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AbstractThis paper presents a model of departure time hoie based on the notion ofa latent preferred arrival time using the peak-avoidane data of the DuthSpitsmijden projet. Spitsmijden involved the use of rewards for enourag-ing drivers to avoid ommuting during the peak-hours. Rewarding (eitherby money or by Smartphone redits) was investigated in the ontext of alongitudinal �eld experiment lasting 13 weeks in whih the eletroni dete-tion of partiipant s vehiles was used to verify hange of behavior i.e. shiftof traveling time. Using 15 minute interval to disrete time, we estimatedseveral hoie models to identify the hoie of departure time when rewardsare provided. We use these interim models to generate starting values fora new modeling framework based on the vehile detetion data to estimatethe hoie of departure time and assuming a latent preferred arrival timebased on a latent lass onstrut. This study is a work in progress andpresents interim results.12th WCTR, July 11-15,2010-Lisbon, Portugal1
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1 IntroductionToo many people traveling in their ar at the same times and even tothe same plaes are a main ause for road ongestion. The prognosisfor Europe is far from satisfatory. Congestion levels on urban roadsthroughout the European Union are rising (European Commission, 2006a,European Commission, 2006b). Overloading of the Transportation Systemhas onsiderable external osts suh as pollution, noise and road user safety(Mayeres et al., 1996) and results in inreasing frequeny of inidents, in-terrupted vehile ow and unertainty regarding travel times (Lomax andShrank, 2003). Transportation Demand-based solutions (e.g. promotingmodal alternatives, parking poliy and land use planning poliy) have beensuggested to redue ongestion (Shiftan and Golani, 2005). Another pos-sible remedy is to enourage travelers to shift to other times i.e. hangeof departure times to less ongested time frames either before or after therush-hour. That is to inuene their hoie of departure time.Convining travelers to hange their departure times is far from easy asit disrupts their ommon daily shedule. Without a stimulus there wouldbe no real motivation to hange normal behavior. Transport eonomistshave been arguing for implementation of road priing as a �rst-best solutionto eÆiently alleviate ongestion externalities (Nijkamp and Shefer, 1998;Rouwendal and Verhoef, 2006; Small and Verhoef, 2007). However, roadpriing is ontroversial and insight is laking in key domains. First, assuggested initially by Vikrey (1969), optimal priing requires that tollsare designed to be variable making it quite omplex for drivers' ompre-hension (Bonsall et al., 2007; Verhoef, 2008). Seond, it raises questionsregarding soial equity (Giuliano, 1994), fairness and publi aeptability(Banister, 1994; Viegas, 2001; Eriksson et al., 2006). Third, psyhologistsassert people are more motivated when rewarded rather than punished(Kahneman and Tversky, 1984; Geller, 1989).In The Netherlands the notion of using rewards to ahieve desired out-omes in travelers' behavior has been reently implemented in the ontextof the Spitsmijden (translated freely as peak avoidane) program (Ettema12th WCTR, July 11-15,2010-Lisbon, Portugal2



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.and Verhoef, 2006; Knokaert et al., 2007; Ettema et al., 2010). A pilotstudy, involving 340 partiipants and lasting over 13 weeks, was organizedin the seond half of 2006. Its objetive was to investigate, in an empirial�eld study (or revealed preferene - RP), the potential impats of rewardson ommuters' behavior during the morning rush-hour. Partiipants wererewarded, either with money or with redits (to be eligible to keep a handySmartphone alled `Yeti'),for hanging their behavior. Behavior hangewas de�ned as shifting ommuting times from the morning rush-hours toearlier or later times, hanging travel modes or for working from home.Further details of the design are presented in setion 3. Initial results pro-vided evidene of substantial behavior hange in response to the rewards,with ommuter shifting to earlier and later departure times and more useof publi transport and alternative modes or working from home (Ettemaet al., 2008; Ettema et al., 2010).Further researh, based on disrete hoie modeling for aggregate alter-natives (peak driving, driving before the peak, driving after the peak andnot driving), suggests the main e�et of the reward is to enourage theshift from peak-hour driving. In this sense the rewards triggers a responseto avoid the peak-hour. However, the hoie of alternatives to rush-hourdriving is inuened by di�erent fators: First, ertain soio-eonomi har-ateristis like gender and eduation were found to be signi�ant. Womenwere found to be less responsive to hange behavior. Higher eduation wasalso assoiated with lower peak avoidane rate. Seond, sheduling on-siderations inluding work and home related onstraints or exibility werefound to inuene behavior. Work time exibility suh as ability to startworking later was assoiated with driving after the peak. Third, the gapsbetween the hange of behavior and habitual behavior as reeted in the,usual peak ommuting frequenies (referene behavior), usual departuretime and preferred start of work time are relevant. The larger the di�er-ene (e.g. earlier usual departure time assoiated with driving before thepeak) the lower is the rate of peak-avoidane. Use of other modes exeptthe ar for traveling to work was also assoiated with enouraging not driv-ing. Fourth, pereptions about e�ort involved in avoidane behavior andbeliefs regarding the non-motorized alternatives (yling and publi trans-port) were found to have signi�ant e�ets. Positive beliefs about alterna-tives were assoiated with less driving. Pereptions of high e�ort in hangeof behavior were assoiated with less peak avoidane. Fifth, greater use12th WCTR, July 11-15,2010-Lisbon, Portugal3



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.travel information was assoiated with a greater degree of peak avoidaneand espeially with driving after the peak. Further results are disussedby Ben-Elia and Ettema (2010). The researh into Spitsmijden, so far hasprovided remarkable results. However, to date it has mainly foused onthe analysis of partiipants aggregate hoie of mode and avoidane prefer-ene (before/after the peak-hour), whereas the dynamis of departure timehoie during the ourse of the program have been less understood.Departure time hoie modeling has been part of main stream travelbehavior researh for more than three deades. Congestion managementshemes are based on the assumption that travelers optimize their depar-ture time hoie. Ever sine Vikrey formulated the `bottlenek' model inthe late 1960's (Vikrey, 1969) and later updated by Small in the 1970's(Small, 1982; Small and Verhoef, 2007), the onept of shedule-delays(early and late) has been the fous of most modeling endeavors. The mainidea is that travelers sheduling revolves around a preferred arrival time.The bottlenek model shows how a queue is formed from the departuretime deisions of individual travelers and how a time-dependent toll ouldin theory dissolve it eÆiently. Several theoretial extensions have inludedvariable demand and supply and heterogeneity but the fundamental logiremains the same (Arnott et al., 1990, Arnott et al., 1993). Several em-pirial investigations applied shedule-delay spei�ations using disretehoie models (Bates et al., 2001; de Jong et al., 2003; Ettema and Tim-mermans, 2006; Jou et al., 2008). Most of these models used disretetime units in di�erent intervals to represent ontinuous time. A di�erentapproah was applied by Bhat and Steed (2002), who used a hazard spei�-ation to model departure time for shopping trips. However the behavioralrepresentativeness of this approah an be questioned. In this paper weontinue with this line of researh with a fous on departure time hoiebehavior during the experiment. We apply the shedule-delay frameworkalbeit in more exible manner using a latent preferred arrival time on-strut.The main hallenge standing before any departure time hoie modelis lak of suÆient and aurate data on travelers' departure and arrivaltimes. Usually surveys based on stated behavior of travel diaries are ap-plied. Surveillane tehniques to apture real departure and arrival timesare less frequently adopted probably due to both high osts of the infras-truture and privay issues. In this respet the database of Spitsmijden12th WCTR, July 11-15,2010-Lisbon, Portugal4



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.provides researhers a remarkable data set of revealed preferene. The restof the paper is organized as follows: Setion 2 presents the design of theSpitsmijden pilot experiment and the data olletion. Setion 3 presentsthe modeling framework and the estimation results. Setion 4 presentsdisussion and future work.
2 Design and data collectionThe Duth 'Spitsmijden' experiment is, thus far, the largest systematie�ort to analyze the potential of rewards as a poliy mean for hangingtravel behavior. The experiment was onduted by a publi-private part-nership onsisting of three universities, private �rms and publi institu-tions. Its purpose was to ollet a large sample of empirial or revealedpreferene (RP) data regarding the e�ets of a reward on daily ommut-ing behavior during the morning rush-hour. A pilot study was launhedin Otober 2006. The study area was the heavily ongested Duth A12motorway streth from Zoetermeer westbound towards The Hague. Dur-ing a period of 13 onseutive weeks, 341 reruited volunteers (221 menand 120 woman) living in the town of Zoetermeer, a satellite ity of TheHague, partiipated in a sheme whereby they would reeive daily rewards,either of money (between 3-7 e) or of redits to earn a Smartphone alled`Yeti'. 232 partiipants hose to reeive a monetary reward (\Money") and109 the Smartphone reward. Partiipants ould avoid peak-hour travel, de-�ned between 7:30-9:30 AM and earn a reward, either by driving at o�-peaktimes (before or after the peak), swithing to another travel mode (ylingor publi transport) or by working from home. Partiipants that optedfor the Yeti option were also provided with real-time traÆ informationregarding travel times on the Zoetermeer { The Hague orridor.Data was olleted during the `Spitsmijden' experiment in three stages.The �rst and third stages onsisted of surveys. The seond stage onsistedof the atual experiment. The seond stage was the atual experiment,lasting 13 weeks (of whih weeks 3-12 were with rewards). It onsisted oftraking partiipant's revealed (i.e. observed) behavior. Detetion equip-ment using in-vehile installed transponders and eletroni vehile identi�-ation (EVI) as well as bakup road-side ameras was installed at the exitsfrom Zoetermeer to the A12 motorway and on other routes leaving the ity.12th WCTR, July 11-15,2010-Lisbon, Portugal5



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.This equipment allowed deteting eah and every ar passage during theourse of the day, minimizing the ability of partiipants to heat by tryingto aess alternative routes. In addition, partiipants were instruted to�ll in their daily web-based logbook. They reorded whether or not theyhad ommuted to work (and if not, why not), whih means of transportthey used and at what slot time they made their trip. This informationwas used to gain insight into situations in whih the partiipant was notdeteted by the EVI. It was neessary in these ases to know whether theyhad used some other means of transport (publi transport or biyle) orwhether they had not made a ommute due to vaation, illness, et. The�rst two weeks were without reward (pre-test). The data olleted duringthe pre-test was used to determine partiipants' referene travel behavior.The �nal week (post-test) was also without rewards.Those partiipants who opted for money were the subjet of threeonseutive reward \treatments" lasting 10 weeks in total: a reward of3e(lasting three weeks), a reward of 7e(lasting four weeks) and a mixedreward (lasting three weeks) of up to 7e- of whih 3efor avoiding the highpeak (8:00-9:00) and an additional 4efor avoiding also the lower peak shoul-ders (7:30-8:00, 9:00-9:30). The order of the reward \treatments" followeda blok design whih alloated partiipants roughly randomly to the 6 pos-sible shemes. Some exeptions were applied to ouples using the samevehile.Partiipants in possession of the Yeti ould aquire redit during a pe-riod of �ve onseutive weeks. If they earned enough redit relative toa known threshold they ould keep the Smartphone. This threshold wasdetermined by their reward lass (see below). The other �ve weeks werewithout redits but partiipants ould still have aess to traÆ informa-tion. Partiipants were divided between two shemes in relation to whihof the �rst or seond set of 5 weeks redits ould be awarded. Partiipantsin possession of a Yeti also had 24 hour aess to travel information via thehandset during 11 weeks: the redit treatment, the no-redit treatment aswell as the post-test. This information onsisted of real-time travel timeson the A12 motorway on the Zoetermeer { The Hague orridor and an on-line map showing ongestion levels on other roads in the area. Informationavailability was not dependent on the reward itself. In ontrast, partii-pants in the money group had aess to information available to all otherdrivers: pre-trip through internet and media and en-route from variable12th WCTR, July 11-15,2010-Lisbon, Portugal6



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.message signs along the motorway.The third stage of the study was a posterior evaluation survey. In thissurvey questions were asked about the partiipant's subjetive experieneduring the ourse of the experiment. This dealt, on the one hand, with theirretrospetive assessment of behavior adjustment (was it easy / diÆult toadjust travel behavior and how). On the other hand, other questions wereasked about their experiene with the organization of the trial (provisionof information, performane of the projet's bak oÆe, et.Another important feature in the design was the partiipants' alloa-tion to reward lass determined by his or her (referene) behavior duringthe pre-test. .For the partiipants who hose the monetary reward, the re-ward lass de�ned the maximum number of rewards they ould reeive eahweek (1, 2, 4, 5). The rationale was that not all partiipants drive duringthe rush-hour �ve days per week. For the partiipants in the Yeti group,the lass de�ned the threshold value for the number of days on whih thepartiipant ould avoid the morning rush-hour. If the partiipant met orexeeded the threshold value, he/she would be able to keep the Yeti. Ifthe partiipant failed to meet the threshold value, he/she would have toreturn the phone, but not until the end of the experiment. As all dayson whih the partiipant's ar was not deteted in the morning rush-hourounted towards meeting the threshold, this threshold value was designedto be regressive in nature - larger for partiipants who drove less duringthe rush-hour. The key aim was to disourage any possible inrease in thenumber of ommuting trips during o�-peak periods that were not o�setby existing rush-hour trips. Based on the information above, eah par-tiipant was alloated into one of four possible lasses. One determinedthese lasses were �xed throughout the rest of the experiment. The major-ity of partiipants belonged to lasses A (3.5-5 trips/week) and B (2.5-3.5trips/week) and the minority to lasses C (1-2.5 trips/week) and D (0-1trips/week). Table 1 presents the number of partiipants (by gender) ineah lass.
3 ModelsThe time is disretized into intervals of 15 minutes eah. By onvention,the time interval k starts 15k minutes after midnight and ends 15(k + 1)12th WCTR, July 11-15,2010-Lisbon, Portugal7



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.MoneyA B C DRush-hour trips/week at referene 3.5{5 2.5{3.5 1{2.5 0{1Threshold∗ 5 4 2 1
N Men 83 33 13 1162% 54% 57% 79%Women 51 28 10 338% 46% 44% 21%Total 134 61 23 14Table 1: Breakdown of the partiipants to reward lasses by gender andreward group

∗ Money: maximum number of eligible rewards per week; Yeti: number of redits at theend of 5 weeks required to keep the phone.minutes after midnight. We onsider intervals 24 to 43, orresponding theperiod between 6:00 and 11:00. The peak hour spans intervals 30 to 37,that is from 7:30 to 9:30.We onsider the following variables, where k = 24, . . . , 43 denotes thedeparture time interval:� TTk: travel time when departing during time interval k, as providedby the traÆ information system (in seonds, min: 173, max: 3069,mean: 311.7);� RFTIMn: referene detetion time of individual n (in minutes aftermidnight, min: 421 (7:01), max: 592 (9:52), mean: 492 (8:12));� RFTRAVn: referene travel time of individual n (in seonds min: 173,max: 3069, mean: 411.68) adapted from the traÆ information sys-tem;� PATn = RFTIMn + RFTRAVn/60: referene arrival time of individual n(in minutes after midnight), used as a proxy for preferred arrival time;� XEkn = max(0, PATn − (15(k + 1) + RFTRAVn/60): early arrival, where
15(k + 1) + RFTRAVn/60 is the latest possible arrival time when de-parting in time interval k,12th WCTR, July 11-15,2010-Lisbon, Portugal8



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.� XLkn = max(0, 15k + RFTRAVn/60 − PAT: late arrival, where 15k +

RFTRAVn/60 is the earliest possible arrival time when departing intime interval k,� EURO: reward in money (in euros),� CREDIT: reward in redits.
3.1 LogitWe estimate �rst a linear-in-parameter logit model with 20 alternativeswith the following spei�ation. The utility funtion for time intervalswithin the peak hours (k=30,. . . ,37) are de�ned as

Vk = Ak + BT TTk + BE XEkn + BL XLkn,The utility funtions for time intervals o� peak hours (k=24,. . . ,29 and k= 38,. . . ,43) are de�ned as
Vk = Ak + BT TTk + BE XEkn + BL XLkn + BEUR EURO + BCR CREDIT.The estimation results are presented in Table 2. All oeÆients aresigni�ant and have the orret sign.

3.2 Logit mixtureWe investigate a �rst improvement of this model using a spei�ation witherror omponents and random oeÆients. An error omponent, normallydistributed, is added to all alternatives orresponding to a time intervalbefore the peak period (EC EARLY). Another one, EC LATE, is assoiated toalternatives after the peak period. Moreover, the oeÆient BE and BL arenormally distributed, with standard error S BE and S BL, respetively. Theestimation results, obtained from a panel data spei�ation, are reported inTable 3. A lear improvement of the �t is obtained. Again, all parametersare signi�ant with the orret sign.
3.3 Latent classWe investigate a seond type of improvement for the logit model, based ona latent lass spei�ation. Due to the long estimation time for the mixturemodel, we will ombine these two improvements in a later stage.12th WCTR, July 11-15,2010-Lisbon, Portugal9



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.
RobustParameter Coe�. Asympt.number Desription estimate std. error t-stat p-value1 A25 -0.436 0.199 -2.19 0.032 A26 0.698 0.175 3.99 0.003 A27 0.649 0.190 3.41 0.004 A28 1.37 0.213 6.42 0.005 A29 1.94 0.242 8.04 0.006 A30 1.17 0.273 4.27 0.007 A31 0.823 0.304 2.71 0.018 A32 0.785 0.335 2.35 0.029 A33 0.954 0.369 2.58 0.0110 A34 0.865 0.399 2.17 0.0311 A35 0.869 0.435 2.00 0.0512 A36 0.779 0.474 1.64 0.1013 A37 0.782 0.511 1.53 0.1314 A38 1.78 0.540 3.30 0.0015 A39 1.53 0.578 2.65 0.0116 A40 1.28 0.620 2.06 0.0417 A41 1.43 0.661 2.16 0.0318 A42 1.75 0.701 2.49 0.0119 A43 1.89 0.747 2.53 0.0120 BCR 1.31 0.0762 17.25 0.0021 BE -0.0278 0.00282 -9.87 0.0022 BEU 0.196 0.00747 26.27 0.0023 BL -0.0355 0.00290 -12.25 0.0024 BT -0.0116 0.00388 -3.00 0.00Number of observations = 10315

L(0) = −30900.978

L(c) = −26328.662

L(β̂) = −22518.767

ρ2 = 0.271�ρ2 = 0.270Table 2: Estimated parameters for the logit model
12th WCTR, July 11-15,2010-Lisbon, Portugal10



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.The penalization for early and late arrival is related to the atual ex-istene of a preferred arrival time. Many partiipants in the experimentreported that they have exible shedules and, therefore, do not neessar-ily have a preferred arrival time. We test this assumption by speifying alatent lass model.We assume that there are two lasses of individuals. One lass is penal-ized by an early or a late arrival, while the seond lass is not. Therefore,the parameters BE and BL are onstrained to zero for individuals belongingto the seond lass.The lass membership model is a binary logit model. We de�ne V to bea linear ombination of the following variables (the assoiated oeÆient isreported in parentheses):� Gender of partiipant (1 if woman, 0 otherwise, oeÆient: ClassFemale),� Dummy variable for early departure onstraints due to hild are athome (oeÆient: ClassChildCare),� Dummy variable for arrangements with employer made prior to be-ginning the experiments to support exible working times (inquiredin the posterior survey, oeÆient: ClassFlexWorkTime).The probability to belong to the �rst lass (penalized by early or latedeparture) is
P(WithPenalty) =

eV

1 + eV
=

1

1 + e−V
.The probability to belong to the seond lass is therefore

P(WithoutPenalty) = 1 − P(WithPenalty) =
1

1 + eV
.Also, the hoie model has been improved by adding some harateris-tis to apture part of the heterogeneity using observed variable:� Dummy variable for whether the partiipants is alloated to lassesA or B (see Table 1) in the money group: alternatives 30 to 37.CoeÆients: BCABMi.� Dummy variable for whether the partiipants is alloated to lassesA or B (see Table 1) in the phone group: alternatives 30 to 37. Co-eÆients: BCABPi.12th WCTR, July 11-15,2010-Lisbon, Portugal11



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.� Gender of partiipant (1 if woman, 0 otherwise): alternatives 30 to37. CoeÆients: BGNi.� Dummy variable for ranking the e�ort involved in behavioral hangeas high (inquired in the posterior survey): alternatives 30 to 37. Co-eÆients: BEFi.� Number of days per week starting work late is possible: assoiatedwith after-peak departure time (alternatives 38 to 43). CoeÆients:
BDLi.� weekly frequeny of onsulting pre-trip of traÆ information: assoi-ated with after-peak departure time (alternatives 38 to 43). CoeÆ-ients: BCIi.This spei�ation for the variables is based on previous work (Ben-Eliaand Ettema, 2010) and after orretions of trial and error estimation andlearing out of non-signi�ant oeÆients.The model has been estimated using the new version of the softwarepakage Biogeme (Bierlaire and Fetiarison, 2009). The oeÆients of theattributes of the hoie models are again all signi�ant and with the orretsign. The oeÆient of the lass membership model are also signi�ant andwith the orret sign. Table 3.3 reports the probability to belong to thelass of individuals with a preferred arrival time for eah segment of thepopulation.Assuming that the sample is representative of the population underinterest, we an ompute aggregate quantities using sample enumerationbased on the 10315 observations.If Pr(PAT |n) is the probability that individual n has a preferred arrivaltime, the share of suh individuals in the population is given by

1

N

∑

n

Pr(PAT |n) = 85.4%.We are also interested in omputing elastiities with respet to the rewards.Among the 10315 observations, 5443 are assoiated with a reward in ash,and 1145 with a reward in Yeti redits (whih leaves 3727 without reward).We report here elastiities for time-interval 30 (7:30-7:45), whih is the �rstinterval of the peak period. The disaggregate elastiity for observation n12th WCTR, July 11-15,2010-Lisbon, Portugal12



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.is given by
en =

∂Pn(30)

∂REWARD

REWARD

Pn(30)
,where Pn(i) is the probability that departure time interval 30 is seletedfor observation n. The aggregate elastiity is given by

e(ash) =

∑
n

δ(cash, n)Pn(30)en∑
n

Pn(30)
= −0.384,

e(yeti) =

∑
n

δ(yeti, n)Pn(30)en∑
n

Pn(30)
= −0.0525,where δ(cash, n) is 1 if observation n orresponds to a reward by ash, and0 otherwise. δ(yeti, n) is de�ned similarly. The large di�erene is due tothe lower number of observations inuened by the redits. We report alsothe elastiities omputed for relevant observations, that is

e(ash) =

∑
n

δ(cash, n)Pn(30)en∑
n

δ(cash, n)Pn(30)
= −0.907,

e(yeti) =

∑
n

δ(yeti, n)Pn(30)en∑
n

δ(yeti, n)Pn(30)
= −0.922.

4 Discussion and future workThis paper presents a work in progress for developing a model of depar-ture time hoie based on the Spitsmijden's database of peak avoidanebehavior. The Spitsmijden data provides a unique opportunity to estimatedeparture time based on revealed preferene. Three models have been pre-sented based on a variant of the shedule-delay onstrut: a logit model, amixture model and a latent lass model regarding arrival time preferene.The results indiate that the rewards, both monetary and in-kind (Yetismartphone) have a substantial e�et on inreasing o�-peak travel. Thise�et was evident in all three models estimated. This result was expetedand is in line with previous �ndings. In addition, other fators some al-ready disussed in previous researh, appear to have a signi�ant inueneon shaping departure time hoie (Table 4, 5). The signi�ane of gendersuggests that even when rewarded , woman are less likely to hange depar-ture time ompared to men. This e�et is visible for the main peak travel12th WCTR, July 11-15,2010-Lisbon, Portugal13



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.times between 7:30-9:00. After 9:00 the di�erenes are less apparent andloose signi�ane. Furthermore, in the latent-lass spei�ation, we an seethat women are more likely to have a preferred arrival time ompared tomen. This is an interesting �nding, whih invokes further exploration ofgender-spei� onsiderations in inentive-based programs. The relevaneof work time exibility in enouraging ompliane with the reward is alsoevident. The ability to start work later has a signi�ant e�et on enour-aging departure times after the peak-hour. In the latent lass model, priorarrangements with employers regarding exible work time also dereasedthe probability of having a preferred arrival time. In ontrast, time-useonstraints suh as hildare, have positive e�et on �xed shedules andpreferred arrival time. Referene lass was also found to be signi�ant. Es-peially in the ase of money, it seems that higher frequenies of peak-hourommuting (lasses A and B), are less likely to hange departure times.The strongest e�ets are observed for the 7:30, 7:45 quarters. In the ase ofthe Yeti the (signi�ant) e�ets are quite similar. This result emphasizes,similarly to previous �ndings, the importane of habitual behavior in trav-elers hoies. Another important fator is that of e�ort involved in behaviorhanges. Following on previous �ndings, we �nd that a high pereived e�ortis positively assoiated with peak-hour departure. It is espeially strongin the mean departure time around 7:45. Travel information has a mostlysigni�ant and positive e�ets on departing after the peak. Heterogeneityin behavior is also apparent in the mixture model (Table 3). Both the ran-dom terms of early and late shedule delays are highly signi�ant, as wellas, the error-omponents of departing before/after the peak, asserting thatthere is a large degree of variation amongst the partiipants. Regardingthe latent-lass model, we an see in Table 7, that being a woman withhild are responsibilities and no exibility in working time, as expeted,will lead to a preferred arrival time assoiation. Whereas, men withoutresponsibilities and with exible work times have a 25% hane not to havea preferred arrival time. Although not surprising, the results eluidate,the omplexity involved in motivating voluntary hanges in travel behaviorthat involve modi�ations of daily shedules.The rihness of the Spitsmijden dataset is likely to reveal more de-tails about the omplex behavior in terms of departure time hoie. Themain hallenge is the estimation of the omplex models. Indeed, the maxi-mum likelihood estimation of models involving random parameters, latent12th WCTR, July 11-15,2010-Lisbon, Portugal14
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℄

RobustParameter Coe�. Asympt.number Desription estimate std. error t-stat p-value1 A25 0.945 0.773 1.22 0.222 A26 3.18 0.915 3.47 0.003 A27 3.83 0.972 3.95 0.004 A28 4.84 1.03 4.69 0.005 A29 5.41 1.07 5.06 0.006 A30 5.17 1.12 4.62 0.007 A31 4.76 1.15 4.14 0.008 A32 4.66 1.19 3.93 0.009 A33 4.71 1.26 3.74 0.0010 A34 4.55 1.31 3.48 0.0011 A35 4.49 1.37 3.27 0.0012 A36 4.37 1.44 3.03 0.0013 A37 4.37 1.53 2.86 0.0014 A38 5.36 1.63 3.29 0.0015 A39 5.21 1.71 3.04 0.0016 A40 4.97 1.83 2.72 0.0117 A41 4.99 1.94 2.57 0.0118 A42 5.06 2.06 2.45 0.0119 A43 4.87 2.17 2.25 0.0220 BCR 1.66 0.177 9.37 0.0021 BE -0.0715 0.0106 -6.76 0.0022 S BE 0.0606 0.00615 9.85 0.0023 BEU 0.308 0.0251 12.28 0.0024 BL -0.0405 0.00892 -4.54 0.0025 S BL 0.0438 0.00410 10.66 0.0026 BT -0.0114 0.00494 -2.30 0.0227 EC EARLY 1.53 0.180 8.49 0.0028 EC LATE 2.02 0.332 6.10 0.00Number of observations = 10315

L(0) = −30900.978

L(c) = −26328.662

L(β̂) = −19447.815

ρ2 = 0.371�ρ2 = 0.370Table 3: Estimated parameters for the mixture model12th WCTR, July 11-15,2010-Lisbon, Portugal19



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.RobustCoe�. Asympt.Desription estimate std. error t-stat p-valueA[25℄ -0.215 0.195 -1.1 0.27A[26℄ 1.03 0.157 6.55 0.0A[27℄ 0.961 0.151 6.36 0.0A[28℄ 1.57 0.145 10.84 0.0A[29℄ 2.0 145.13 82.0 0.A[30℄ 0.146 0.212 0.69 0.49A[31℄ -1.05 0.267 -3.92 0.0A[32℄ 0.16 0.217 0.74 0.46A[33℄ 0.403 0.212 1.9 0.06A[34℄ 0.155 0.241 0.64 0.52A[35℄ -0.107 0.262 -0.41 0.68A[36℄ -0.438 0.276 -1.59 0.11A[37℄ -0.322 0.275 -1.17 0.24A[38℄ 0.454 0.21 2.16 0.03A[39℄ 0.177 0.216 0.82 0.41A[40℄ -0.376 0.249 -1.51 0.13A[41℄ -0.498 0.271 -1.84 0.07A[42℄ 0.133 0.233 0.57 0.57A[43℄ -0.386 0.251 -1.54 0.12BCABM[30℄ 1.13 0.157 7.24 0.0BCABM[31℄ 1.65 0.215 7.65 0.0BCABM[32℄ 0.465 0.158 2.95 0.0BCABM[33℄ 0.374 0.155 2.42 0.02BCABM[34℄ 0.384 0.185 2.08 0.04BCABM[35℄ 0.514 0.211 2.44 0.01BCABM[36℄ 0.434 0.229 1.9 0.06BCABM[37℄ 0.706 0.233 3.03 0.0BCABP[30℄ 0.831 0.172 4.84 0.0BCABP[31℄ 1.65 0.227 7.28 0.0BCABP[32℄ 0.00843 0.176 0.05 0.96BCABP[33℄ -0.175 0.169 -1.04 0.3BCABP[34℄ -0.202 0.199 -1.01 0.31BCABP[35℄ 0.472 0.217 2.17 0.03BCABP[36℄ 0.884 0.226 3.91 0.0BCABP[37℄ 0.788 0.239 3.3 0.0Table 4: Estimated parameters for the latent lass model (part 1)12th WCTR, July 11-15,2010-Lisbon, Portugal20



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.RobustCoe�. Asympt.Desription estimate std. error t-stat p-valueBCI[38℄ -0.00393 0.0178 -0.22 0.82BCI[39℄ 0.0265 0.0163 1.63 0.1BCI[40℄ 0.0492 0.0175 2.82 0.0BCI[41℄ 0.0683 0.0176 3.88 0.0BCI[42℄ 0.0542 0.0201 2.69 0.01BCI[43℄ 0.0746 0.0197 3.79 0.0BDL[38℄ 0.215 0.024 8.96 0.0BDL[39℄ 0.192 0.0289 6.63 0.0BDL[40℄ 0.238 0.045 5.3 0.0BDL[41℄ 0.257 0.0521 4.93 0.0BDL[42℄ 0.0838 0.0511 1.64 0.1BDL[43℄ 0.177 0.0552 3.21 0.0BE -0.0474 0.00151 -31.48 0.0BEF[30℄ 0.404 0.186 2.18 0.03BEF[31℄ 1.38 0.146 9.41 0.0BEF[32℄ 0.595 0.173 3.44 0.0BEF[33℄ 0.747 0.16 4.68 0.0BEF[34℄ 0.746 0.184 4.04 0.0BEF[35℄ 1.09 0.174 6.25 0.0BEF[36℄ 1.08 0.175 6.21 0.0BEF[37℄ 0.203 0.311 0.65 0.51BGN[30℄ 0.363 0.0858 4.23 0.0BGN[31℄ 0.476 0.0974 4.88 0.0BGN[32℄ 0.315 0.0992 3.17 0.0BGN[33℄ 0.0527 0.0999 0.53 0.6BGN[34℄ 0.266 0.107 2.48 0.01BGN[35℄ 0.032 0.12 0.27 0.79BGN[36℄ 0.212 0.135 1.57 0.12BGN[37℄ -0.258 0.17 -1.51 0.13BL -0.0405 0.00227 -17.81 0.0BRewardAmountMoney 0.253 0.0101 25.01 0.0BRewardAmountPhone 1.33 0.0938 14.16 0.0BT -0.0134 0.00419 -3.2 0.0ClassChildCare 0.449 0.13 3.46 0.0ClassCte 1.77 0.1 17.7 0.0ClassFemale 0.789 0.159 4.97 0.0ClassFlexWorkTime -0.72 0.113 -6.38 0.0Table 5: Estimated parameters for the latent lass model (part 2)12th WCTR, July 11-15,2010-Lisbon, Portugal21



A model of departure time hoie with latent lasses and peak-houravoidane rewarding, Ben-Elia, Bierlaire, and Ettema.
Number of observations = 10315

L(0) = −30900.978

L(β̂) = −21954.34

ρ2 = 0.290�ρ2 = 0.287Table 6: Estimation results for the latent lass model

Male Childare Flex. Work time 81.7%Male Childare No ex. Work time 90.2%Male No hildare Flex. Work time 74.1%Male No hildare No ex. Work time 85.4%Female Childare Flex. Work time 90.8%Female Childare No ex. Work time 95.3%Female No hildare Flex. Work time 86.3%Female No hildare No ex. Work time 92.8%Table 7: Latent lass model: probability to have a preferred arrival time
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