Junyi ZHANG, Akimasa FUJIWARA and Tatsuo KUSAKABE 1

A New Discrete Choice Modd with Endogenous Generation of Choice Set
Based on the Principle of Relative Utility Maximization*

Junyi ZHANG

Transportation Engineering Laboratory

Graduate School for International Devel opment and Cooperation,

Hiroshima University, Kagamiyama 1-5-1, Higashi-Hiroshima, 739-8529, Japan.
Phone and Fax: +81-82-424-6919;

e-mail: zjy@hiroshima-u.ac.jp

Akimasa FUJIIWARA

Trangportation Engineering Laboratory

Graduate School for International Devel opment and Cooperation,

Hiroshima University, Kagamiyama 1-5-1, Higashi-Hiroshima, 739-8529, Japan.
Phone and Fax: +81-82-424-6921;

e-mail: afujiw@hiroshima-u.ac.jp

Tatsuo KUSAKABE

Transportation Engineering Laboratory

Graduate Schooal for International Devel opment and Cooperation,

Hiroshima University, Kagamiyama 1-5-1, Higashi-Hiroshima, 739-8529, Japan.
Phone and Fax: +81-82-424-6919;

e-mail: kusakabe@hiroshima-u.ac.jp

Abstract

Representing choice set generation is very important in the devel opment of discrete choice models. Up
to now, Manski’ s two-stage modeling procedure has been dominating in the existing literature, where
the first stage treats generation of a choice set and the second stage consists of choosing an aternative
from the choice set. However, it has been pointed out that from behavioral perspective, choice needs not
be modeled as the above-mentioned two-stage process because separate specification of choice set
provides no information useful for predicting choices beyond that contained in decision makers' utility
functions. Furthermore, for the two-stage modeling procedure, when the number of possible alternatives
becomes large, number of possible choice sets increases drastically. This makes model specifications
and estimations very complicated. Therefore, this paper attempts to propose an additional discrete
choice model with endogenous generation of choice set. This is reaized based on the principle of
relative utility maximization, which assumes that an individual chooses an alternative with the highest
relative utility considering his’her relative interests in aternatives from the choice set. The proposed
model does not need the combination of aternatives. The utility of an alternative is defined to describe
not only the choice of the alternative and but also whether it is included in the choice set. Concretely
speaking, the probability of an aternative included in the choice set is defined based on a functional
transformation of relative interest parameter. Thus, choice set generation and choice of the target
aternative isrepresented simultaneoudy. Finally the effectiveness of the proposed model isempirically
confirmed in the context of parking choice and destination choice on weekends, using a data collected at
the central area of Hiroshima City, Japan in the fall of 2003.
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1. Introduction

To estimate a discrete choice model, one needsto first specify choice set of aternatives. Hauser (1) used
an information theoretic statistic to show that choice set accountsfor 78% of the explainable uncertainty
existing in choice behavior, while alogit model based on consumer preferences accounts for only 22%.
In this sense, representing choice set generation is very important in the development of discrete choice
models.

Existing literature has distinguished different types of choice sets. The most extended choice set
containsall existing alternatives. However, people do not know or are not aware of all these alternatives.
Asargued by Fiorenzo-Catalano (2), an individua’s choice decisions usually starts with the alternatives
that are known by that individual. And even if people are familiar with an alternative, it does not mean
automatically that the alternative will be considered (3). This means that only a subset of the known
alternatives is feasible (or available) to hisher and a subset of the feasible alternatives is further
considered during actual choice process resulting in a chosen aternative. Therefore, it seems necessary
toidentify and represent all these different sets of aternativesin the development of choice models. Up
to now, Manski’'s (4) two-stage modeling procedure has been dominating in the existing literature,
where the first stage treats generation of a choice set and the second stage consists of choosing an
aternative from the choice set. And the resultant choice model is expressed as follows:

P.(i)= > R(i|C)-P(C) @

CeG,

where,
P.(i) is the probability that individual n chooses alternativei,

P.(i|C) is the probability that individual n chooses alternative i, given that the choice set is C
(CeG,),G, being the set of all non-empty subsetsof M, (the set of feasible alternatives
forindividual n (M, € M), M being the universal choice set), and

P.(C) istheprobability that individual n considerschoiceset C given M.

In Manski’s framework, possible number of choice sets{ G} isequal to 2™ — 1, wheremisthe

number of feasible aternativesin M , . For example, if one wants to represent destination or parking

choice behavior, the number of possible aternative easily exceedsten in real world. In this case, number
of choicesets{ G, } becomes 1,023. This makes model specifications and estimations very complicated.

Most importantly, it has been pointed out that from behaviora perspective, choice needs not be
modeled as the above-mentioned two-stage process, because the determinants of utility function in
terms of constituent attributes at the consideration stage are not statistically different from those at the
choice stage (5). In other words, choice sets are simply expressions of the underlying utilities rather than
independent construct (6). Horowitz and Louviere (5) suggested that it may be unwise to include
consideration sets in choice models unless there is evidence that brand consideration does take place,
however, consideration data may provide additional information for efficient estimation of utility
parameters. This motivates us to develop an additional discrete choice model, which is able to flexibly
represent choice set generation even in case that the number of alternatives is large. Thisis redized
based on the principle of relative utility maximization, which assumes that an individua chooses an
aternative with the highest relative utility considering his/her relative interests in alternatives from the
choice set (7).

The reminder of this paper is organized as follows. Section 2 first introduces the concept of
relative utility. Section 3 describes the new discrete choice model with endogenous generation of choice
set devel oped based on the principle of relative utility maximization. Section 3 explainsthe data used for
this study, shows the model estimation results and gives some discussions. Finally, this paper is
concluded in section 4 along with some discussions about future research issues.
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2. The concept of relative utility
2.1 Reference point, complexity and context dependency

An individual usually evaluates an alternative by comparing it to other alternatives in choice set, or
perhaps to some alternative(s) that the individual chose in the past or will choose in the future, or
perhaps to the alternative(s) that other people choose. In this sense, utility is a completely relative
concept (8). The concept of relative utility hasitsrootsin the research about income, which argues that
individuals tend to compare themselves to others in deciding their income levels (9). Kahneman et al
(10) and Tversky and Kahneman (11) also argued that choice behavior is dependent on status quo or
reference point(s) and empirically confirmed that change of reference point might lead to preference
reversal. Accordingly, it becomes important how to identify the reference point(s) for each decision
maker.

In addition, choice behavior is a complex decision making process and highly adaptive to the
demands of the task (12). When the complexity (defined by the number of alternatives, number of
attributes, correlation between attributes etc.) in choice tasksincreases, decision makers attempt to adapt
their choice behavior to their limited ability and attempt to reduce the information-processing load. It is
also pointed out that decision makers will choose the strategy to delay choice, seek new alternatives, or
even revert to status quo option when the choice environment is made complex (13,14). Therefore, we
argue that complexity of decision-making process al so supportsthe idea of reference point(s), because it
is expected that for example, the existence of reference point(s) might facilitate the decision-making.

For psychological perspective, choice behavior is context-dependent (15). Context dependency
represents one of decision-making rules, rather than exceptional behavior mechanisms. It is universa
and robust. Tversky and Simonson (15) classified the context into background and local contexts. The
former refers to previous choice results while the latter is specified by choice set. Oppewa and
Timmermans (16) categorized the context into choice set composition context and background context.
The former corresponds to Tversky and Simonson’s local context. In contrast, the background context
defined by Oppewal and Timmermans (16) refers to external factors about decision-making (e.g., tax of
house, interest rate and economic conditions). Oppewa and Timmermans (16) further divided the
choice set composition context into number of alternativesin choice set, similarities among alternatives,
presentation format about choice task. Oppewal and Timmermans (16) and Anderson et al (17) further
adopted McFadden’s mother logit model (18) to represent context dependency. The concept of relative
utility also acknowledges the fact that choice behavior is context-dependent (7).

On the other hand, because of incomplete information, choice history, interest and/or trip
purposes, individuals usually sort out some of information sources and choice aternatives, and
consequently do not recognize each alternative equally. For example, it is not redlistic to argue that a
frequent bus user (or a bus-favorite person) and a frequent car user (or a car-favorite person) will have
the equal weight on the busin a new choice process.

2.2 Choice model based on relative utility

Considering the above-mentioned matters, it seems important to systematically represent such
influences from reference point, complexity and context dependency in the model specification. To that
effect, Zhang et al (7) first conceptually defined three types of relative utility functions: 1) relative utility
reflecting the influence of other alternatives in choice set, 2) relative utility reflecting the influence of
previous choice behavior, and 3) relative utility reflecting the influence of other people (either some
clearly specified persons (e.g., household members) or some social reference group). Then, Zhang et al
(7) proposed an operational function for the first type of relative utility asfollows:

U ni = rni ji (Vni - an ) + Eni (2)

where,

) isthe relative utility of individual n choosing alternativei,

ni
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Vv, is latent variable representing the observed information for aternativei,
r isrelative interest or importance parameter for alternativei, r;, € (—oo,+0) and
€ isan error term.

ni

The concept of relative interest arguesthat travelersare usually more interested in one aternative
(e.g. travel mode) than in another, or travelers may regard some alternatives moreimportant than others.
Zhang and Fujiwara (19) further generalized equation (2) to reflect different influences from other
aternatives in choice set on the aternative under study.

U, =r, i Wi (Vni — Vi )+ Ei -Zjii w,; =1 3
where w;; isweight parameter reflecting the influence of alternative j on the choice of alternativei.

If it is further assumed that the error terms { ¢, } in equation (3) follow an independent and

identical Weibull distribution with respect to all aternatives and individuals, a revised MNL model,
calledr_ MNL model, can be obtained below.

eXp{ r.ni Zj¢i Wnij (Vni - an )}
Zk exp{r, Zk‘¢k Woge (Vi = Ve )}

R.(i)= (4)

By introducing the concept of relative utility, 1A (Independence of Irrelevant Alternatives)
property does not hold in equation (4). One can see that { v, , j #i} plays the role of previously

mentioned reference points (10, 11). The introduction of such reference points makes it possible to
flexibly represent the observed similarities among aternatives, which is caused by the observed factors.
The similarity might al so be caused by the unobserved/omitted factors. In that case, one can assume that

error term &, followsamore general distribution (e.g., GEV distribution) and consequently the relative

utility can be ssimply incorporated into most of utility-based choice models. This suggests the generality
of the models based on the concept of relative tility.

Because of theinfluence of individuals' currently chosen alternatives and/or theinitial state(s) of
choice decision-making process, it isrealistic to assume that individuals' choice structures might not be
egual across alternatives, and mutual influences among alternatives might be asymmetric (19). In this

sense, the weight parameter W,; can be used to such asymmetrical choice mechanisms.

More detailed behavioral interpretations about equations (2) ~ (4) can be found in our previous
studies (7, 19, 20).

Zhang and Fujiwara (21) aso concretely specified the function forms for the second and third
relative utility functions. Since these two types of relative utility are not directly relevant to the
generation of choice set, detailed descriptions are omitted.

3. A new discrete choice model with endogenous generation of choice set

Concerning endogenous generation of choice set, it isworth mentioning about Swait’s (6) research. He
proposed a new member (called GenL model) of McFadden's GEV discrete choice models (22) that
directly incorporates choice set generation via the GEV generating function. Even though thisisalso a
two-stage model of choice set generation and choice, the probability of acertain set being the true choice
set is afunction of the expected maximum utility derived from the alternatives in the set. In this sense,
the GenL model follows the idea given by Horowitz and Louviere (5). However, the GenL model still
suffers from the problem of complicated model specifications and estimations when the number of
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aternatives becomes large.

In line with the same research stream by Horowitz and Louviere (5), this paper attemptsto add an
additional discrete choice model into the existing literature related to choice set generation, based on the
principle of relative utility maximization.

Asargued by Oppewal and Timmermans (16), choice set composition is also onetype of context.
To define the utility of an alternative, equation (4) incorporates the influences of other aternativesin
choice set. In this sense, we can use equation (4) to describe the influence of choice set composition.

For the sake of easily interpreting the estimation results, some of our previous studies (19, 20)
assumed that O<r, <1 and )" r, = 1. Theoreticaly, relative interest parameter could take any value

aong the real axis. We make use of this characteristic to propose an additional discrete choice model,
which is able to endogenously represent the generation of choice set. We first transform equation (3) as

follows:
Uy =¥, +5, 30wy, (vni -V, )+ &, ©)
where,
o<y, <1 (6)
—0<F, <o (7

- In¥, +1, 'zj;tiwnij(vni —Vy)

ni 8
Zj#i Wnij(vni _an ) ( )

The validity of the transformed equation (5) is supported by the fact that relative interest
parameter could take any value along the real axis. Then, equation (4) can be re-written asfollows:

i - expf F;izj;ti Wnij(Vni Vi )}
zksyni -exp{ Iy Zk-¢kwnkk‘(vnk ~Vie )}

P.(1)= 9)

For the new parameter ¥, , if ¥; =0 holds, choice probability of aternative i becomes zero.

This means that this alternative is excluded from the choice set. Since 0 <¥,, <1 holds, theoreticaly,

we can use this parameter ¥, to represent the probability of an alternative being included in the choice

set, which could be even the universal set. This is completely different from Manski’s (4) two-stage
modeling procedure, which has to calculate the probabilities for all the combinations of choice
aternatives. It is usually not an easy task to define such probabilities. Therefore, equation (9) can be
used to endogenoudly and simultaneoudly represent choice set generation and choice of a particular
aternativein avery flexible way. We cal it r_GenMNL model.

It is worth noting that after the transformation, the new parameter T, still meets the condition
r, € (—o0,0). This suggests that the new parameter T ; can play the same role as the original interest

parameter 1, . In other words, we can apply equation (9) to simultaneously represent the generation of

choice set and context dependency about the choice of the aternative under study.

As we argued previoudy, the concept of relative utility can be incorporated into most of
utility-based choice model. Introducing equation (5) into the conventional nested logit (NL) model, we
can obtain the following new type of nested choice model with endogenous generation of choice set
based on the same concept of reative utility. We call this model r_GenNL model.
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P.(d,m)=PF,(m|d)-P,(d) (10)
y/nm eXp( E1m anmm‘ (( Vnm + Vnmd )_(Vnm‘ +Vnm‘d )))
Falmld)= Z P EXP( Ty Zanrm' ((Vat *Vomra )= Vo FVarra ) (D
m ' =nt

W exp( Uy z Wogg (Vog Vg )= (Veg Ve )))

P.(d)= — . . (12)
zyjnd‘ exp( ,U rnd' and‘d" (( Vnd' tv nd' )_ ( Vnd" tv nd" )))
d d"=d'
vnd = zmsynm exp( F;m zwnmm‘ (( Vnm + Vnmd )_ ( Vnm' + Vnm‘d ))) (13)
m=m
where,

P.(d,m) isthejoint choice probability of individual n choosing alternative d from the choice set D
and aternative mfrom choice set M,

P.(m|d) isthechoice probability of alternative m given aternatived,

P.(d) is the choice probahility of aternative d, and

Y7 is scale parameter of inclusive value (also called logsum variable).

In addition, since individuals may have heterogeneous generation patterns of choice set, we
define ¥, asfollows:

W= exp{ Zt et yniot } (14)
" exp{ Zt et yniot } + Zk exp{ Zsyszns + Zt gt ynkt }
exp{ zsyszns + Zt et ynit } (15)

ani =
exp{ Zt et yniot } + Zk exp{ Zsyszns + Zt gt ynkt }

where,

Iy isareference alternative,

Z, is the sth attribute of individual n,

Yiit is the tth attribute of alternativei for individual n, and

75,0, aetheparametersof z,, and Y, , respectively.

4, Moddl estimation results and discussion

4.1 Data

To investigate the rel ationship between parking choice behavior and activity participation at central city
area on weekends, we conducted a questionnaire survey in Hiroshima City, Japan in October 2003. We
asked the respondents to report their individual attributes, use of various parking places at central city
area (recognition of parking places, access of parking information, time spending at central area, and
parking fare etc.), activities performed at central area (locations, activity contents etc.). We handed out
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the questionnaires at seven parking places with small, medium and large sizes, among which three
parking places (P1, P5 and P6) are located nearby large-scale shopping facilities and the other four
places (P2, P3, P4 and P7) are not, as shown in Figure 1. We collected 765 out of the distributed 2,000
questionnaires (see Table 1). In the survey, we also asked the respondents to report their known parking
places. It isfound that on average, size of known aternativesis about 10 for each respondent.

4.2 Modéd specification

Here, we apply ther_GenNL model to represent choice behavior about parking places and destinations,
where parking choice behavior is usually influenced by the destination(s) where the respondents visit.
We divided the centra city areainto seven zones. One zone corresponds to one parking place. Thisis
done only for smplifying the discussions. It does not mean that an individual hasto choose the parking
place located in the zone where his/her destination is. Asavisitor to city center, he/shevisits at |east one
destination (zone). After he/she visits the first destination, he/she has to decide whether going back to
home, or visiting other destination(s) (i.e., making a tour of central area). Then, we can define
destination choice set as “D1->home” ~ "D7->home”, and “D1->tour” ~ “D7->tour”. Such decisions
about destination(s) influence parking choice behavior. To incorporate such influence, we assume a
nested choice structure about destinations (7 zones. D1~D7) and parking place (P1~P7), as shown in
Figure 2. There may exist some more proper model structuresfor the choices of destination and parking
places. Since establishing the most sophisticated model structure is not the purpose of this study, in this
case study, we examine the effectiveness of r_GenNL model using the structure shown in Figure 2.

To simplify the discussions, for choice set generation probability and relative interest parameter,
we only dea with parking choice and assume that choice set for destination is given and visitors equally

recognize al the alternatives of destinations during the choice process. In other words, @, in

equation (12) are equal across destination alternatives. Here, we assumethat al the{ @, ,I,} areequal

to unity.

Asexplanatory variablesfor the destinations“D1->home” ~”D7->home”, we adopted walking
distance to the nearest tram station and average visiting share obtained from the survey. The latter is
used as a proxy indicator of describing destination attractiveness. For “D1->tour” ~ “D7->tour”, we
only used average visiting share for al the destinations after the first destination. For explanatory
variables of parking choice, we used total walking distance, parking cost, waiting time/activity time and
dummy of parking fare discount (yes 1, no 0).

One can represent generation mechanisms of parking choice set in various ways. In this case
study, we adopted the following dummy variables: recognition of parking place (yes 1, no 0), threshold
of walking distance, parking information access (yes 1, no 0), travel party (yes 1, no 0). Especially, we
adopted dummy variable of walking distance to express if a parking place within a threshold of tota
walking distance will beincluded in choice set. This dummy variableis defined to be equal 1if thetota
walking distance is within the pre-defined threshold, O otherwise. It is assumed here that different
individuals have homogeneous threshold of total walking distance.

4.3 Modd estimation results

(1) Model performance

We showed the model estimation results in Table 2. As a comparison model, we also estimated the
conventional NL model. We exogenously defined average threshold of walking distance and estimated
the model repeatedly until finding the model with the highest logarithm likelihood. Comparing the
model accuracy, M cfadden’s Rho-squared is 0.289 for the NL model and 0.483 for ther_GenNL model.
The parameter of inclusive value is 0.7987 with high statistical significance. The parameter of walking
distance to the nearest tram station that is not significant in the NL model becomes significant in the
r_GenNL model. All these results suggest a better performance of ther_GenNL model.

(2) Generation of choice set and relative interest parameter
As shown in Table 2, if a driver wants to directly go home after visiting the first destination, the
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threshold of total walking distance is 600 meters. If adriver wantsto continue make atour after the first
destination, the threshold of total walking distanceis 1,100 meters. Thisimpliesthat on average, people
might consider all the parking places within about 300 meters (half of 600 meters) from the destination
as choice set for the former case and about 550 meters (half of 1,000 meters) for the latter case.
Threshold of walking distance for the latter case is nearly twice than the former case.

For the parameters about the probability ¥, of parking placei being included in the choice set,

recognition of parking place and threshold of walking distance become statistically significant. Positive
parameter for recognition of parking place means that if people know a particular parking place, then
that parking place has a high possibility to become an dternative of parking choice set. Positive
parameter for threshold of walking distance suggests that the longer the threshold walking distance, the
higher the probability of a parking place being included as parking choice set. These results seem
intuitive. In addition, recognition of parking place hasthe largest influence with the highest significance.
This suggests the importance of using some marketing approachesto let people know about the parking
placesin case of promoting the uses of particular parking places. However, parking information access
behavior and the existence of travel party seem not influential to the generation of parking choice set.

We calculated the probability of each parking place being included in the choice set, with regard
to each destination (see Table 3). One can see that for most destinations, “P1” is the parking aternative
that has the highest probability to be included in the choice set, and “P4” and “P7” are the alternatives
with the lowest probability.

For the relative interest parameters, for the sake of easy interpretation, we assume that each
parameter is positive and the summation of all the relative parameters is equal to unity in the model
specification. It is obvious that most of the parameters are statistically meaningful. The relative interest
parameter for “P1” hasthe highest value and the onesfor “P4” and “P7” are the lowest.

Comparing the probability of a particular parking place being included in the choice set and the
relative interest parameter for that parking place, we found that they have quite similar trends. This
might be due to they are derived from the same original interest parameter.

(3) Choices of destinations and parking places
For the parameters of destination and parking place, most of the parameters have high statistica
significance and have logical signsinther_GenNL model.

As explanatory variables of parking choice, we found that people prefer short walking distance,
cheaper parking cost, and shorter waiting time relative to activity time and discount of parking fare. For
destination choice, parameter of average visiting shareis positive and statistically influential, implying a
good explanatory power asaproxy variable of destination attractiveness. Parameter of walking distance
to the nearest tram station has negative sign in the NL and positive signinther_GenNL model. It seems
that the shorter the walking distance, the more attractive the destination. However, in case of Hiroshima
City, most of commercial facilities are not located along the tram avenue, but located at the areas away
from the tram avenue. This might be the reason why ther_GenNL model estimated a positive parameter
for walking distance.

5. Conclusions and futureresear ch issues

Representing choice set generation is very important in the devel opment of discrete choice models. Up
to now, Manski’s two-stage modeling procedure has been dominating in the existing literature, where
the first stage treats generation of a choice set and the second stage consists of choosing an aternative
from the choice set. However, it has been pointed out that from behavioral perspective, choice needs not
be modeled as the above-mentioned two-stage process because separate specification of choice set
provides no information useful for predicting choices beyond that contained in decision makers' utility
functions. Furthermore, for the two-stage modeling procedure, when the choice set has a large number
of alternatives, model specifications and estimations becomes very complicated.

Under such circumstance, we developed an additional discrete choice model with endogenous
generation of choice set. We derived this new choice model based on the principle of relative utility
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maximization, which assumes that an individual chooses an alternative with the highest relative utility
considering his/her relative interests in aternatives from the choice set. Based on the fact that the
relative interest parameter can have any rea value, we transformed the relative interest parameter into
two new parameters: one can be used to express the probability of an alternative being included in the
choice set, and another can till play the same role of the origina interest parameter, in other words,
representing context dependency. The new choice model does not need the combination of alternatives
to choice set generation.

In the case study, we empirically confirmed the effectiveness of the proposed model in the
context of parking choice, using a data collected at central area of Hiroshima City, Japan in the fall of
2003. We further found quite similar trends with respect to the probability about choice set generation
and the relative interest parameter for each parking place in the sense that a parking place with high
relative interest parameter also has a high probability to be included in the choice set. Moreover, in the
case study, 300 meters seems to be the threshold walking distance for the visitors with only one
destination at central city area, and 550 meters for the visitors with two or more destinations.

As for future research issues, we need to first investigate the best set of influentia factors for
describing choice set generation and explore the best way to incorporate these factors into the model.
Needless to say, it is necessary to apply the derived choice set generation model to various choice
contexts.
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Figure 1. Parking places selected at central city area
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Table 1. Results of questionnaire survey

Parking place | Distributed questionnaires Collected questionnaires  Rate of collection
P1 510 217 42.55%
P2 115 47 40.87%
P3 440 158 35.91%
P4 250 69 27.60%
P5 115 38 33.04%
P6 425 185 43.53%
P7 145 51 35.17%
Total 2,000 765 38.25%
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Table 2. Estimation results of NL model and r_ GenNL model
NL model r_GenNL model
Explanatory variable Estimated Estimated
parameter t-score parameter t-score
Destination choice
Constant term for "D - home" -0.1657 -0.24 -0.2056 -0.48
Constant term for "D - tour" 0.0457 0.07 -0.9885 -1.83
Walking distance to the nearest tram station -0.0013 -1.72 0.0017 3.58**
Average visiting share 9.0640 9.71** 6.0426 11.62**
Parking choice
Constant term for "D - home" -1.4550  -2.45* -12.2331 -2.44*
Constant term for "D - tour" -1.6682  -3.59** -7.4466 -1.67
Tota walking distance (meter) -2.5035 -12.70** -1.1244 -4.40**
Self-paid parking cost/total required parking fare -6.1582  -5.98** -1.6825 -2.04*
Waiting time/activity time -5.2684  -1.96* -9.9968 -3.54**
Dummy of parking fare discount (Yes1, No 0) 2.9787 3.55** 13.709 2.10*
Relative interest parameter for parking choice
Pl 0.2855 5.97**
P2 0.1843 7.65**
P3 0.1597 6.06**
P4 0.0845 1.67
P5 0.1329 4.40**
P6 0.1520 8.71**
P7 0.0011 -
Parking choice set generation
Constant term for "D - home" -0.3124 0.25
Constant term for "D - tour” -0.0945 -0.09
Recognition of parking place (Yes 1, No 0) 3.7653 11.38**
Threshold of walking distance ¥ 1.2692 4.20%*
Parking information access (Yes 1, No Q) -0.6150 -0.43
Travel party (Yes 1, No Q) 0.8293 0.88
Inclusive value 0.5405 4.78** 0.7987 4,93**
Initial logarithm likelihood -1256.28 -1256.28
Converged logarithm likelihood -892.67 -648.505
Adjusted M cFadden's Rho-sguared 0.289 0.483
Sample size 274 274

D For “D =home” alternative, within 600 meters; for “ D Stour” alternative, within 1,000 meters;

* significant at 5% level, ** significant at 1% level.
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Table 3. Probabilities related to parking choice set generation by destination
P1 P2 P3 P4 P5 P6 P7 Tota

D1 - tour 2295%  16.61%  20.06% 5.21% 12.06%  17.07% 6.03% | 100%
D2 - tour 22.67%  1556%  20.84% 5.35% 12.24%  17.23% 6.11% | 100%
D3 - tour 2241%  1821%  1854% 5.40% 1219%  17.12% 6.13% | 100%
D4 - tour 1890%  14.11%  18.76%  10.76%  14.87%  16.38% 6.22% | 100%
D5 - tour 19.92%  15.00%  18.12% 6.29% 13.21%  21.00% 6.46% | 100%
D6 - tour 20.03%  15.32%  18.18% 5.97% 15.80%  18.10% 6.60% | 100%
D7 - tour 20.45%  15.64%  18.73% 5.77% 15.04%  17.60% 6.77% | 100%
D1-> home | 39.28%  12.96%  15.55% 4.64% 10.08%  13.80% 3.68% | 100%
D2-> home | 21.70%  16.70%  19.87% 5.69% 13.13%  18.12% 4.78% | 100%
D3> home | 17.84% 3251%  16.49% 4.27% 10.40%  14.75% 3.73% | 100%
D4 > home | 1749%  12.75%  16.01% 10.99% 24.44%  14.69% 3.63% | 100%
D5-> home | 17.32% 13.39%  16.73% 4.59% 10.81%  33.29% 3.86% | 100%
D6 > home | 1657%  11.94%  1524% 10.32% 23.28%  13.88% 8.77% | 100%
D7 > home | 1747% 13.01% 16.17% 4.31% 24.75%  14.81% 9.47% | 100%
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