38.75 0.30
STGODE | (15 996) | (9.3%) 0.29 (9.3%)| (g 505 (12.6%) | (5.6%)
ouAn | 898 18.45 0.29 13.53 38.31 0.29
(12.4%) | (142%) | (111%) | (9.5%) (11.6%) | (6.2%)
8.95 17.75 14.04 41.47 0.30
CWNET | 15206) |(10.8%) | %2809 15806 | (183%) | (7.2%)
8.60 17.33 1385 38.07 0.30
MTGNN | 3 6%) | (8.6%) 028 (6.6%) (1160) | (12.0%) | (7.1%)
8.54 16.83 1308 35.76 0.29
ASTGEN | 5006y | (5.9%) 0.27 (5.4%)| {6.a%) (5.3%) (5.2%)
8.28 16.53 1311 38.11 0.29
STGCN | 5196 | (4.2%) 0.27 (3.1%)) (5 59%) (11.1%) | (4.6%)
Multi -
ey |78t 15.83 0.26 12.24 33.87 0.28

Note: Percentages in brackets are the increase in model performance brought-By RGN using

the model in that row as the baseline. The underlined cell Isteaseline.

Figure 5-6 shows the 24tep forecasting results of MUWTGCN in census
tracts where the model shows the best and worst performance. As plopwiation
inflow in regions with the best performances preserdre rhythmic patterns and
thus is easier to predict. Outcomes of MATIGCN well fit with observations,
successfully capturing the daily and weekly pattevitls reasonable magnitudes. On
the other handyopulation inflowin regions with poor prediction accuraityctuates
more randomly. For thosegiors, although the MulATGCN cannot well fit
observations, it still shows the ability to generate a stable output following the
average tempal patterns. Another noteworthy finding is that the wpeliforming
census tracts have a much largepulation inflow(>10?) compared to the poory

performedregions(<10), indicating a spatial fairness issueriadeloutcome [200].
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Figure 5-6 Forecasting results of the top and last three census tracts (2tep)

Note: Top or last was measured by the MAPE of MAITIGCN. The first (third) row shows the
forecasting results of the top (last) three census tracts across the testing set, with the gray areas

zooming in and showing in the next row.
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5.5Model analysis

5.5.1 Performance across census tracts

Checking how the model performs across different zones allows us to compare and
detect model weaknessé&sgure 5-7 shows how modelgrformances vary across
census tracts with different POI counts based on tHeo24 forecasting for

Baltimore. As shown, MAPE broadly decreases with the increase of POI count, while
MAE and RMSE follow an increasing pattern. It is plausible since MARE étative
metric while MAE and RMSE are absolute metrics. On the one hand, zones with
fewer POls are less likely to attract higher population flow, resulting in lower
absolute metrics. On the other hand, zones with fewer POls are more difficult to
predictdue to their higher randomne$sdgure 5-6) and higher sensitivity texternal
interventions [12], leading to higher relative metrics. It is also worth mentionihg tha
Multi-ATGCN presents a predominantly superior performance ingpatese zones.
Compared with the best baselines, i.e., STGCN and ASTCGN, the best baseline on
24-hour forecasting, MURATGCN leads to an 8.7%, 19.1%, and 13.3% reduction in
MAPE, RMSE, ad MAE, respectively, in census tracts with the fewest POIs. Such
an improvement demonstrates that efforts in involving Zpezific parameters,
capturing external effects, and learning complex spatial structures can successfully

improve the modé& capabiity in handling more intractable tasks.
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Figure 5-7 (Top 3) Model performancevarying by POI counts

Note:POI counts are categorized by deciles

5.5.2 Efects ofthelower bound

Three evaluation metricae usedo measure the performance of all models

S 0w N oy - (5-29)
B W
P e
-1 %ﬁ wp wp Owp - (5-29
B B ©r OF
2-3% T oy - (5-30)
el

wherewy, is thepopulationinflow of census tradtat timet andwy; is its prediction;
0 is the number of census tracdes; is the length of the prediction windowjis the
set of observations that meeig -; - is the lower bound(O8 is the indicator,

which is 1 wherw, - and 0 otherwise.
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Figure 5-8 Model performancevarying by lower bounds
Thelower bound is to exclude extremely small valuiesthe testing set,
which would significantly affect evaluation metricBhe nodel performance vging
across different is shown inFigure 5-8. Overall, with the increase of the lower
bound, the MAE and RMSE greatly increase while the MAPE significantly decreases.
For example, changing the lower bound from 0.0001 to 10, the MAtGdor
Baltimore city dataset increases from 4.326 to 7.874, the RMSE increases from
10.327 to 15.835, while the MAPE decreases from 0.502 to 0.255. Another takeaway

message here is that the decreasing rate of MAPE is gradually flattening. Increasing
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the lowe bound from 0.0001 to 2 would lead to a 0.136 drop in MAPE while

increasing the lower bound from 2 to 4 only leads to another 0.054 drop.

5.5.3 Ablation study

An ablation study is conducted on theC. data to validate the effectiveness of key

components that contribute to the model performance when making-tte®24

prediction. The MultATGCNSs without different components are outlined as follows:

1 w/o Auxiliary: Multi-ATGCN without auxiliary variables

1 w/o Closeness: MURATGCN without the closeness temporal head.

1 w/o Period: MulttATGCN without the period trend head.

1 w/o Trend: MulttATGCN without the trend temporal head.

1 w/o ZBN: Multi-ATGCN w/o zonebased normalization. Specifically, a global z
scae normalization is applied to all crow inflow.

1 w/oZSP: MulttATGCN withoutzonespecific parameters. Specifically, the node
embedding dimensiof2 is set as 1, ang: is set as a fixed tensor filled with 1.

1 w/o GCN: MulttATGCN without the graph cwvolution. Specifically, the
GCRNN is replaced by a twlayer pure GRtbased RNN.

1 w/o FNNO: MultrATGCN withoutan FNN layerthat uses all hidden states
Specifically, only the last hidden state fréCRNN is fed into the output layer.

Table 5-3 Ablation study for Multi -ATGCN

MAE RMSE MAPE
Mean | Std. | Yp Mean | Std. | Yp Mean |Std. | Yb
w/o Auxiliary 8.113 | 0.125 | 3.04% | 16.370 | 0.711 | 3.38% | 0.265 0.004 | 2.09%

w/o Closeness | 8.144 | 0.114 | 3.43% | 16.747 | 0.249 | 5.76% | 0.269 | 0.004 | 3.83%

w/o Trend 7.954 1 0.117 ] 1.02% | 16.384 | 0.197 | 3.47% | 0.264 | 0.004 | 1.82%
w/o Period 8.144 | 0.100 | 3.44% | 16.774 | 0.357 | 5.94% | 0.267 | 0.003 | 2.81%
w/o ZSP 7.976 | 0.076 | 1.30% | 16.085 | 0.255 | 1.59% | 0.261 | 0.002 | 0.57%
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w/o ZBN 8.036 | 0.110 | 2.06% | 16.319 | 0.289 | 3.06% | 0.265 | 0.003 | 1.92%
w/o GCN 8.151 | 0.086 | 3.53% | 16.520 | 0.651 | 4.33% | 0.266 | 0.002 | 2.41%
w/o FNNO 8.314 | 0.204 | 5.60% | 16.743 | 0.703 | 5.74% | 0.270 | 0.006 | 3.93%
Multi -ATGCN | 7.874 | 0.078 15.834 | 0.606 0.260 | 0.002

Note:Yb is the change in model performance versus MATGCN.

The mean and st.d. of MAE, RMSE, and MAPE on the testing set over 10
repetitions for each version of MUlWNTGCN are reported ifable 5-3. The fully-
connected output layéhnat uses all hidden stateshibits the greatest contribution to
model performance, validating that including all hidden states of the GCRNN is
helpful forlong-horizon prediction. This also explains why RNdsed models such
as AGCRN deteriorate significanths theprediction horizonncreasesThe effect of
GCN is evident as well, indicating the importance of enabling the information flow
among interdeperhtzones The effects of closeness and period temporal (egsl
(5-3) and(5-4)) are equivalently great, while the benefit broughthmstrend
temporal headEg. (5-5)) is low. The auxiliary information also significantly
increases the medlperformance, which confirms the importance of including
contextual information. Last, the two types of z@pecific processing, i.e., zone
based normalization and zeepecific parameters, both moderately enhance the

model performance, indicating theaessity of involving local individual details.

5.54 Complexityanalysis

To evaluate the computational cost, the number of parameters and training time of
Multi-ATGCN are compared with other baselines running on the D.C. data-for 24
hourforecasting. As shown ihable 5-4, Multi-ATGCN has the second most
parameters as a sacrifice for extracting multiple temporal heads, integrating various

auxiliary information, constructing muttiew graphs, and learning zespecific
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patterns. However, the training and evaluation speed of MUIBCN is comparable

to many statef-the-art models, since it generates all predictions at once using the 2D
CNN instead ofteratively using the S2S framework (e.g., DCRNN). Considering the
salient performance improvement and the relatively fast computation speed, the
overall computational cost of MWATGCN is moderate.

Table 5-4 Comparison of computation cosfor population inflow forecasting

Model # Parameters Training time/per epoch | Evaluation time
GRU 144045 8.93s 0.88s
LSTM 186925 9.30s 0.92s
AGCRN 752730 35.53s 4.44s
DCRNN 372353 102.45s 12.15s
ASTGCN 988260 85.40s 11.49s
STGCN 732577 58.61s 6.57s
GMAN 380033 218.88s 16.95s
GWNET 350716 47.37s 3.90s
MTGNN 718840 31.31s 2.95s
STGODE 1613964 89.74s 5.85s
STGNCDE 376284 263.58 20.24s
Multi -ATGCN 1603463 46.30s 5.78s

5.55 Parametestudy

A parameter study is conducted on five core hyperparameters of MTIURCN,

including the node embedding dimension, orders of Chebyshev polynomials, # RNN
hidden units, # closeness temporal heads, and # period temporal heads. Experiments
are run on Baltimore city data for Ztep prediction and results are depicted in

Figure 5-9. As shown, MulHATGCN achieves the best performance wtiesnode
embedding dimension = 20, orders of Chebyshev polynomials = 2, # RNN hidden
units = 64, # closeness temporal heads = 2#gretiod temporal heads =Qne

finding is thatwith the increase of each hyperparameter, the model loss decreases at
first and then slightly rebounds. All these hyperparameters would increase the model

complexityas their valuencreass. Hence, an excewely small hyperparameter
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would simplify the model and thus lead to underfitting. On the other hand, a large
hyperparameter @uld significantly increase the parameter numbers, making the
model harder to optimize and causing efrgting. Overall, it woutl be a good

practice to find the most appropriate hyperparameter configuration for each scenario

to achieve the best model performance.

4

0 50 1 2 3 25 50 0 2 ] 2
Embedding size Chebyshev-K RNN units # Closeness heads  # Period heads

Figure 5-9 Influence of different core parameters on modeperformance

5.5.6 Graphlearning

To validate the effectiveness of the proposed graph construction module, this study
constructs graph adjacency matrices based on different algorithms and reports the
model performance iable 5-5. Experiments are run on Baltimore city data for 24
step predictionSeventypes of adjacency matrices are compared. The identity matrix
is used as the bagedi that assumes earbneis entirely seHdependent. Functional
similarity, OD volume, and distance closeness arelpfmed matrices that need

prior knowledge ofzonalconnectivity. In addition, two types of adaptive adjacency

matrices are analyzed. Thaidirectional method follows the definition in E&-10)

@1 AO2A @R F ), while the bidirectional method simplifies E§-10) by

assuming a symmetricma¢ (3 1 £FO2 A QD B P ). Lasty, the proposed muiti

view method is the fusion of all adjacency matrices (Bd.9)). As shown, the mulki
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view approach achieves tlmvest mean MAE, RMSE, and MAPE. The adjacency
matrix measured by functional similariythe secondest, followed by the OD
based measure. Although the two salfiptive methods perform slightly worse
compared to prelefined methods, their performan@as still remarkable even
without any given prior knowledg€&inally, the distance matrix only performs
slightly better than the identity matrix, which implies that directly using distance to
measure theonalconnectivity may not explicitly capture theatgraph structure

Table 5-5 Comparison of different adjacency matricesn Multi -ATGCN

MAE RMSE MAPE
Methods Mean | Std. | Ypb Mean | Std. | ¥p Mean | Std. | Yp
Identity (O) 12.708| 0.332 | 3.82% | 35.479 | 0.970| 4.75%| 0.289 | 0.007| 3.01%
Distance
closeness=_) 12.666| 0.323 | 3.48% | 35.258 | 0.971| 4.10%| 0.287 | 0.006| 2.66%
Adaptive,
bidirectional 12.617| 0.330 | 3.08% | 35.209 | 0.888| 3.95%| 0.289 | 0.007| 3.10%
Adaptive,
unidirectional
(=) 12.587| 0.277 | 2.83% | 35.147 | 0.854| 3.77%| 0.288 | 0.006| 3.02%
OD volume
(=L ) 12.508| 0.272 | 2.19% | 34.684 | 0.670| 2.40%| 0.287 | 0.008| 2.47%
Functional
similarity =,) 12.490| 0.246 | 2.04% | 34.909 | 0.799| 3.07%| 0.284 | 0.006| 1.29%
Multi-view (=) 12.243| 0.205 33.871| 0.609 0.281 | 0.005

Note:Yb is the change in model performance versus MAIRGCN using & astheadjacency matrix.

To further compare different adjacency matrices, the spatial distributions of
four types of adjacency matrices atewnin Figure 5-10. Distance closeness is not
plawsiblewhen geographic units are irregular since the distance between two zones is
highly influenced by their areharge zonessuch aghose located in subushare
more | ikely to Wbhethetistapa elasenass methodssiode the e d 0
distancdrom their centroids to others is inevitably lottpwever,the population
inflow in these areas is not independent of other flévdgacency matrices measured

by functional similarity and OD volume do not negle@sthsuburban areas, but the
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two measure also present highly different spatial distributions. lyashe sel

adaptive adjacency matrix learned by the model is different from the other three pre
defined matrices. lppearsnore like a fusion of all of the three padefined matrices,
indicating that the reatonalconnectivity is hard to interpret and cannot be simply

described by one measure.

Distance Closenass Functionality Similarity

QD Volume

Self-Adaptive

Distance Closenoss Funclonalily Similarily scll-Adaplive

(a) Distance closeness (b) Functional similarity ~ (c) OD volume (d) Self-adaptive learning

Figure 5-10 Spatial patterns offour types of adjacency matrices

5.6Discussion

This sectionproposes a comprehensive GGhsed framework, the MUWATGCN,

for citywide populationinflow forecasting considering complepatiotemporal
dependency and heterogeneous external effects. By integrating a variety of deep
learning techniques and spatiotemporal information, MAIGCN demonstrates
strong flexibility, comparable efficiency, and superior performance in +stgfi tme

series forecasting. Specifically, multiple temporal components are extracted to
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represent complex temporal dynamics. Muléw selfadaptive adjacency matrices
are constructed to comprehensively describe spatial structures. Parameter
initialization andtime sequence concatenation are further employed to learn from
auxiliary variables. Last, all information is fused and passed through epen#ic
mix-hop GCRNN for jointly handling spatiotemporal dependency.

Experiments on two realorld datasets shothat MultrATGCN achieves
stateof-the-art performance, and the advantages are more evident isate
zones and longporizon predictionCompared with the best baseline, MATGCN
yields a5.1-6.4% reduction in MAE for 24step predictionSuchan improvement is
even more salient in datparse zoneyielding a 13.3% reduction in MAE in census
tracts with the fewest POls. Although with high accuracy, the training speed of Multi
ATGCN is comparable tothermodels due to its nerecursion desigm the decoder.
The ablation study further demonstrates the importance of different components in
improving the model performancamong which the fuliconnectedlecodeand the
GCN are the two components that bring the largest improveifiemicomparison
among different types of adjacency matrices indicates that the adjacency matrix
would significantly affect the model performancéeTmultiview approachachieves
thebest performance, followed liynctional similarityandOD-based measuse

Several limiations are recognized and deserve further research. First, in
addition to forecasting population inflow, it is equally important to quantify how
population inflow contributes to traffic conditions on the road netw®plecifically,
the aitcomesof Multi-ATGCN canbe fed into dynamic traffic assignmei

generate citywide, roalével, timedependent traffic volume and speed in the future.
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Secondpnly the population inflow is forecastingvhich is relatively simple to meet
different requirements in travdemand modeling-urther studies should consider
expanding thé/ulti-ATGCN for supportingdifferent scenarios such asulti-task
learning(i.e., multtmodalmulti-activity travel demand forecastingpD matrices
forecasting, and watkorward validation(i.e., predicting human mobilityin an online
manner, particularly usefuinderunexpected interventiond.ast but not leasthe
findingsin this study are datapecific.A verification of more types of datasets is

warranted to further t est t he model
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6 Chapetlemdi vi dual trip i1tinerary

The previoushapterintroducesa novel graptbased deep learning framewdok
population inflowtime seies forecastingHowever,population inflowbelong to
aggregated travel demanteaure One main advantage MDLD is that it contains
rich individual trip information,providing the opportunity to model travel demand in
abottomup way[23, 35] which is highly compatible with the current disaggregated
activity-basedmodelparadigm{24, 25] Hence, @veloping gpowerfulknowledge
fusion anddiscovery frameworko forecast futuré¢ravel demand at aindividud

level based on abundant historical individtrgb informationis importart.

Compared with aggregatéelvel population flow forecasting, individubdvel
trip itinerary forecasting is more challenging because of higdriglom
spatiotemporal patterns widividual travelgFigure 6-2), multi-structure forecasting
tasks (i.e., jointly forecasting time, activity, and locatidaige scale training datasets
(i.e.,each observed device is an entiftg)balanced distributions of places and
activities(i.e.,a small portion of places attracts a large portion of viagsndicated
by blue spots irFigure 6-1), cold start issue (i.e., discovering the potential links
between new (or seldombyisited) locations and individualsdnd heterogeneous
external effectgi.e., effects of individual features, weathard holidays)Dueto
these challenges, individulgvel tripitineraryforecasting is more difficult, reporting
much lower accuracy in prior studies compared with aggregevetiforecasting33,

165].
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Figure 6-1 Spatial distribution of individual trip origins and destinations

Note: Data show onenonth trips generated by three randorsdjected device8lue spotanark the

locations with the most frequent visits by each device.
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Figure 6-2 Weekly evolution ofthe spatial distribution of individual trips

Note: Data shows onenonthorigins and destinations tips generated biywo randomlyselected

devices Each panel shows the trigeneratedn aspecificweek ranging from week 0 to week 3.

To this end, ltis chaptemproposes hierarchicalactivity-basedramework
(HABF) for simultaneously predittg the activity,departurgime, and location of the
next tripfor each observed mobile devifagure 6-3). First, a pipeline of data

preprocessing isonductedincluding activity labeling missing trip imputationshort
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trip linking, anduserfiltering. The main goal of this step is to construct a reliable
training dataset from the raw trip roster for mdéakrning Then aninterpretable
Hierarchical Transformer (IHTH} proposedor predicing the dailyactivity chainin
each houfor each observed devicecorporating features from travelensps, and
externalenvironmentsIHTF considers heterogeneous external effects and can handle
large scale datasets benefiting from its transforib@sed networkeasign.
Meanwhile, loss functions in the semantic segmentation ddd@jmare introduced
to address thembalanced classificatioissue. Lasta location generator is designed
to generate locations based on predicted agtohigirs andhistoricaly visitedplaces
The location generat@ddresses the cold start issue by combining the local and
global probability.The whole frameworkvastrained andested on a countievel
dataset covering-ghonth trips from over 8,000 devicesvith their home locations

located inMontgomery CountyMD, andshowedacceptablg@redictionaccuracy
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Figure 6-3 Hierarchical activity -based framework(HABF)
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6.1 Trip preprocessing

6.1.1 Activity labeling

Linking land use ot diverseregionthat individualvisits with the explicit activity
thattheindividual engagein are challenging77]. Hence, nost previous studies only
consideedthree activiy typesi.e., home, work, and other$his sectioraims to
coverll types ofctivities includinghome, workyetail, restaurant, education,
recreationhealth care, social service, residential, peakservices, and othershe
activity types are categorized based on the NAICS code offRibisSafeGraph

with thecorrespondencshown in Table 6-1. Note that home and work are fully
extracted from the MDLD other than determined by the NAICS code of, Réise
their relations with NAICS code are not reported able 6-1. The descriptionof the

NAICS code can be fourdt https://www.nags.com/

Table 6-1 Correspondencetable between activity type andNAICS code

Activity NAICS Codeof POls POI Count
'52', '54,'5321', '6322', '53235324', '5331', '8111', '8112", '811 14465
'8114','8121','8122', '8128B129'

Person Service

Social Service| '56', '92/'8131', '8132', '8133', '8134', '8139', '8141" 11622
Retail '‘42' '44' '45' 57573
Residential '5311', '5312', '5313' 10151
Education '61', '6244" 10382

'6211', '6212', '6213', '6221', '6222', '6223', '6231', '6214', '62]

Health Care | 5516 6219 6232 '6233" 6230241, '6242". ‘6243 16125
Recreation '71' 20706
Restaurant | 7211, ‘7212, 72137223, ‘122477225 61727
Others 00, 11, 21, 22,23 31", '32', '33". '48', ‘49", ‘51", '55' 9311
Home - -

Work - -

Sum 212062

This sectiorproposes probabilisticmethodfor determinng the activity type

basedon 1) the closeness dfip origin/destinatiortot h e d e v i/work [catiolm o me
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and/orotherPOls, and 2) thattraction ofthe POlameasured by the average
historical hourly visit The underlying assumption is that people are more likely to
visit the PO$ which arecloser to their destinatiormdshow higher popularity.
Specifically,if the origin/destination is within 500 m of their home/work location, the
activity type will be directly assigned as home/work. For those origins/destinations
far from their home and vk locationsthe nearestO POls within 500meterbuffers
are selected and attachedrabability based otheir distanceo the origiridestination
and theirattractionmeasured by the number of visithen the probability is
summedup by POltypes, ard the POI type witlthe maximum probabilitys chosen
asthe finalactivity type Assume in a 500 m buffer, there are t&IRIOIs belonging

to U types for each type, the number of POIs)is Theprobability of the visit
belonging to the Rtype, i.e. 0 i, iscomputedas Eq( 6-1), and the final activity

type, i.e.0, iscomputedas Eq( 6-2):

- 0 {AQ
' 6-1
O B 0x7Q (&-1)
0 @i Q& day Q phresy (6-2)

wherev , is the average number of historical visits to R@t hourt; Q is the
distance from the origin/destination to POI
Figure 6-4 (a) illustratesthe process of findinthe activitytype for one trip
The black star shows the trip destination while the spots show different POIs with
their color varying by POI types atigeir size varying by the probability (EQ6-1)).
The activity is finally defined as restaur

shown on the majNote tha due to the lack of ground truttine accuracy of this
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probabilisticactivity labeling algorithm cannot lested However, it is currently the
best waythatcanbedesigredfor assigiing activitiesin this study Figure 6-4 (b)
shows thalistribution of activitieswhere home, retail, restaurant, work, and

recreation are the top five activity types, accounting/i® of total trips.

POl-based purpese assignment

® Finance | .
O Recration Others [l B Pct. of visits
O Reslaurant I

" il .

J L Person Service [

Residential [
Social Service -
Health Care _

Education
Recreation _
Work

= = < Restaurant [

.

POI Type

a Home [ N

0.0% 5.0% 10.0% 15.0% 20.0% 25.0% 30.0%

(@) (b)

Figure 6-4 Illustration of activity labeling (a) and distribution of activities (b)

6.1.2 Missing trips imputation

AlthoughMDLD -driven travel demand can achieve a high consistency with surveys
when thespatial aggregation urig large[3, 71], the consistency will bgreatly
attenuatedinder finer zoning systesnTheaccuracywill be furtherattenuateavhen
zooming into individualsOne of thanain reasosis thatMDLD cannot ensurthe
recordingof all the movements of each devid@ address thighis sectionproposes
several rulesor fill ing the missing trips. Firstynless the device is on a ledgstance
touraway from homedreater tha®s0 miles) it shouldstart and end at homathin a

day (04:00 AMi 04:00 AM +1)[25, 71] Secondfor each device, trip sgiences

should be spatiotenopally continuous.Alternatively, the destination of the previous
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trip should be spatiotemporally close to the origin of the nextRdpeach devicef i
theserequirementsreviolated, a new trip will be insertefbllowing therules:
1 A daily tour $would start from homef not, generatea 08 a Q0 o0 tr i p
for that devicewhered is theorigin of the first observed tripn that day
1 A daily tour $ould endathome; if notgeneratea OA © '0O¢ adQ tfar i p
that devicewhereO isthedestination of the last observed tap that day
f  Two successiverips shouldbe continuous; if nati.e., if O Q0o )

pa QY @enerate O © U 0  tfar thap cevice whereO isthe

destination of the previous trip and is the orign of the next trip.

After generatingorigins and destinatios) the departure timef each synthetic
trip is thenassigned based dts historical probabilitygroupedby activity types and
days of the weeklf the devicehasengaged irthe activity before the departure time
is assignedbased orthe combination oindividual andglobalprobability. Otherwise

the departure times generadentirelybasedon theglobal probability:.

v ERRR ERR s s
h————— p | ——hQQ x0T
B £ B £ hhh
. Fh R BR
URRA s (6-3)
> h h M N
e ——hR Wi 0 Qi Q
Vg B R R

wheret i i is the total number of trips generated by devioe the day of weelw
at hourt engaging in activitk; ¢ j  is the total number of trips generated by all
devices on the day of we&kat hourt engaging in activitk; O is theendtime ofthe
trip before thesynthetictrip and"Y s the start time of the trip after tsgnthetictrip; | is

a parameter controlling the weight of individymibbability (set as 0.9 in this study)
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Example: Assumethatdevice A0, misses a trip starting from home that needs to be
synthetic. The missing trip occurs on a day with day of week = 0 (i.e., Monday). Its
previous trip ends at 03:00 am and its next trip starts at 10:00 am. Hence, the
synthetic trip may deart at any hour between 03:00 am and 10:00 am. For each hour,
the probability of departing is calculated based on the historical number of trips
departing at that timé=or examplethelocal probability of the trip departing between
03:007 04:00 am i€ B ¢ ,theglobal probability of the trip departing between
03:001 04:00 am i€ ¥B ¢ , and the final probability is tireweighted sum:

1¢¥B ¢ p 1 £¢7B ¢,

Table 6-2 Example ofa frequency lookuptable

Day of week Hour Activity # trips (Device A0) # trips (All devices)
0 0 Home 3 :
0 1 Home g (3
0 2 Home 3 g
0 3 Home £ £
é é é é é
0 23 Home £ £

6.1.3 Short tripslinking and clusterig

To reduce the computation burderis section aggregatéhe trips on an hourly
basis Alternatively, this section assumes at most one trip can be generated by a
device during an houmhereforetrips with departure tingwithin an hourare linked
to a new trip.Meanwhile two continuous trips witloverly close distance(below0.5
miles) and time interva (below4 minutes)re linked to decreashe randomness
brought by short tripd.ast, extremely short trips, i.e., trips with distaneeder0.1
miles and travel times shorter than 1 minute are removed.

Another widely existing issue is tlscillationof GPS poing collected by

mobile devices, whichlso leadto the identification bsome unreal short trip$he
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reason is that positioningpises result inmultiple candidatethat aren the same
placebeingestimated at slightly different coordina{é3, 17] To account for this

for each user, thBensitybased spatial clustering of applicationgmnoise
(DBSCAN)[215]is further employedo cluster the trip origins and destinations that
aretoo close The DBSCAN algorithm views clusters as areas of high density
separated by areas of low density. There are two parantmatersamplesand

epsilon to definetheclusters Higher min_samples or lowepsilonsuggest higher
density necessary to form a clusterthis study, the epsilon parameter, which is the
max distance that points can be from each other to be considered a cluster, is set as
0.5 miles The min_samples parameter, which is the minimum cluster size, is set as 1.
Figure 6-6 illustrates the trip spatial distribution of two randorshlected devices
beforeandafter applying the DBSCAN. As shown, tB8SCAN successfully

merges those spatially close trip origarsd destinations, simplifying the mobility

graph structure whilestainingthe initial spatial resolution and locations.
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Figure 6-5 Illustration of short trip merging using DBSCAN

Note: Thefirst (third) panel represents theo-monthtrip spatial distribution before DBSCAN while
the second (fourth) panel represents the corresponding distribution after DBSR&MNA markers

and arrows denote the main changes clustered by DBCAN.
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6.1.4 Devicesfiltering

The prevousstes can only handleleviceswith a smallfraction of missing
observations, while for those with lots of missing records or with highly irregular
mobility patternsthe aforementioned stepsmainunableto provide solubns
Hence,in the last stepjeviceswith very fewor too manyrecordsare removedo
awoid polluting the model learning process. Specifically, aldyicesgenerating at
least one tripperweekand at most0trips per week10 trips/day)areselected,

which leads td.8,927devicesbeing selected frortheinitial 145189devices

6.1.5 BeforeAfter comparison

Figure 6-6 shows thedistribution of daily activity chainbefore and aftethe data
preprocessingandTable 6-3 reports the top 2@aily activity chainswhich show the
greatest changes after trip processigekdays and weekends agported
separatelyA distinguishable improvement can be observed after data preprocessing.
Most processed daily toursow start and end at homend% Home>Work->Work-
>Homeincreases from 6.81% to 10.31% during weekd®Meanwhile, the number of
shortand incompletéoursis greatlydecreased-or example, %Home>Work
decreases from 1.36% to 0.14%, and % Wedomedecreases from 0.85% to
0.07% during weekday®oreover, most daily tounsow show a continuous activity
chain, i.e, the activity of the previous destinatiortli® same as the activity of the
next origin.Another interesting but intuitive finding is the difference between
weekdays and weekends. Most of the daily activity chduring weekdayiselong to

A Ho maVork©® Work© Ho me 0, durnl wdeleends the mdsequent daily
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activity chRetait® Retsil® iHi onmAdso, different types of daily

chains are distributed more evenly during the weekends compared to weekdays.
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Home->Work->Retail-»Home Education->Home
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Figure 6-6 Distribution of daily activit ies before (a)/after (b) trip preprocessing

Table 6-3 Daily activities (%) comparison before/after trip preprocessing

Postprocessing | Preprocessing | Y 0 £ i @i ¢
Week | Weeke| Week | Weeke| Week | Weeke
day nd day nd day nd
Home>Work->Work->Home 10.31 | 1.61 6.81 0.91 3.50 0.71

Home>Work 0.14 0.06 1.36 0.36 -1.21 | -0.31
Work->Home 0.07 0.03 0.85 0.25 -0.78 -0.21
Home>Retail>Retail>Home 1.53 2.96 0.90 1.63 0.63 1.33

Daily activity chain
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Home>Home 1.11 2.04 0.51 0.72 0.60 1.33
Home>RestaurantRestaurartHome 1.47 2.62 0.91 1.44 0.56 1.17
Home>Recreatior>Recreatior>Home | 0.97 1.88 0.55 0.98 0.42 0.90
Home=>Health Care-Health 082 |083 |046 |039 |036 |0.44
Care>Home

Home>Educatior>Educatior>Home 1.19 1.29 0.84 0.73 0.34 0.56
Retail>Home 0.07 0.15 0.34 0.76 -0.27 | -0.61
RestaurantHome 0.07 0.15 0.32 0.73 -0.25 -0.58
Egm§>w"rk‘>w°rk'>Reta“>Reta“> 055 |01 |030 |005 |024 |0.06
gr?]rge>work'>work'>work'>W°rk'>H 048 |008 |025 |004 |023 |0.04
Home>Work->Work->RestaurantRest 0.45 0.10 0.24 0.04 0.21 0.06
aurant>Home

Recreatior>Home 0.06 0.11 0.23 0.47 -0.17 | -0.37
Home>Work->Work->RecreatiofPRecr | g | 505 | 012 |001 |017 |0.04
eationr>Home

Egmg>w"rk‘>w°rk'>Home>H°me> 034 |005 |018 |003 |016 |0.02
Home>Social Service-Social 034 |099 |019 |050 |015 |049
Service>Home

Education>Home 0.05 0.07 0.20 0.30 -0.15 -0.23
EgmfRe“’“bReta'L>W°rk'>W°rk'> 022 |006 |008 |002 |014 |004

Note: Data are ranked by the difference between the post ajpdamessed data on weekdays.

The comparisowf trip statisticsbefore and aftetrip preprocessing reported
in Table 6-4. Overall, the daily number afips per person has largely increased and
tendsto be more consistent with the daily trip rate reported by NHTS (3.37). In
addition, the gerage travel timand travel distance both increase after trip
preprocessing, which is plausible due to the short trip linking and merging.

Table 6-4 Trip statisticsbefore/after trip preprocessing

Before After
# devices 145,189 18,927
Average # trips pedevice per day 1.16 3.52
Averagetravel time per trip (minute) | 26.68 28.91
Mediantravel time per trigminute) 16.63 1595
Averagetravel distance per trip (mile) | 11.64 13.31
Mediantravel distance per trip (mile) | 4.15 4.21
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6.2 Hourly activity chain prediction

6.2.1 Objectives and challenges

The main objective of this section is to predict the hoaclyvity chain of each
device in the next 24 houbssed orits historicalinformationfrom the previous
week The reason thahis studyfirst predics activities instead gblacess thredold.
First, activity patternsare more regulahanplaces For example, a person may go to
restaurants evenmyoonwhile thevisitedrestaurabmay vay. Seconddirectly
predicting the placeis more difficult since there atbousand®f placeshat a person
canvisit, while thenumber ofactivity typesis congrained toelevenin this study
Last, directly feeding the places into the model also leads to cold start issues since the
model only gets the knowledgdout previously visited placeSeparately predicting
place and activityvhile leaving the place prexion to a probabilisticmodulegiven
the forecastedctivitiescould well solveheissues.

Forecasting the hourly activity chain for each device, however, is still
challenging due to the following issud$ie main challenge is that an individual
level, high randomnessHill existsin temporal patterns of activity chairfggure 6-7
showsthe heatmap dfiourly activities ofarandomlyselectedilevice.Someregular
patterns can be observedrigure 6-7. For example, this device frequently makes
AHoM&Nor ko tri psi 0800amamg @omPp0eHemedWobr kps
during02:001 03:00 pm. However there are also some randomly distributed
activities scattexd overother hourswhich increases the difficulties of forecasting.
Similar patterns can be foundhigure 6-8, which depicts thelaily total trip counts

across the two months separabgdactivity types The main finding is that some
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activitiesarecharacterized by higherregularity that allowshe modelto easily
detect predictable trends f or e x a mp?l o, r ktdh,e wihHolnee t he ot he

a higher degree a@pontaneityindicatng a higher difficulty of prediction.
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Home->Restaurant
- Education-=Home

. Home-=Hducation

- Home =Retail
l Retail =Moms
- Home-=Home
I Social Service =Home
Others
[ Varke=Home
- Home-=Waork
l Unmoved

Figure 6-7 Tile plot ofa d e vhoudyeaétigities in two months

Note: The yaxis is the hour of the day and thexis is the date in the first two months of 2020. Each
tile represents the activities the device engaged in duringpdlg, labeled by chain connecting

activity types of the origin and destination.
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Another main challenge is the imbalanced distribution of actohigins At
an hourly level, there are totally 122 types of activity chaliassimplify the
classification problem, this study only considers the top 30 types and packs the others
asanewyt p e i Otniorgthe 31 typedof activitiegiStationary (the blue tile
in Figure 6-7) accounts for 864%, A Ot her s0 acc dup@aVofrkro 2. 85 %
accountsfo 1. 00 % HémRed aat¢count s OfRat &i.1807 %, AHon
accounts for ©QHG@M&O anondo i Woser&eiO9pAsalO. 78 %
result,classicaklassifiersend to ignore minority classes while concentrating on
classifying thanajority ones accuratelfi.e.,iStationary i n t hThisdevatisu d y )
from theresearch goal since the minority, i.e., those time slots with trips being

generated, are the target th@s studyneed to accuratelypredict.
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Figure 6-9 Distribution of hourly activity chains : weekday vs weekend

The last challenge thathuman travel behavior is a function of various
factors.For exanple, workers and nonworkers may have different travel patterns;
holidays may induce irregular trauyehaviorsweekday and weekend patterns may

alsobediverse(Figure 6-10). Hence, the modeshouldhave thecapability to learn
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from multi-structral featuresincluding static/timerarying variablesand

external/intenal variables.
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Figure 6-10 Hourly trip counts by activity types: weekday vs. weekend

6.2.2 Problem statement

Assume there aredevicesn the training set, eaatevicei is associated with a set of
external variabless e he ;fEBe; N g and a time sequence attivity
chairsl  QphdphaBo; M A ,whereey o hop hadho, N

A is the set of external variableshourt; & is thek™ external variablecy is
theactivity paironhourt generated by devidewhich is defined afd Uy © 0 ‘G0,
where0 Uy, is theactivity type of therip origin andd G is the activity type of the
trip destination’Q is the number of external variables, &dis the length othe

activity chaintime series. The general goal of this study isdm a function to

predict futurell given its pat information.
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The origin dataset= fL , comprises a long time sequence for edevice
which cannot be directly learned by the model. Hence, a rolling window is applied to
convert the raw dataset into a set of learnable sanfilgsr¢ 6-11). Under a rolling
setting with encoder lengi@ (i.e. the length of loolback periogdset as 24*7 hand
decoder lengti® (i.e. the length of the prediction periakt as 24 hthe gal is to

jointly learn a noflinear mapping 8 between each pair of encoder and decoder:

;(

“hod .~ ®h SR d (6-4)

forallov QHQ pMBH Q and® plgfB AQ wheret is the starting time of

a rolling window;l is the number oflevices « ; ¢ N g  istheQ -step
predicion, e g N A areexternal variables in pa& hours
«p ¢ N A areobseredactivitiesin pastQ hours

In the context ofctivity chainforecasting, external variables; can be
further divided into three types: &ptic variablesv ¥ g5 , such as demographics,
socioeconomicsyork status, antdome location of thdevice 2) time-varying
future-unknown variableg y ¥ a4 , such as weather conditions; andiBje-
varying predetermined variables; ¥ g , such as holiday days of theweek, and
thetime index. The three types of variables have different dimensions and should be
handledaccordingly Specifically, static variables do not have temporal dimensions,
time-varying futureunknown variables cannot cover future information, while time
varyingpredetermined variables cartludeboth historical and future information.
Under such settings, EQ6-4 ) is rewritten as:

i d i) R QFDF] q by d (6-5)

~
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Figure 6-11 Illustration of processingactivity chain time seriesfor IHTF

Figure 6-11illustrates the data structuretbiforecasting problem. For each
matrix, the yaxis is thedevice,and the xaxis is the time. Different matrices denote
different types of variables. Thelling window comprises an encoder (the green box)
and a decoder (the red box). It slides acrosgeaficeswith a step of hourfrom the
starting time to the end. Samples are then grouped into batches for model training.
Figure 6-11 also demonstrates how different types of variablesild be handled
The rolling window is not applied to static variables since they do notdiave
dimension. Meanwhile, the decodetrthe rolling window is not applied to time

varying futureunknown variables to avoid information leakage.

6.2.3 Proposed approach:nterpretable hierarchical transformer (IHTF)

This section introducean Interpretable Hierarchical TransfornfTF) to predict
individual hourly activity chains. e reason to propose the IHTF is thfell. First,
IHTF has a weldesigned structure to handle different typesxafgenousariables,

which isof great impotancesince individual decisicimaking can be easily affected
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by a range of factorsuch asndividual attributes, external environments, and
historical travel habits. Secont{TF employsthe transformeto learn temporal
dynamics, whichs an allattenton-basedstructurg127] that can handle the sequence
data more efficientlyparticularly compared with RN&I The efficiency is nontrivial
in individuallevel forecasting since the number of mobile devibas needs to
predictis huge This is also the main barrier to continuthg useof graphbased
neural networkso forecastndividual mobility.In the graph neural networks, each
device should be viewed as a node, which would result in a giant graph with ten
thousand node3hird, due to the attentiomechanisnand the variable selection
module thelHTF can have some interpretability regarding the learned temporal
patterns and the variable importanadich provide insights into the underlying
factors that influence travel decisions
6.2.3.1 Model Structure
The IHTF mainly takes inspiration frothereverse time attention model16], the
transformef127], andthetemporal fusion transformg217]. Figure 6-12 shows the
architecture ofHTF. Specifically, the IHTF contains sevemmponents

1) Variablepreprocessingahybrid module to deal with data preprocessing,
including variable embeddireyd datarolling.

2) Gated residual network (GRNB unit to controthe degree of complexity
and to skip over irrelevant informati¢t28], including dropout, residual connection,
layer normalization, and several ntlimear transformations.

3) Variable selectiona network teselect and fuseariables.
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4) GRU-based positional encodingn S2Slayer using &5RU encoder
decodef[208] to enhancéemporallocality sensitivity.

5) Transformef127]: a module similar téhevanillatransformerincludinga
multi-head seHattention modulea positionwise feedforward network, and an

encoderdecoder architecture.
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Figure 6-12 IHTF architecture
6.2.3.2 Variable Preprocessing
Variablepreprocessing is essential accelerang model training and enhaing

modelperformanceLet o ;fo;  frhE; , wherefs ¥ s is theset of
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categorical variables ar%blﬁ N a s the set of continuous variables. Simiao
various sequence transduction mod268], this sectioremployed entity embedding
to convert categorical variables into learned-liimensional representations, for

which the embedding dimension is empirically determined by théoauof

categorieS)f-H—ﬁ. Letting’Q be the embedding dimension of #i&categorical
variable, the embedding representatioftgfcan bewrittenas: ;%1 A A4

NgB . Next, embedding representations amhtinuous variablesre

concatenatetb construct the encodelecoder matrix «, R g

A B . The rolling windowis applied to the matrix, splitting it into

multiple slices, witreach one containing an encoder in ler@tland a decoder in
length’Q (Figure 6-7). Hereinafter the index dhedeviceis omitted for
simplification since thenpcessing on eadatevicefollows the same flow.

6.2.3.3 Gated Residual Network (GRN) Unit

The IHTFmainly relied on the GRIb controlthedegree of nonlinearity and to skip
overunimportant information. GRN is a gating mechanism incorporaliogout,
residual connection, layer normalization, and severallinear transformations

[128]. The main form of GRN is as followW&28]:

2.+ , AUAO.FH OI % (6-6)
L% L8 fags 4 (6-7)
¢ $01 PRGO (6:8)

g %, 5+ + (6-9)
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where N a s the input vector; LayerNorm is a standard layer normalization;

# N and# N A areintermediate layerss by Ry Ry N s are
weights and} At R At ¥ 5 are biasesd is the elemenwise Hadamard
product;%, B is the elementvise exponential linear unit activation functign8

is the elementvise sigmoid activation function. During training, dropout is applied to
# layer as a regulam to avoid werfitting.

The intuitionaboutthe role of GRN is described as follows:

I)Whense F 4 m# 5 F 4 and# is the linear transformation
of;whens + 4 L m# © pand# isaconstant; only whep + 4
located in a proper range, the nonlinear transformatiéni®factivated. Such nature
allowsthe GRN to control the degree of nonlinear@yinput variable-.

2)Wherr ¢ L m, 4 F Omand , F O m' 2.k
becomes a layer entirely skipping nonlinear parts; whes -H- I
., # H ©pand , % O # 4, now thenonlinear part contributes
most to the layer output. Such nature alltkesGRN to control the contribution of
nonlinear padto the GRN output.
6.2.3.4 Variable Selection
Unlike most univariate time seriésrecastingnethods thabnly utilize self
information to construct autoregressitims sectiorincorporated variety of
exogenous variablaesto the model. However, relations betwebkose exogenous
variablesand targetctivity chainsare unknown, anthetypes and dimensions of
exogenous variablege hybrid. Thus, a variable selection network to fuse different
variables and assigranonicalvariablewise selection weights is essen{i216, 217]
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Specifically,the IHTFassigned a weight vector to eastogenous variablend
weighted combinedhe product of weights and variables to genefiatd selection
outputs The learned weights exogenous variablesan also serve as tfeature
importance fomodelinterpretation. Considering the naturetoé data sourcegsed
in this study the varable selection networik dividedinto three partsstaticvariables
selection, timevarying encoder variables selection, and twaeying decoder
variables selectiorkigure 6-13 shows the highevel architecture athe variable

selection network, witindividual partsdescribed in detail in the subsequent sections.

Figure 6-13 Variable selection networkarchitecture

Staticvariables Let'Q be the modéthidden size an@ be the modéd
hidden continuous sizeach categorical variable resampledrom thedimension
Q to’Q, andeach continuous variabielinearly transformedhto a dimensionof
‘Q . To reduce the computation lodketemporal dimension was removed since all

variables arestatic All transformed variables were concatenated and flattened as a
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