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Abstract: This paper develops a framework of recreational travel behavior model that
considers the interrelations among different choices, such as destination choice and travel
mode choice. To specify the preference interrelations, the concept of “product bundling”
will be introduced to the discrete choice model. This framework can be useful in
formulating marketing strategies for recreational sites, because it can make the suggestions
about what kind of combinations of recreational components are more preferred by consumers.
Empirical analyses were employed to the behavioral survey data extracted from the
recreational travel survey in Nara-Prefecture, Japan.
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1. INTRODUCTION

Demand model for recreational travel is usually composed of several choice models
representing different travel choice elements, such as departure time, destination, travel mode;
route, and excursion. It assumes that travelers select a combination of these components.
In traditional travel demand models, the choice decision for each component is assumed to be
independent of others, and researchers paid very little attention to the possible
interrelationships among decision components.

However, in real world there can exist specific or implicit interrelations among these choice
variables. For example, travel agencies often offer various types of recreational package
tours composed of a particular combination of travel decision components. Usually, the
price of travel package tours is less than the simple addition of the price of individual travel
components included in the package. It implies that there exists an interdependence amon
price of decision components as reflected in the discount of prices. ~Another example whic
1s not so explicit but very intuitive is about the interrelationship between the attractiveness of
a particular destination and travel mode. Travelers tend to think that they will go to
particular recreational destinations by particular travel modes, because they may feel the
premium of the attractiveness of recreation created by the particular combination of
destination and travel mode. :

With this background, this paper develops a framework of recreational demand model that
considers specifically the interrelations among different choices, such as destination choice
and travel mode choice. Specifying the interdependence between the choices of different
categories is probably not an easy task, even if we use a powerful and sophisticated modeling
framework such as nested logit. It is because there are no interrelations between different
levels of nests in nested logit model. In order to specify the interrelations, the concept of
“product bundling” or “market basket analysis” wilF be introduced to recreational demand
model within the context of discrete choice modeling. This framework could be useful in
formulating the marketing strategies for recreational sites, because it can make the suggestions
about what kind of combinations of recreational components are more attractive to consumers.
Finally, the framework is empirically tested by using behavioral data extracted from the
recreational travel survey in Nara Prefecture, Japan.

We make a brief review on the previous recreational travel behavior analysis and the
marketing literature related to the interdependence among choice behaviors in section 2. In
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section 3, the modeling framework of interrelated discrete choice is presented. Finally, an
empirical analysis is carried out with the recreational travel survey data in order to reconfirm
the interdependencies among different choices in section 4.

2. RESEARCH REVIEW AND POSITON OF OUR STUDY

In the context of travel behavior analysis, nested logit (NL) model is one of the most widely
used models, which consider the multidimensiona% choice behavior (e.g. Morikawa et al.,
1995).  Usually, in the NL framework, alternatives belonging to each nest stage are
composed of a single choice category only, that is, the first stage %or travel mode choice, the
second for trip frequency, the third for trip destination and so on. This is mainly because of
the convenience for the identification of tree structure. The NL structure, however, has
several limitations. First, the correlation structure, which specifies the interdependence
between choice alternatives, exists not among the alternatives belonging to different nest
stages, but among the alternatives belonging to the same nest stage. Hence, it admits the
interdefpendence only within the same choice categories such as travel mode, and does not
allow for the interdependence between travel mode and destination. Second, there may be
potentially many different choice structures and the researcher may have trouble in deciding
which nest structure is best empirically.  Third, even if the nest structure is specified such as
the upper level for destinations and the lower level for travel modes, it only describes that the
travel modes for the same destinations are more similar than the travel modes for the different
destinations. The NL framework, hence, cannot specify the interdependence between
different choice categories in general. In the same way, even if the extended models from
eneralized extreme value (GEV) family, such as paired combinatorial logit, cross-nested
ogit and generalized nested logit (e.g. Koppelman and Sethi, 2000) are employed, the
structures of these models cannot specify the interdependence between different categories.
They only allow for the interdependence between ‘elemental alternatives’, which are
composed of the combinations of destination alternatives and travel mode alternatives.
Moreoverl,( the cross effects beyond different categories cannot be incorporated in such a
tramework.

Some models succeeded in avoiding such multidimensional choice problems. Tay et al.
(1996) developed a portfolio model of recreational trips, which included destination, duration
and frequency, assuming that travelers choose one out of a set of trip portfolios which are
composed of several choice categories. In this framework, Train et al. (1987) proposed a
portfolio model of local telephone services. These models, however, do not specify the
interdependence between different choice categories.

On the other hand, marketing science literature have many research perspectives on so called
“multiple-category decision-making”, in which the choice of one product is affected by the
presence of other products belonging to different categories (e.g. Russell ef al., 1997; Russell
et al, 1999). According to Russell er al. (1999), there are three types of famous
cross-categoay choice dependence: cross-catc(aﬁory consideration, cross-category learning, and
product bundling. Especially, product bundling is said to be the most important concept,
which has also been employeg in our study. Product bundling is defined as a choice process,
which results in the selection of two or more non-substitutable products (Russell et al., 1999).
This definition implies that in the multiple category choice situations, such as books and
movies as alternative entertainment choices, choices in one category alter the utility of choices
in other categories. Moreover, it is said that bundling strategy of existing products can result
in cost savings due to the presence of economics of scale. Hence, there exists a considerable
literature on optimal bundle pricing dpolicies from the perspective of the supply side (e.g.
Hanson and Martin, 1990; Chuang and Sirbu, 1999).

For the demand side, bundling can be used as an effective tool for extracting consumer
surplus. If we get to know the more preferable combinations of choice categories and
non-preferable ones, we can design an ideal fixed bundling that ?roduces more consumer
surplus. For example, it is proba%ly not a good idea to offer simultaneous discounts on the
more preferable combinations of products, if they tend to be bought together. Instead,
discounted one would pull in sales of the other. The understanding of the preference
interdependence between different categories is indispensable for such goal.

The concept “Market Basket Analysis” may be useful for inspecting the customers’ preference
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structures on several products. The analysis mainly focuses on predicting the choice of a
bundle (or basket) of multiple-category products on the shopping trip. The main feature of
market basket analysis is to incorporate the interdependence in demand relationships across
the categories in the final basket when cashing. Recently, several researches incorporating
the market basket analysis into the discrete choice framework can be seen. Ben-Akiva and
Gershenfeld (1998) presented the modeling framework based on nested logit model and
applied it to enhanced custom-calling features for residential telephone service choice.
Manchanda ef al. (1999) proposed a multivariate probit model allowing for simultaneous,
interdependent choice of many items and formulated the utility functions incorporating the
affection of the pricing and promotional change in one category to other categories. %‘hey
concluded that not accounting for such factors simultaneously could lead to erroneous
inferences. More recently, Russell and Peterson (2000) proposed the multivariate logistic
market basket model assuming that the researcher can specify the probability that a consumer
chooses one category in the basket, given an information on the actual choice outcomes in all
other choice categories. They emphasized the ease of computation of the proposed model.

Among these three market basket models, the model in Ben-Akiva and Gershenfeld (1998)
cannot identify the interrelated preference structure endogenously, since it imposes on the
bundling strategy of the products in an ad-hoc manner. On the other hand, the latter two
models can make inference of preference interdependence directly based on the estimated
parameters.  These three models, however, consider only the choice situations that
alternative options for each product categories are “buy” or “not buy”. In the travel demand
framework, there are at least two alternatives to be considered.

Hence, according to the above discussions, we extend certain aspects of the product bundling
consideration, which were proposed by Manchanda et al. (1999) and Russell and Peterson
(2000), so that these modelg can be applicable in two alternatives choice situation. In the
next section, two discrete choice models considering interrelated recreational travel demand
are formulated.

3. MODELLING APPROACH

3.1 Specification of the Travelers’ Choice Situation

Let n denote a traveler who faces a choice situation, in which he chooses one of two
alternative travel modes and one of two alternative destinations. We define this situation as
two-categories simultaneous choice behavior. . The choice situation is illustrated in Figure 1.

Traveler n

(Category 2)

(Category 1) cei
Destination

Travel Mode

Cross-Category Dependence

Figure 1. Specification of Choice Situation
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Moreover, all variables appearing in both travel mode choice and destination choice are
expressed as the difference of each two alternatives (e.g. the attribute of alternative No.1
minus the attribute of alternative No.2).

Under these assumptions, first, the formulation of a bivariate probit model is reported in
section 3.2.  Second. the formulation with multivariate logistic model (multinomial logit
model) is shown in section 3.3. Although the formulations of both models are based on
random utility maximization, the structures of the models are quite different and independent.

3.2 Model 1: Bivariate Dichotomous Probit Model with Cross-Category Dependence

In model 1. we represent the interaction between travel mode choice and destination choice by
introducing these two elements such as:

(i) Variables which affect another choice category alternately (Cross-Category Variables),
(11) Correlation structure between the utility, which constructs travel mode choice, and the
utility that constructs destination choice.
Each travel choice behavior is represented mathematically as follows. These two choice
models are now formulated separately, but are integrated by their correlation structure later.

Travel Mode Choice Model

\Imlz B I(u/e ’tlmlc I)L\'IZ:)E’\/ o 8,\lindu (1)
P if u}™ >0 :the case that Travel Mode 1 is chosen )
0 if uM* <0 :the case that Travel Mode 2 is chosen
Destination Choice Model
lu\: B Dest I)ex/ \luclvz.\lndc +8I)c\1 (3)
P if u >0 :the case that Destination 1 is chosen @
if u’" <0 :the case that Destination 2 is chosen
Where
u, ™% - utility for travel mode choice (latent variable)
e - utility for destination choice (latent variable)
d,,‘”"d" . indicator linking between the observed travel mode choice behavior and the
latent utility u,*%
d,”*" . indicator linking between the observed destination choice behavior and the
latent utility u,”"
x, % - yvector of observable explanatory variables, which directly affect travel mode
choice
X, %" vector of observable explanatory variables, which directly affect destination
choice
z,”*" : vector of observable explanatory variables related to destination choice,
which indirectly affect travel mode choice (cross-effect variables)
2, . vector of observable explanatory variables related to travel mode choice,

which indirectly affect destination choice (cross-effect variables)
£,17% ¢ P4 - unobserved disturbances, which follow bivariate normal distribution.
Here the mean of ¢,"°% and €,”" are both 0’s, the variances of them

are both 1’s, and their covariance is p (unknown parameter)
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pMode yDest gDest Mode . yectors of unknown parameters

Mode Dest

Among these variables, the cross-effect variables: z,” and z, = seem to be difficult to
understand. Hence, we show one concrete example in order to understand the meaning of
these values at first. Here, let us specify these variables as:

Dest :

T . index of attractiveness for traveler » to have for the recreational destinations

z,,M"de . index of comfortableness for traveler n to have for the travel modes

The coefficients for the Sgoss-effegets variables: y"** and y"* represent the magnitude of
cross-effect variables: z,"* and z, *" respectively. For example, if the sign of the estimated
arameter Y - is positive, it means that an increase in the attractiveness of Destination (1)
rings about an increase in utility of Travel Mode Cﬁ In this case, the attractiveness of
Destination (1) and the utility of Travel ogf: @ are positive covariates. On the other hand,
if the sign of the estimated par eterl\)’% ¢ is negative, it follows that an increase in the
comfortableness of Travel Mode (Ubrings about an increase in utility of Destination (2). In
this way, the estimated parameters of and yb“’ directly represent the cross-category
dependence between travel mode choice and destination choice: whether they are the
complements or substitutes of each other. This insight is very meaningful for understanding
the effects of the policy for travel mode on the recreational destinations.
Next, the correlated error structure of (e,,M"de e,,D 24y represents the co-incidence relationship
between travel mode or and destination (1) or (2). We can understand the specific
relationship of co-incidence by estimated parameter p. For example, if p > 0, then an
increase in the travel mode (1’s utility or a decrease in the travel mode @s utility will lead
to an increase in the utilitﬁ of destination (1) relatively. In other words, the error covariance
p captures the linkage between the uncontrollable and unobservable factors that drive
simultaneous choices of travel mode and destination. Of course, the error structure arises
because of the model misspecification (such as omitted variables or not considering the
travelers’ choice sets). This must be kept in mind while drawing statistical inferences based
on the error correlation terms.

Finally, the above model formulation of the simultaneous choice of travel mode and
destination results in a bivariate probit model. It is important to note that the bivariate probit
model is quite different from the binomial probit model or multinomial probit model. The
latter two models only allow the choice of one alternative from a set of mutually exclusive
two or more alternatives, Finally, the simultaneous choice probability of travel mode and

destination indexed by d,,M"de and d,%**' is formulated as:

Pr(d’,’mde : d:)m )= , (wMode’ w:)m P *) (5)

n

where ®,(+) denotes the bivariate cumulative normal distribution and the definitions of other
functions are as follows. For example, the equation (10) denotes the bivariate normal
distribution and the equation (9) denotes the cumulative distribution of it.

w’l’wnde s (Zd:lnde 2 IXﬁModex:JmIe i ,Yl)e.clz'[')esl) (6)
w:)e.\l =3 (2d:)etl e IXBI)e.\le)e,\'l + ,YModez"Modz ) ¥ (7)
p*___(zd:fndz _Ixzd:)e.w _l)p (8)
(Dz(S,,Sz,G): L:z _[:¢z (qan,G)dq)dqz ©®
. 1 q|2 + qzz X 26qlq2
¢2(ql’q2’c)_’2n(1_cz)1/2 exp( 20_2_2 (10)
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We can estimate B, y™', g% y*** and p by applying the maximum likelihood method

to the formulation (5). The parameters of the bivariate probit models (including the
covariance parameter p) can be easily computable by using econometric software such as
LIMDEP (Econometric Software Inc., 1998). J

3.3 Model 2: Bivariate Dichotomous Logit Model with Cross-Category Dependence
\

It is the best way to induce the joint (simultaneous) choice probability that a travel mode and a
recreational destination are chosen together. However, in real travel behavior situation, it is
difficult to estimate the joint probability directly, since it requires a detailed understanding of
cross-category demand relationships (interdependence of different choice categories). The
modeling approach proposed here is in accordance with Russell and Peterson (2000), and can
avoid these problems. :

Suppose that a traveler » has made choices in recreational destination and is now considering
which travel mode is to be selected. The proposed approach’assumes that we can specify
ﬁlTravel Mode | Destination), the probability of selecting the particular travel mode, given the

own outcomes of the destination choice. In the same way, p(Destination | Travel Mode)
can be observed. The probability p(Travel Mode | Destination) and p(Destination | Travel
Mode) are called “full conditional distributions™ (Russell and Peterson, 2000). By using the
principles of Markov Random Field, we can induce the joint probability p(Travel Mode,
Destination).

In model 2, we represent the interaction between travel mode choice and destination choice by
introducing these two elements such as: :

(1) variables which affects another choice category alternately (Cross-Category Variables);
the same as that of Model 1,

(it)conditional utility function for particular choice category, which includes the choice
results of other category as dummy variable.

The conditional utility (or choice probability) method requires the researchers to specify the
probability that each choice category such as travel mode and destination will be given,
conditioned that the choice results of all other choice categories are known. For example, let
us define the conditional utility of traveler » for travel mode conditional upon the result of
destination choice as:

(Conditional) Travel Mode Choice Model

u:lmle - BMudex:fudz +,Yl)cxrz’1')est +6Al;iet:1ed:)esl +v”Mude (1 1)
el Jl if 4™ >0 :the case that Travel Mode  is chosen (12)
" [O if uM* <0 :the case that Travel Mode 2 is chosen

In the same way, the conditional utility of traveler » for destination conditional upon the result
of travel mode choice as:

(Conditional) Destination Choice Model

Des Dest , Des Mode _ Mode Dest - 3 Mode Dest

u’l ! :B Ix” "+‘Y (rz'l e+e~,‘i;¢d" E+v” (13)
pew |1 if uP* >0 :the case that Destination 1is chosen (14)
L 0 if u” <0 :the case that Destination 2 is chosen

-- Mode . D Mode ;Dest . Mode _ Dest . Dest _ Mode pMode  Dest
where the definitions of u, Sl N ey S Y R Y, ZDE :
B Y Dést is

! and ¢ are the same as those in Model 1. We ﬁ;sg}lme that tf}e "value of ‘d,:
already known in the equation (11), whereas the value of d, " is known in the equation (13).
The definitions of other variables are as follows:
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v, Mode y Dest . the unobserved disturbances, which follow independent and identically
logistic distribution
g 65 : the unknown parameters, which specify the interdependence of, travel

mode choice and destination choice

Note that ¢** 0 implies a positive association between the choice of travel mode (D and
the choice of destination (1), while g%* <0 implies a negative association. In that sense,

6 and g2 are the same indicators as error-covariance parameter p shown in Model 1.

Finally, the conditional probability of selecting travel mode '® c Ibe express as the
binomial logit model conditioned that the choice result of destination d,”** is known.

Prffse =] 4P = Peluke* >0 o 427
1 (15)

1% expl:_(BModex:/iode i ‘Y[)e”z,l,)e" i 0]/;:::iedDesl )}

n

In the same way, the conditional probability of selecting destination (1) can be express as:

Pr(d =1 | dy*)=Pr(u >0 | dy*)
5 1 (16)

l+exp‘__(ﬁl)e.slxl)es! +Y,kfodc'zMode +0AI;:;I£dr:'Wode ):I

n n

The equation (15) and equation (16) are the full conditional models in the context of travel
mode choice and destination choice. However, they are just the “conditional” distributions
and we need to formulate the joint distribution of the simultaneous choices of travel mode and
destination. For this task, we.employ the “Factorization Theorem” proposed by Besag
(1974) in accordance with Russell and Peterson (2000). The proof of the theorem is detailed
in Cressie (1993). The theorem provides a simple mathematical way of deriving a joint
distribution given a set of full conditional distributions. To adopt the theorem to our model
specification, the symmetry of the interdependence parameters should be imposed as:

O’ = By =6 (17)

Under this assumption, the joint probability that, travel mode choice d,*% takes a value of a
and destination choice d, " takes value of b, is as follows:

exp(¥ ()
Za'e{o,]}zb'e{o’l}exp(Vn (a',b’)) (18)

where a and b are the dummy variables which take the values 1 or 0 dependent on the
travelers’ choice. And then, V,(a,b) is defined as:

Pr(anest =a, dyode =b)=

I/” (a,b) - a( BModexMotle +,Y/)e\lz:)e.\1)+b( Bl)e.\'lxl)e.\’l +y‘\/lodeannde)+ab6 (19)

n n

Although the model formulations (18) and (19) are derived as the logical conclusion of
applying the factorization theorem to equations (15) and (16), the emerged formulations (18)
and (19) are equivalent to the multinomial logit formulation whose fieterministic part of the
utility function are defined as (19) and whose choice sets are the 2° combinations of travel
mode and destinations. The deterministic part of the global utility function V,(a,b) specifies
the simultaneous choice of fravel mode and d ‘t}nation indexed by the pair of (a,b). Hence,
the unknown parameters B"°%, yBg”, B ﬁ “ and € are estimated by usual multinomial
logit estimation procedure. The interdependence parameter € and the cross-category

Journal of the Eastern Asia Society for Transportation Studies, Vol.4, No.2, October, 2001



Daisuke FUKUDA and Shigeru MORICHI

dependence Earameters P yMod specify the interactions between travel mode choice and

destination choice of travelers.

4. EMPIRICAL APPLICATION

Using individuals travel survey data conducted in Japan, the two models proposed in previous
section are verified. We present a brief description of the data, the specification and
operationalization of explanatory variables, and estimation results. We then discuss the
results of the proposed model and compare them. We conclude this chapter with the brief
description on model prediction.

4.1 Details of the Survey Data and the Definition of Choice Alternatives

The data were taken from recreational travel survey conducted by Ministry of Construction in
Japan in 1997. (Refer to Mizokami and Furu-ichi, 1998, for the detail of the survey). The
survey was executed for examining the personal and travel characteristics of travelers who
visited Nara Prefecture in Japan. %’t is well known that Nara Pref. is one of the most famous
recreational regions in Japan and has the many recreational resources such as old shrines and
temples.  Various information on travelers recreational trips to Nara Pref. were surveyed.

As we mentioned above, we model the simultaneous choice behavior of travelers’ travel mode
choice and recreational destination choice as shown in Figure 1.  As for the travel mode, the
privately-owned car is labeled as (1, whereas the railway is labeled as (2. These are the
choice results of travelers who choose them as the main transportation means.

On the other hand, we need to’divide the region into two destination zones. The criteria we
adopted for zoning are: the regional differences of these two destinations are defined as (1):
Urban Area which includes Nara-City, Ikoma-City and Yamato-Koriyama-City, and (2):
Suburbs Area the north half part of Nara Prefecture. There exist many famous historical
temples and architectures in the former area, whereas the latter includes many natural
recreational resources such as scenic spots, outdoor sports places and so on. Hence, we think
those areas are well differentiated. Tﬁe zonings of these destinations are shown in Figure 2.

N

1 ‘\\\‘%\:‘\s
R
W“

O]

Wakayama
Pref.

: e
i

20 km

Destination 2

Figure 2. Zoning of Destination Areas (Nara Prefecture in Japan)
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Under these assumptions on choice alternatives, we focus on the simultaneous choice
behavior on the pair of travel mode and destination. Here, the recreational travel data on the
first visited area of the travelers living in all of the Kansai-Area and the part of the
Chubu-Area. We extracted samples with full response to the variables of our interest (see
Table 2). Finally, the samples of total 1,243 travelers’ data were used for the identification
of the models. The cross tabulation of the choice results of these travelers are shown in
Table 1.

Table 1. Cross Tabulation of Choice Results (Travel Mode vs. Destination)

Travel Mode Mode @© Mode @ Total
Destination (Car) (Railway)
Destination 1
(Urban Area) 425 145 570
Destination 2
(Suburbs Area) o0 12 i
Total 926 317 1,243

4.2 Specifications of Explanatory Variables

To specialize the cross-category dependence choice models as shown in previous section, we
need to define the explanatory variables. As we mentioned before, all variables are
expressed as the difference of two alternatives. The outlines of variable definitions are
displayed in Table 2.

As for the variable: Gender, Age, Accomp, NVehicle, Log(Rec) and Log(Inc), we can obtain
them from the travel survey data directly. On the other hand, the level of service (LOS)
variables (MTime, MCost, DTime and DCost) and the subjective ratings (A4ttl, Att2, Comfl
and Comf2) cannot be observed except for the data on the choice pairs of travel mode and
destination the traveler actually chose. Hence, these data were substituted by the mean
values over the observed samples. Under these assumptions, the variables such as MTime,
MCost, DTime, DCost, Comf and Attract are defined as shown in Table 2.

As for the cross-effect variable z,”*", three variables (DTime, Att] and Att2) are adopted. By
employing DTime as the cross-effect variable, we can infer how the transportation
improvement within each zonal level affects travel mode choice behavior. In the
Attractiveness ratings of Destination 1 and Destination 2, the categorization of the rating
ranges from best (5) to worst (1). In the same way, MTime and the subjective rating for the
comfortableness o t}ﬁ Mprivate car (Comfl) and the railway (Comf2) are used for the
cross-effect variable z,
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Table 2. Definitions of Explanatory Variables

(a) Definition of X, * (which can be seen in Eq.(1) and Eq.(11): Travel Mode Choice Model)

Wime © The mean travel time of destination 1 and destination 2 from home (Minute)

(calculated for every travel mode, and differenced value is employed)

MCost : The mean travel cost per person of destination 1 and destination 2 from home (Yen)
5 (calculated for every travel mode, and differenced value is employed)

Age . Age of the respondent

Gender . 1'if the respondent is male, 0 if female.

Accomp © 1 if the respondent is accompanied by someone, 0 otherwise

NVehicle : Number of private cars owned by each household

Log(Rec) Logarithm of the sightseeing expenditure for the respondent per year (log(Yen))

Comf : Comfortableness ratings of each travel mode (5-point scale; 1:worst — 5:best)

. (=comfl —comyf2 : calculated for every travel mode, and differenced value is employed)

(b) Definition of z,”*" (which can be seen in Eq.(1) and Eq.(11): Travel Mode Choice Model)

. The mean travel time of travel mode 1 and travel mode 2 from home (Minute)

i (calculated for every destination and differenced value is employed)
Att]  Attractiveness ratings of Destination 1 (5-point scale; 1:worst — 5:best)
An2 Attractiveness ratings of Destination 2 (5-point scale; 1:worst - 5:best)

(c) Definition of x,” (which can be seen in Eq.(2) and Eq.(12): Destination Choice Model)

© The mean travel time of travel mode 1 and travel mode 2 from home (Minute)

i | (calculated for every destination and differenced value is employed)

DCost : The mean travel cost per person of travel mode 1 and travel mode 2 from home (Yen)
: (calculated for every destination and differenced value is employed)

Age . Age of the respondent

Gender ! 1 if the respondent is male, 0 if female.

Accomp 1 if the respondent is accompanied by someone, 0 otherwise

Log(Inc) ! Logarithm of the income for the respondent per year (log(Yen))

e | Attractiveness ratings of each destination (5-point scale; 1:worst — 5:best)

: (= Artl — A2 . calcuiated for every travel mode, and differenced value is employed)

(d) Definition of z,"** (which can be seen in Eq.(2) and Eq.(12): Destination Choice Model)

. The mean travel time of destination 1 and destination 2 from home (Minute)

M ! (calculated for every travel mode, and differenced value is employed)
Comfl] © Comfortableness ratings of Travel Mode (D (5-point scale; 1:worst — 5:best)
Comf2 Comfortableness ratings of Travel Mode @  (5-point scale; 1:worst — 5:best)

4.3 Estimation Results

The estimation results are shown in Table 3 and Table 4. Table 3 presents the estimation
results of Model 1 (Cross-Category Probit) and Table 4 for Model 2 (Cross-Category Logit).
On the left side of each table, the estimation results of the Nu/l model can be seen, whereas
that of the Full model on the right side. The Null model in both Table 3 and Table 4 ignores
the cross-category depend%nce betwq;or(} travel mode choice and destination choice by
discarding the variables z, © and z, °“. In each model (Model 1 and Model 1), It is
obvious that the goodness of fit of the Full Model is greater than that of the Null Model,
judging from the value of McFadden’s adjusted likelihood ratio.

Most of the estimates come out with the expected sign and are significantly different from
zero at the 5% significance level, except for several parameters such as constants, Log(Rec),
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Log(Inc) and Attract. Each parameter has the same sign in both Model 1 and Model 2,
though some have different agsolutes. The differences in the absolutes of the parameters
may be a result of the change in the scales of the models. On the other hand, the parameters
related to Level of Services such as MTime, MCost, DTime and DCost take positive signs. It
implies that travelers do not always regard the travel time or cost as the traveling resistance
for recreational trips. It is mainly because that, for travelers, the din and bustle can be
regarded as an attractiveness of recreational sites to some extent. This is one of the specific
characteristics of recreational travel behavior (e.g. International Association of Traffic and
Safety Sciences, 1998).

We find that the cross-effect variables such as At/ and A2 in z°* take negative coefficients
but not statistically significant. It means that the use of Travel Mode @ (Railway) is
promoted if the attractiveness specific to each destination increases. On the other hand, the
coefficients of other cross-effect variable: ComfI is negative, whereas that of Comf2 is
positive. It follows that travelers visit Destination (1) more frequently than Destination (2) if
the comfortableness specific to Travel Mode é increases. Moreover, the magnitudes of the
coefficients of cross-effects parameters DTime are almost the same as the parameters DTime
included in the own-effects in both Table 3 and Table 4. This is true of the parameter MTime
too. "fl'fhese findings imply that the influence of the cross effects are as strong as their
own-effects.

On the other hand, the estimates such as p in Model 1 and 6 in Model 2 show the co-incidence
pattern of the particular pair of travel modes and destinations. In both models, these
co-incidence indicator parameters are in the negative sign. This implies that an relative
increase in the utility of the private car will lead to an increase in the share of the travelers
who visit suburban areas. Judging from both the parameter p and 6 and the McFadden’s
acfijusted likelihood index, the estimation results of Model 1 show the fitness as good as those
of Model 2.  Of course, these results do not imply the general properties of the recreational
trips, because this empirical study is just a specific experiment. The more empirical cases
should be analyzed to generalize the results.
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4.4 Comparison of Elasticity Analysis by Cross-Category Probit Model

The estimated parameters of choice models in preceding sections can be misleading. To be
concrete, the absolute scale of the parameters gives a distorted picture of the response of the
dependent variable to a change in one of the stimuli, since the models are actually of a series
of probability. ~Moreover, from a managerial perspective on transport facilities or
recreational sites, the most interesting aspects of this research are to execute the elasticity
analysis in order to verify the influence of the structures of the proposed models on the
demand forecasting.

In this section, we compute the elasticity of the choice share of the private cars with respect to
a particular explanatory variables. Here, we especially focus on only Model 1 to compare
the detailed results between some null models and the full model. The outlines of these
models are as follows:

The Null Model 1: the model that accounts for neither cross-category variables z nor the
correlation of error terms between travel mode choice and destination
choice (equivalent to fitting a separate probit regression for each
category).

The Null Model 2: the model that accounts for cross-category variables z but still do not
account for ‘the error correlation (equivalent to the Null model of
Model 1 shown in chapter 3?.

The Full Model:  the bivariate probit model which incorporates both cross-category
variables and the error correlation.

When any of the covariates y increases by 1% from initial value, the marginal elasticity for

bivariate probit model is calculated by the following formula. The computation procedure is
detailed in Greene (1996, 1997).

aEl:dMnde [ XMMe,XDm,ZMME,ZDN,dDN n 1]
» Mode | Dest *
5 [ @, (W™ w™,p")

Mode Dest _*
W)

8 ode (W B
@ ( wDexl ) Mode. y

(D(wl)e.rl ) Coen (WModc . wl)e.s‘l . p' ) = (DZ (WMOdc, wDesr . p' )¢(wDesv )
[q)( whe! )]2

Where each function and variable are defined as follows.

+

BDext, y (20)

Ertode (wMode’wDe.r!’p*)

(DZ(wMode’wDexl’p*) =¢(WM ; )CD Whest "P*‘ﬁmde Q1)
aWMode - l—p*z

(and likewise for g, (Wyuie WpestsP*) )

y: any of the explanatory variable among x,,/"*%*, x,,”**', z,”**' and z, %
Biode, y» Ppest,y : the coefficient on the target variable y.

o(*) : the density function of the univariate standard normal distribution.
D(=) : the univariate standard cumulative normal distribution function

In above formulations, the suffix », which denotes the traveler, is eliminated.
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Each elasticity value for the above three models are respectively given by the formula (20) and
computed with the parameter estimates and some configuration of the data. We compute the
marginal elasticities at the sample means of the variables. The sample means shown in
Table 5. The values rzw)oged ¢ the percentage changes. That is, the table shows the
values of 100/E[...]x0E[d"** | d‘&};’ ,y] oy.

For gaph of the three models, the computed elasticity values are shown in Table 6. The
elasticity results employed by only three variables are shown for lack of space. The
sensitivity of each variable of the full model is largest among these three models. This
means that the existence of cross-category dependence such as variables and error correlation
promotes the sensitivity of travel demands.

Table 5. Mean Values of Explanatory Variables (employed for Elasticity Analysis)

Variables Mean Variables Mean
MTime 16.32 Log(Rec) 3.018
MCost 597.2 Log(Inc) 5.054
DTime -18.91 Autl 3.997
DCost -237.3 At 1.521
Age 42.95 Att -0.002170
Gender 0.5873 Comfl 3.145
Accomp 0.9496 Comf2 3.649
NVehicle 1.422 Comf -0.4994

Table 6. Results of Elasticity Analysis (percentage changes)

Variables to be increased by 1%
Acomp NVehicle Comf
Null Model 1 0.2759 0.1003 0.0442
Null Model 2 0.3104 0.1068 0.1003
Full Model 0.2885 0.1012 0.0537

5. CONCLUSION AND FUTURE PROSPECTS

In this paper, we (Froposed a new concept on interdependence behaviors within the
recreational trips and a framework of recreational travel behavior model that considers the
interrelations among different choices, such as destination choice and travel mode choice. In
order to specify the interrelations such as “cross-category dependence” or “co-incidence
correlation”, the concept of “product bundling” or “Market Basket Analysis” is introduced to
the discrete choice model according to the marketing science literature. In this context, we
attempted to formulate two models. The first model is based on multivariate probit
formulation and the second model is based on multivariate logistic distribution formulation or
multinomial logit formulation. This framework could be useful in formulating the marketing
strategies for recreational sites, because it can make suggestions about what kind of
combinations of recreational components are more attractive to consumers. In order to
verify the models empirically, the behavioral survey data extracted from the recreational travel
survey in Nara-Prefecture, Japan, are employed. "The empirical results confirmed that there
exist significant interdependences between travel mode choice and destination choice, and
that the proposed mode?s are superior to the Null models in terms of model fitness. Our
analysis also revealed that the proposed framework may sometimes bring about drastic change
in policy simulation compared with the Null models.
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However, there is a great deal of scope for further works. First, one of the most important
works is to continue more empirical studies based on various recreational trip data, since the
most of the findings derived from this research did not confirm their generalities. Especially,
independent surveys could be considered so as to validate the model results. Second, the
interdependence between two choice categories should be more specified by other than the
cross-category variables. One of the promising approaches is to adopt the recursive
simultaneous equations model involving two binary choice variables (Wilde, 2000). With
this approach, the choice result of another category will be specifically incorporated into the
moder as choice dummy variables. Third, the proposed models cannot deal with the choice
situations that have more than three alternatives to be considered in one category. For
example, if there exist three travel modes such as car, bus and railway, both of the lproposed
two models are not applicable. In order to solve this problem, the multinomial random
variables should be incorporated (Strauss, 1977). Finally, for better understanding of
bundling phenomenon or cross-category consideration, we need to look back on the principles
of human decision-making process. How human regards the several items as one category is
one of the most discussed topics in psychological literature, called “Categorical Perception”
(e.g. Harnad ,1987). We strongly believe that such Esychological phenomenon research can
be appropriate for understanding the mechanism of the private and not-constrained behavior
such as the recreational trips.
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