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Abstract

Recently, we proposed a new paradigm for choice set geoeritithe
context of route choice model estimation. As detailed ifjirger and Bier-
laire (2007), we assume that choice sets contain all pathisembing each
origin-destination pair. Although it is behaviorally qtiesable, this as-
sumption is made in order to avoid bias in the econometriceho@ihese
sets are in general impossible to generate explicitly. dfoee, we propose
an importance sampling approach to generate subsets & gaitable for
model estimation. Using only a subset of alternatives reguthe path util-
ities to be corrected according to the sampling protocolrdento obtain
unbiased parameter estimates. In Frejinger and BierlaD87) we derive
such a sampling correction for the multinomial logit (MNLpdel.

The path size logit model is a MNL model where a path size (BS) a
tribute is included in the deterministic utilities. The RBibute should cap-
ture the correlation among routes. It is generally compbigsed on sam-
pled paths only but we argue that it should capture the @airoel among all
routes (universal choice set). This becomes problematieghe universal
choice set is unknown in practice. In this paper we preserdreergliza-
tion of the PS attribute called expanded PS (EPS). It is coatpbased on
sampled paths only but involves an expansion factor thaects for the
sampling.

We present estimation results based on synthetic dataldetycshow
the strength of this approach. Unbiased parameter essnaageonly ob-
tained for models including a sampling correction. Moraptle results
show that EPS is superior to the original PS attribute.

1 Introduction

Route choice modeling is complex for various reasons anulveg several steps
before the actual model estimation. We start by giving amoge of the mod-
eling process in Figure 1. In a real network a very large sgtatfis connect an
origin s, and a destination,. This set, referred to as the universal choicel et
cannot be explicitly generated. In order to estimate a rohtece model, a sub-
set of paths needs to be defined and path generation algeréherused for this
purpose. There exist deterministic and stochastic appesdor generating paths.
Deterministic methods always generate the same\$edf paths for a given
origin-destination pair. Most of them are based on some fafrrepeated shortest
path search. This type of approach is computationally dppethanks to the effi-
ciency of shortest path algorithms. Examples are link elation (Azevedo et al.,
1993), link penalty (de la Barra et al., 1993) and labelethipéBen-Akiva et al.,
1984). Instead of performing repeated shortest path sesyehconstrained enu-



meration approach referred to as branch-and-bound hastiebeen proposed.
Friedrich et al. (2001) present an algorithm for public sort networks, Hoogen-
doorn-Lanser (2005) for multi-modal networks and Prato Bakhor (2006) for
route networks.

Stochastic methods generate an individual (or observaspacific subset
M.,,. Actually, most of the deterministic approaches can be rstmtghastic by us-
ing random generalized cost for the shortest path compustRamming (2001)
proposes a simulation method that produces alternativesgat drawing link
costs from different probability distributions. The shest path according to the
randomly distributed generalized cost is calculated atdliced in the choice
set. Recently, Bovy and Fiorenzo-Catalano (2006) proptdsedoubly stochas-
tic choice set generation approach. It is similar to the fmn method but the
generalized cost functions are specified like utilities bath the parameters and
the attributes are stochastic. They also propose to usemfgtprocess such that,
among the generated paths, only those satisfying someraoristare kept in the
choice set.

OnceM (or M,,) has been generated, a choice&gtan be defined in ei-
ther a deterministic way by including all feasible patis= M (or C,, = M,),
or by using a probabilistic modé?(C,,) where all non-empty subseg, of M
(or M,,) are considered. Defining choice sets in a probabilistic isagomplex
due to the size ofj, and has never been used in a real size application. See
Manski (1977), Swait and Ben-Akiva (1987), Ben-Akiva anccBara (1995) and
Morikawa (1996) for more details on probabilistic choice s®dels. Cascetta
and Papola (2001) (Cascetta et al., 2002) propose to sinthéfcomplex prob-
abilistic choice set models by viewing the choice set as ayfiset in a implicit
availability/perception of alternatives model.

Several route choice modely:|C,,) exist in the literature. Multinomial logit
based models; C-logit (Cascetta et al., 1996) and path agze(Ben-Akiva and
Ramming, 1998, and Ben-Akiva and Bierlaire, 1999) are thstritequently used
models in practice due to their simple structure. In thesdets) the utilities are
deterministically corrected with an attribute that acdsuior correlation. More
complex models explicitly capturing the correlation amaghs have been pro-
posed in the literature. The link-nested logit (Vovsha aediibr, 1998) model has
a cross-nested logit structure but is difficult to estimateduse of the large num-
ber of nesting parameters. Error Component (Bekhor et @2 2and Frejinger
and Bierlaire, 2007) and multinomial probit (Yai et al., ¥99nodels have also
been proposed which require simulated maximum likelihcgioheation.

The formal evaluation of the relevance and realism of geadraehoice sets
is difficult in practice since the actual choice sets in gahare unknown to the
modeler. Several researchers, including Ramming (20049gEindoorn-Lanser
(2005), Bekhor et al. (2006), Bovy and Fiorenzo-Catalan@0@), Prato and
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Figure 1. Choice Set Generation Overview

Bekhor (2006), Bekhor and Prato (2006), Van Nes et al. (20B6yy (2007)
and Fiorenzo-Catalano (2007), have proposed various mesastiquality of the
generated sets. Empirical analysis show that no choiceeswrgtion algorithm
is able to fully reproduce observed paths. Namely, Ramn01) finds at best
91% of the observations by combining various algorithms Rrato and Bekhor
(2006) find 91% of the observations using their branch-amahd algorithm.

Recently, we proposed a new paradigm based on a samplingaabp{Frej-
inger and Bierlaire, 2007, and Frejinger, 2008). In ordeavoid bias in the
econometric model, we assume that all paths connecting@in-atestination pair
belong to the choice set. Since this set is in general implesg generate, we
propose an importance sampling approach and a corresgpoaiirection of the
path utilities. Unlike existing choice set generation agwhes, which aim at
generating actual choice sets, we focus on obtaining uethjparameter estimates
using samples of alternatives.

The main flaw of the approach has so far been how to define tlnespsd
attribute that should capture correlation among alteveatiln previous work we
propose a heuristic that generates a larger choice set lieasatmpled one that
is intended to approximate the universal choice set. Thiepproposes a the-
oretically more appealing approach that corrects also #tle gize (PS) attribute
according to the used sampling protocol. We call this new &&dilation ex-
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panded PS.

In the following section we briefly present the sampling aggh on which
the expanded PS is based. We discuss the proposed formuiat®ection 3
before presenting numerical results. We finish with somelemions and issues
for future research.

2 Sampling Approach

The multinomial logit model can be consistently estimate@cubset of alterna-
tives (McFadden, 1978) using classical conditional maxmiikelihood estima-
tion. The probability that an individual chooses an alternativdas then condi-
tional on the choice set, defined by the modelefThis conditional probability

is _
eﬂ%n +In Q(Cn ‘l)

E ell‘/jn +In Q(Cn IJ)

J€Cn

wherey is a scale parameter amg, is the deterministic utility. It also includes an
alternative specific ternin ¢(C,,|7) that corrects for sampling bias. This correction
term is based on the probabilityC,,|j) of samplingC,, given that; is the chosen
alternative. See for example Ben-Akiva and Lerman (198bafmore detailed
discussion on sampling of alternatives. Bierlaire et 0@ have recently shown
that multivariate extreme value (also known as generakzéidme value) models
can be consistently estimated as well and propose a hewagstim

When using a sampling protocol selecting attractive adteves with higher
probability than unattractive alternatives (importaneenpling), the correction
terms in (1) do not cancel out. If alternative specific contstare estimated, all
parameter estimates except the constants would be unl@asedf the correction
is not included in the utilities (Manski and Lerman, 1977h d route choice
context it is in general not possible to estimate altereaspecific constants due
to the large number of alternatives and the correction fanpdimg is therefore
essential.

Frejinger and Bierlaire (2007) derive a sampling correacimthe context of
route choice

P(ilCn) =

1)

wherek;, is the number of times pathwas drawn while sampling choice &t
andq(j) is the probability of drawing pati. The correction is based on a sample
protocol where paths are sampled with replacement and theeahalternative is
always added to the choice set, even if it is sampled. Furtbes, they propose




a biased random walk algorithm that allows to compy(tg,|;j) in a straightfor-
ward way. The algorithm is based on a distribution with pagtars that control
the random walk more or less towards the shortest path. \Wishatgorithm the
probability ¢(j) of generating a path is the probability of selecting the ordered
sequence of link§;

q() = [ a0l&., b1, bs). 3

ZGFJ'

The probability of selecting a link= (v, w) given the set of outgoing linkS, at
nodev is defined by

w(€|bl, bg)
> mee, W(m|bi, ba)

whereb; andb, are the parameters of the distribution and|b,, b») are weights
of each link. The weights are

Q(€|Sv7b17b2> = 4)

w(llby,by) =1 — (1 — a,")™ (5)

with
SP(v, sq)

e C(0) + SP(w, sq) ©)

whereC'({) is the generalized cost of linrk andS P(vy, v9) is the generalized cost
of the shortest path between nodgesandwv,. For more details on the correction

term and the algorithm we refer to Frejinger and Bierlair@0(2) and Frejinger
(2008).

3 Expanded Path Size

As discussed previously, we base our model on the assuntpaoall paths con-
necting an origin-destination pair belong to the choice ¥é¢ should therefore
have a description of the correlation among paths that isistant with this as-
sumption. We use the path size logit (PSL) model proposeddry-Akiva and
Ramming (1998) and Ben-Akiva and Bierlaire (1999). It is altmomial logit
model that includes a PS attribute which is intended to cbitee path utilities
for correlation.

The PS attribute is based on the physical overlap betweés gat are in the

choice set: I
PS: — —a 7
" L; M,, (7)

aeFi

wherel’; is the set of links in path L, is the length of linke and ; the length of
path:. M,, is the number of paths i€, using linka. ThatisM,,, = > 0

jec, Yaj
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where and,; equals one if path contains linka and zero otherwise. Note that
this original formulation of the attribute ignores all pathat are not in the choice
set.

We propose a corrected version of the PS attribute, callpdreded PS (EPS),
where the sum representing the number of paths using aartimk involves
an expansion factor that corrects for the sampling:

L, 1
EPS. = > " 7reps (8)
a€l’; ¢ an
and
MEPS =" 6,;®;, 9)
J€Cn

where®,, is the expansion factor defined by

1 if 0,0 =1orq(j)R,>1

o, = 1
m : otherwise (10)
q(j)Rn

The definition of the expansion factor is based on the sampliatocol described
in the previous section. Recall that we draw paths with i@pizent and add the
chosen alternative with certainty. Paths are included onlge in the choice set
even if they are sampled several times. In the expansioarfégt, = 1 if §,. =1
represents that the chosen alternative is always inclutdéateover, duplicates
are ignored, that i®;, = 1 if path j is expected to be drawn more than once,
q(j)R, > 1. If path j is expected to be drawn less than ont&"Sis increased
(1/(q(j)R,) > 1). Note that the formulation is asymptotically valid;if, — oo
theng(j)R, > 1V j € U and Mg S~ 3. daj-

Estimation results for this formulation as well as PS based,cand orn/ are
presented in the following section.

4 Numerical Results

The numerical results presented in this section are bassgihetic data and aim
at comparing the original PS and the EPS attributes. We atdode a sensitivity
analysis of the estimation results with respect to the patara of the sampling
algorithm (biased random walk) and the definition of the plased model used
for generating the data.

The main advantage of using synthetic data is that the trugehsiructure
and parameter values are known. Based on such data we camatevdifferent
model specifications with thietest values of the parameter estimates with respect
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to (w.r.t.) their corresponding true values. In the follagiwe refer to a param-
eter estimate as biased if it is significantly different frasmtrue value at the 5%
significance level (critical value: 1.96).

4.1 Synthetic Data

The network is shown in Figure 2 and is composed of 38 nodes4dnthks.
Originally, it is a small part of a real network (Borlangay&ien) which has been
modified so that it contains no loops. The universal choité/sean therefore be
enumerated|#/| = 170). The length of the links is proportional to the length in
the figure and some links have a speed bump (SB).

Two sets of observations are generated with two differestydated models.
For each data set, we generate 3000 synthetic observaii@sblation, associ-
ating a choice with the alternative having the highesttytilive use a PSL model
and specify a utility function for each alternativand observation

Uin, = Bpsin Psl + f.Length + BsgNbSB; + ¢y, (11)

where(ps = 1, Bsg = —0.1 andg;,, are independently and identically distributed
extreme value with scale 1 and location 0. The PS attribdiects the correlation
among all paths and is computed based/on

Pg' = ;LZ%

Jjeu

(12)

The length attribute is used to compute the shortest pathfaothe biased
random walk algorithm in (6). We therefore evaluate the arilce of the pos-
tulated length parameter on the estimation results by uswglifferent values,

6. = —0.3,—1. The length attribute is more important compared to therothe
attributes wherg, = —1 than. = —0.3. Note however that the model using
6. = —1 does not correspond to a simple shortest path model. Figal®®&s

the probability of the 29 paths with the highest probalastiThe sum of these 29
probabilities is 0.978 fof;, = —1 and 0.618 fors;, = —0.3.

4.2 Model Specifications

Five different models are considered in order to evaluatestimpling correction
and the different PS attribute formulations:

o PS attribute based on sampled paths only witty{(.)) and without (/7]
sampling correction,
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e PS attribute based on the universal choice set witfy¥;,,) and without
(Mpe3y) sampling correction and

e EPS attribute {/$%%) with sampling correction.

For each of these models we specify the deterministic tertineofitility func-
tion as follows

MNSE™ Viw = 41 (BesIn PS, + B Length + 3s5NbSB)
M}gg” m = H (ﬁPSln Pgn + ﬁLLength + ﬁSBNbSa) + hl
MNoCorr Vi=pu (ﬁpsln Pg’{ + ﬁLLength + BsgNbSB

BpsIn PS + . Length + 3szNbSB;

)
)+1n

Mlgg‘”u) Vin = p

kln
MEgPs Vin = p(Bpsln EPS, + f Length + BssNbSB;) + In(

q(i )

Note that the two first specifications are based on PS forimuléf), the following
two on (12) and finally the last on (8)3, is fixed to the true value<{0.3 or —1
depending on the dataset) and we estimatéss and fsg. In this way the scale
of the parameters is the same for all models and we can cortipaitéests w.r.t.
the corresponding true values.

4.3 Estimation Results

In total we have estimated more than 300 models; the prelyiguesented five
models have been estimated based on the two data sets vettedtfchoice sets.
For the sampling of alternatives we vary the number of draws2(, 40, 80, 120,
170, 250) and the random walk parametefs & 1,2, 3,5, 10, 15, 20 with b, al-
ways fixed to one). The higher the valuetgfthe more the random walk is ori-
ented towards the shortest path. In the following a “settrefers to a combina-
tion of dataset, number of sampling draws and valuk of

We start by describing detailed results for one specificrge{the 5. = —1
dataset using 40 draws and = 1) reported in Table 1. Except when explicitly
stated, these interpretations can be generalized fortéilhge. First we note that
the sampling correction is validated by LM@O" model. Except for the sampling
correction term this model has the same ut|I|ty specificafis the postulated one,
and as expected, the parameter estimates are unbiasdtermote, we note that
when there is no sampling correction of utilities (modegg73} and M) the
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Mpsany  Mpsey | Mps@)  MpSe) | Meps
Ops -0.108 0.969 0.285 0.397 1.09
Rob. std 0.045 0.0541 | 0.0785 0.074 0.052
Rob.¢-test 1 -24.62 -0.57 -9.11 -8.15 1.73
Bss -0.547 -0.0849 -0.52 -0.00941| -0.109
Rob. std 0.0322 0.0262 | 0.0331 0.0261 | 0.0281
Rob.¢-test-0.1| -13.88 0.58 -12.69 3.47 -0.32
1 1.04 0.983 1.05 0.945 1.05
Rob. std 0.0314 0.028 0.0316 0.0264 | 0.0314
Rob.¢-test 1 1.27 -0.61 1.58 -2.08 1.59
Final L-L -7284.711 -6966.668-7281.035 -7160.154-6704.515
Adj. rhobarsq.| 0.291 0.322 0.292 0.303 0.348

Null log likelihood: -10283.7, 3000 observations

fL = —1. Algorithm parameters: 40 draws, = 1,0, = 1, C(¢) = L,
Average size of sampled choice sets: 30.92

BIOGEME (Bierlaire, 2007, and Bierlaire, 2003) has beerduse all
model estimations

Table 1: Detailed Estimation Results of PSL models

parameter estimates are biased. (For this saﬁiggndﬁsg are biased and at least
one parameter estimate is biased for all settings). The hiibde significantly
better for models that are corrected for sampling than thueeare not.

For the setting reported in Table 1 tméggfgc) model has biased parameter
estimates whileV/E3% has not. Moreover, the latter has better model fit than the
former. Before analyzing these models in detail for diff¢isettings we give some
statistics on the choice set sizes. Figure 4 shows the avexagber of sampled
paths as a function of number of draws whign= 1, 2, 3. Recall that the higher
the value ofb; the more the random walk is oriented toward the shortest. path
Hence, it is expected that the number of sampled paths dsrieesd, increase.
Moreover, the same paths can be drawn several times and thisyi we see an
attenuation effect as the number of draws increase, thesteff of course more
important the higher the value of.

Figure 5 shows the absolute value of tiest statistics as a function of number
of draws for models\/§52 andMgg'('c) estimated based on thig = —1 dataset.

At least one parameter estimate is biased for both models whe- 3 and we
therefore only report results fdr = 1,2,3. The results of theV/E3% model
improves as the number of draws increase. All parametenatts are unbiased
from 40 draws whem;, = 1. The choice sets are larger the lower the valug, of
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which explains the better results. ThESg(., model has on the other hand at least

one biased estimate for all settings. Moreover, note fﬁgmhat the estimate first
rapidly worsen before slightly improving as the number @vds increase.

The same results are presented in Figure 6 for models estirbased on the
B = —0.3 dataset. Also for this dataset the resultsAdESY improve as the
number of draws increase. As expected, a higher number efsdisaneeded
in order to obtain unbiased parameter estimates (170 drdndged, the length
attribute has lower weight in this dataset and the accuratyeoPS attribute is
hence more important. The estimates in #ig27., model do not converge to the
true values and remain biased even for a high number of draws.

The results presented in this section clearly show the itapoe of correcting
the utilities for sampling. The correction is robust bothhwiespect to algorithm
parameters and the definition of the postulated model. ehigstimates are
obtained even with a low number of sampling draws. Furtheenptbe PS attribute
should reflect the correlation among all pathg/iand the results indicate that the
original PS formulation (7) is not appropriate. On the otteend, the EPS attribute
shows good results; the estimates converge rather ramidigrd the true values.
However the formulation is valid only asymptotically andsitherefore important
not to have too few paths in the choice sets, like for any tesidsed on samples.
Low values ofp; and high number of draws give therefore the best results.

5 Conclusions and Future Work

This paper presents a new formulation of the path size at#jlralled expanded
path size, that can be used in route choice models that amrected for sampling.
The expanded path size attribute is defined consistentiytivit sampling protocol
proposed by Frejinger and Bierlaire (2007) (Frejinger,800
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We present numerical results based on synthetic data wheeahly show the
strength of the approach. Models including a sampling ctioe are remarkably
better than the ones that do not. Unbiased parameter estirnah be obtained
with the expanded path size logit model and it is remarkaklyeo than models
with the original path size formulation.

Since the purpose of this paper is to illustrate the proposethodology, it
is appropriate to use synthetic data for which the actualeh@dknown. This
allows to test the parameter estimates against their trusa A natural next
step is to test the approach on real data. In such a settinguitdvwalso be inter-
esting to compare results of different choice set generatigorithms, with and
without correction for sampling. Moreover, future reséastiould be dedicated
to sampling of alternatives for prediction.

References

Azevedo, J., Costa, M. S., Madeira, J. S. and Martins, E.998). An algorithm
for the ranking of shortest pathiSuropean Journal of Operational Research
69: 97-106.

Bekhor, S., Ben-Akiva, M. E. and Ramming, S. (2006). Evabrabf choice set
generation algorithm#nnals of Operations Researtd4(1).

Bekhor, S., Ben-Akiva, M. and Ramming, M. (2002). Adaptatad logit kernel
to route choice situatiomransportation Research Recat805 78-85.

Bekhor, S. and Prato, C. G. (2006). Effects of choice set amiipn in route
choice modelling,Proceedings of the 11th International Conference on
Travel Behaviour ResearcKyoto, Japan.

Ben-Akiva, M., Bergman, M., Daly, A. and Ramaswamy, R. (198Mlodeling
inter urban route choice behaviour,J. Vollimuller and R. Hamerslag (eds),
Proceedings of the 9th International Symposium on Trartggion and Traf-
fic Theory VNU Science Press, Utrecht, Netherlands, pp. 299-330.

Ben-Akiva, M. and Bierlaire, M. (1999). Discrete choice mmads and their appli-
cations to short-term travel decisions,R. Hall (ed.),Handbook of Trans-
portation ScienceKluwer, pp. 5-34.

Ben-Akiva, M. and Boccara, B. (1995). Discrete choice msdeéth latent choice
sets International Journal of Research in Marketii@: 9—24.

Ben-Akiva, M. and Lerman, S. R. (1983piscrete Choice Analysis: Theory and
Application to Travel DemandIT Press, Cambridge, Massachusetts.

15



Ben-Akiva, M. and Ramming, S. (1998). Lecture notes: Disecchoice models of
traveler behavior in networks. Prepared for Advanced MesHor Planning
and Management of Transportation Networks. Capri, Italy.

Bierlaire, M. (2003). BIOGEME: a free package for the estioraof discrete
choice modelsProceedings of the 3rd Swiss Transport Research Confer-
ence Ascona, Switzerland.

Bierlaire, M. (2007). An introduction to BIOGEME version 51.
http://biogeme.epfl.ch.

Bierlaire, M., Bolduc, D. and McFadden, D. (2008). The estilon of Gener-
alized Extreme Value models from choice-based samfles)sportation
Research Part B: MethodologicdP(4): 381-394.

Bovy, P. H. L. (2007). Modeling route choice sets in transgpoon networks:
A preliminary synthesisProceedings of the Sixth Triennial Symposium on
Transportation Analysis (TRISTANDhuket, Thailand.

Bovy, P. H. L. and Fiorenzo-Catalano, S. (2006). Stochastite choice set gen-
eration: behavioral and probabilistic foundatioRspceedings of the 11th
International Conference on Travel Behaviour Reseagkgioto, Japan.

Cascetta, E., Nuzzolo, A., Russo, F. and Vitetta, A. (1998) modified logit
route choice model overcoming path overlapping problenpgcBication
and some calibration results for interurban networks]. B. Lesort (ed.),
Proceedings of the 13th International Symposium on Trarapon and
Traffic Theory, Lyon, France

Cascetta, E. and Papola, A. (2001). Random utility modelk implicit avail-
ability/perception of choice alternatives for the simidatof travel demand,
Transportation Research Part C: Emerging Technolo§@g: 249-263.

Cascetta, E., Russo, E., Viola, F. and Vitetta, A. (2002). &del of route percep-
tion in urban road network;ransportation Research Part B: Methodological
36: 577-592.

de la Barra, T., Pérez, B. and Afiez, J. (1993). Mutidimamsi path search and
assignmentroceedings of the 21st PTRC Summer Meetipg 307-319.

Fiorenzo-Catalano, S. (200 hoice Set Generation in Multi-modal Transporta-
tion Networks PhD thesis, Delft University of Technology.

16



Frejinger, E. and Bierlaire, M. (2007). Sampling of altdives for route choice
modeling, Technical Report TRANSP-OR 0711dtansport and Mobility
Laboratory, ENAC, EPFL.

Frejinger, E. (2008).Route choice analysis: data, models, algorithms and ap-
plications PhD thesis, Ecole Polytechnique Fédérale de Lausanvitzes-
land.

Frejinger, E. and Bierlaire, M. (2007). Capturing correlatwith subnetworks
in route choice modelsfransportation Research Part B: Methodological
41(3): 363-378.

Friedrich, M., Hofsass, I. and Wekeck, S. (2001). Timetdihsed transit assign-
ment using branch and bounftansportation Research Recald@52

Hoogendoorn-Lanser, S. (2008)odelling Travel Behaviour in Multi-modal Net-
works PhD thesis, Delft University of Technology.

Manski, C. F. (1977). The structure of random utility mog@&lseory and decision
8: 229-254.

Manski, C. F. and Lerman, S. R. (1977). The estimation of @h@irobabilities
from choice based sampldsgconometricad5(8): 1977-1988.

McFadden, D. (1978). Modelling the choice of residentiaaltion,in A. Kar-
Iqvist, L. Lundqvist, F. Snickars and J. Weibull (edSpatial Interaction
Theory and Residential LocatipNorth-Holland, Amsterdam, pp. 75-96.

Morikawa, T. (1996). A hybrid probabilistic choice set mbd#&th compensatory
and noncompensatory choice rulespceedings of the 7th World Conference
on Transport Resear¢hol. 1, pp. 317-325.

Prato, C. G. and Bekhor, S. (2006). Applying branch and baectnique to
route choice set generatioRyesented at the 85th Annual Meeting of the
Transportation Research Board

Ramming, M. (2001) Network Knowledge and Route Chgi&hD thesis, Mas-
sachusetts Institute of Technology.

Swait, J. and Ben-Akiva, M. (1987). Incorporating randomsteaints in discrete
models of choice set generatiofransportation Research Part B: Method-
ological21(2): 91-102.

17



Van Nes, R., Hoogendoorn-Lanser, S. and Koppelman, F. {2006 the use of
choice sets for estimation and prediction in route chditeceedings of the
11th International Conference on Travel Behaviour Redeadfgoto, Japan.

Vovsha, P. and Bekhor, S. (1998). Link-nested logit modefrafte choice
Overcoming route overlapping problemiransportation Research Record
1645 133-142.

Yai, T., lwakura, S. and Morichi, S. (1997). Multinomial fmowith structured co-
variance for route choice behavidransportation Research Part B: Method-
ological 31(3): 195-207.

18



