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ABSTRACT

The discrete choice modeling framework plays a dominant role in travel demand modeling. It7

is particularly suitable for choices with a compact choice set, such as mode choices. However,8

for spatial choices such as route or destination choices, which are in general characterized by9

a large number of alternatives, the choice set formation step poses crucial and to date unsolved10

methodological and empirical problems. In this paper, steps towards solving these important11

problems are introduced. The core of this paper is a publicly available Web-based survey tool12

that enables an empirical approach to destination choice set formation and that also has poten-13

tial use in collaborative efforts. A detailed analysis of the problems associated with destination14

choice set formation and first approaches for model estimation are included.15
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INTRODUCTION

In transport research, the discrete choice modeling framework (1) is often used for treating16

many aspects of travel behavior. Discrete choice models have proved to be productive and17

have thus been broadly applied in operational planning models. In this framework, decisions18

are modeled as a utility maximizing choice from a finite set of alternatives, the choice set.19

While the decision rules for choosing an alternative of the choice set have reached a high level20

of sophistication, the formation of the choice set still remains a major unsolved problem, in21

particular, for destination choice problems. As the estimated model parameters in general are22

very sensitive to the specification of choice sets (2, 3) this methodological gap is crucial.23

In the context of developing an agent-based destination choice model to be integrated with24

MATSim (4), this paper takes empirical steps towards solving this important problem. In this25

first version the focus is on grocery shopping destination choices.26

After presenting a brief overview of the current state of choice set formation approaches27

(section Destination Choice Set Formation Procedures in Transport Research) the general dif-28

ficulties of using discrete choice models for destination choice are characterized (section Prob-29

lem). In the section Research Objectives and Approach, new approaches to more empirically30

and conceptually well-founded destination choice set formation procedures are presented.31

The section, Survey Tool, is the core of this paper. It describes the Web-survey tool devel-32

oped to generate a fundament suitable for implementing the new approaches. The Web-survey33

tool is intended to be a publicly available tool for approaching destination choice set formation34

processes. For the time being, it is implemented for Zurich as an example. The first pre-test re-35

sults are presented in the Pre-Test section. New avenues for discrete destination choice model36

estimation are identified under Outlook and the paper closes with the Summary and Conclu-37

sions.38
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DESTINATION CHOICE SET FORMATION PROCEDURES IN TRANSPORT RE-
SEARCH

The standard discrete choice framework is based on the concept of homo economicus, who is39

perfectly informed and equipped with unlimited cognitive abilities. Thus, the decisions of homo40

economicus are based on the universal choice set. This procedure is perfectly adequate for41

problems with a relatively small number of alternatives, e. g., mode or brand choice. However,42

for spatial choice problems, the number of available alternatives is huge, such that choice set43

formation becomes a crucial computational and methodological problem.44

In the literature, two main strands addressing choice set formation for problems with a large45

number of alternatives can be identified. The models, though generally applicable to destination46

choice problems, have not all been applied to this context as yet. As they are essentially subject47

to the same basic difficulties that characterize destination choice problems they are mentioned48

here. These difficulties are presented in the section, Problem.49

An overview of the different approaches of the two main strands is given in (5) (focused50

on destination choice) and in a more recent literature review (focused on spatial contexts in51

general) (6).52

The models of the first strand are based on a deterministic specification of choice sets, where53

the choice sets are an exogenous input to the estimation step. Examples range from the early54

ad-hoc models of (7, 8, 9, 10, 11) to the rather complex cognitive models (12, 13, 14, 15, 16)55

and include models of the time-geographic approach (17, 18, 19, 20).56

The second strand, which is often called the probabilistic approach, was founded by (21,57

22, 23) and integrates the choice set formation step into the estimation procedure and jointly58

estimates the selection of a choice set and the choice of a particular alternative of this choice59

set. Examples span choice set enumeration approaches (21, 23, 22, 24, 25), the competing60

destinations model (26), the random constraints model (27, 28), dominance attributes (29) and61

the constrained multinomial logit model (30).62

As pointed out in the next section both strands of research are characterized by the same63

methodological and empirical basic set of problems.64
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PROBLEM

Empirical Basis for Choice Set Formation65

Probabilistic choice set formation models are conceptually consistent with the premise of homo66

economicus as choice sets are not restrained a priori by exogenous behavior-based criteria.67

However, the procedure is associated with combinatorial complexity, making it computation-68

ally infeasible for most practical problems. The models belonging to this second strand, that69

actually circumvent combinatorial complexity, e.g., (31) are all in turn based on such criteria in70

order to restrict the choice sets and the sets of choice sets. In essence, both the deterministic and71

the probabilistic approach rely on exogenous behavioral information for choice set formation.72

This is succinctly put by (6): “Even though the inclusion of latent stochastic thresholds and the73

simultaneous estimation of thresholds and utility functions represent an important step forward74

in discrete choice analysis, forecasting results still depend on the researchers’ specification of75

the choice set.” The problem here is that to date the specification of the exogenous factors for76

choice set formation is rather ad hoc and more in the sense of a proof of concept. This means77

that both the deterministic and the probabilistic approach of choice set formation have a strong78

need for a more systematic and empirical investigation of the factors behind choice set forma-79

tion. More generally, a deeper understanding of the spatial decision mechanisms in the context80

of large sets of choice alternatives is necessary in the design of productive destination choice81

set formation procedures.82

Methodological Issues83

In addition to these empirical problems, destination choice models exhibit methodological gaps.84

Taking Into Account the Decision Horizon85

Marketing research differentiates several types of consumer decision behavior, e.g., (32, 33,86

34). The classification proposed by (32), for example, distinguishes between extensive problem87

solving, limited problem solving and routine response behavior. As the names imply, the cat-88

egories are characterized by a decrease in cognitive consumer involvement inter alia. This de-89

crease is caused by lower product costs, a strong emotional stimulus that dominates cognition,90

but also by familiarity with the specific decision-making situation. During repeated extensive91

decisions on the same subject, approved purchasing criteria (i.e., previous knowledge) can be92

established that lead to limited decisions or even routine behavior.93

Consequently, this means that if the investigation is limited to decisions made immediately94

prior to the purchase, there is a high probability of missing the relevant part of the decision.95

The accumulation of previous knowledge, i.e., the learning process as a prerequisite for the96

final decision, is not included in such a model. As a hypothesis to be tested in the future, it97

is assumed by the authors that the above cited marketing research models designed for brand98

choices are also relevant for shopping (and probably also leisure) destination choice models in99

transport research. In the authors’ opinion, there is a lack of consideration for this methodolog-100

ical problem in discrete destination choice models in transport science.101

Discrete Destination Choice Models: Statistical versus Behavioral Tool102

A related methodological problem, lacking research, is the question about the behavioral basis103

of discrete destination choice models. As shown by (35) decision problems with a large num-104

ber of alternatives are associated with non-compensatory decision behavior. This means that,105
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when facing a complex decision situation, many alternatives are eliminated by the decision-106

maker on the basis of a limited information search and evaluation. It follows that routine or107

habitual behavior is not necessarily derived from extensive decisions, but can also be the result108

of preceding decisions that were guided by heuristics.109

In either case, the routine behavior is the result of preceding decisions. In other words, a110

sequential learning process is present. Modeling a sequential (potentially non-compensatory)111

process using a simultaneous utility-maximizing (i.e. compensatory) model means that dis-112

crete destination choice models are applied as a purely statistical tool and not as a behavioral113

model. In this context, using behavioral rules to form the choice sets is not expected to be very114

productive. Concluding, there is a certain lack of rules for forming choice sets, in particular, if115

discrete destination choice models have to be regarded as a purely statistical tool.116

The above urgent and crucial problems with regard to empiricism and methodology exist117

for destination choice research and also for the investigation of other spatial problems such118

as route choice (2). The work described here is intended to provide a starting point for an119

empirical approach to spatial choice set formation, in particular to destination choice, and to120

initialize a discussion on the methodological issues described above.121



Horni, A., Charypar, D.and Axhausen, K.W. 6

RESEARCH OBJECTIVES AND APPROACH

To limit the effort, this work focuses only on grocery shopping. Grocery shopping was chosen122

for two reasons: First, grocery shopping trips represent a substantial share of the transport123

demand: in Switzerland approximately 13% of all trips (36). Correct modeling of grocery trips124

is hence an important part of any operational transport planning tool. Second, as limited and125

routine decision behavior dominates in grocery shopping (34), it serves as a good example for126

gaining insight into the methodological problems associated with the formation of destination127

choice sets.128

Empirical Basis for Choice Set Formation129

Ultimately relevant for shopping destination models in transport research is the information130

about the frequencies of visits to specific stores for specific person groups sectioned by socio-131

demographic attributes. Bringing these frequencies to light as a starting point for model devel-132

opment is one of the main goals of the development of the survey tool.133

Numerous destination choice models are based on cross-sectional revealed preference data.134

In these models, the decision process is modeled on the basis of one single observed choice135

per person. A key hypothesis of the new model estimation approaches presented below is that136

grocery shopping involves a (relatively small) set of preferred and frequently shops (PS). If this137

hypothesis is true, the models based on one single observation per individual must fall short. To138

take their place, models where the PS plays the role of the observed choice must be developed.139

Ideas on how to specify the choice set for these new models are presented in the following,140

however, a ready-to-use model is not provided.141

While the assumption, that a preferred set of grocery shopping stores per individual exists,142

seems almost trivial, the empirical details of this set are not. Revealing these details is one143

of the goals of this survey tool. It is designed to research the structure (e.g., size, spatial144

dimension, etc.) of the PS. Also, the question can be analyzed as to why shops are not visited145

by an individual, in spite of being geographically close to the stores in his or her PS.146

Furthermore, the first insights into the constituting factors of the PS can be investigated.147

The survey tool makes it possible to investigate the influence of distance and travel time while148

taking trip chaining into account. As these are prominent factors in destination choice models,149

the results can be used to further develop, calibrate and validate existing models, in particular,150

the very promising time-geographic models (17, 37) and models moving in the direction of151

mental map models (12, 13, 14, 15, 16).152

To the authors’ knowledge, the question of the location of the main area for grocery shop-153

ping of (commuting) employees has not yet been researched satisfactorily (e.g., to what extent154

is shopping done close to the workplace, close to the residence or somewhere in between). The155

findings with respect to this question can also be directly applied to time-geographic models.156

Taking Into Account the Decision Horizon157

It is crucial to take into account the different decision horizons of consumer decision behavior.158

Some of the literature in marketing research proposes a conceptualization that looks promising159

for destination choice modeling in transport research just as well. In addition to the set of160

options considered immediately prior to the choice (often termed the evoked set, consideration161

set or choice set), these models use additional higher-level sets that are relevant for the decision-162

making process (38, 39, 40). (38) for example, introduce the following sets: unawareness set,163
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awareness set, inept set, inert set and evoked set. As the name implies, the awareness set164

consists of all options that the consumer is aware of. The awareness set is further divided into165

the inept set (for which the consumer has a negative evaluation), the inert set (for which the166

consumer has neither a positive nor a negative evaluation) and the evoked set (for which the167

consumer has a positive evaluation).168

Even though the process of how the evoked set is derived from the awareness set is unspec-169

ified, applying this classification to discrete destination choice modeling looks promising. It170

can be seen as a first step towards a behavior-based destination choice set specification. The171

survey tool is designed to provide the first empirical information about the sets defined above.172

Research Approach: Survey Tool173

Summarizing, the research approach to fulfill the objectives itemized above is the development174

of a publicly available Web survey tool. As reporting on destination choices is known to be175

very challenging for the respondents (5) the tool is designed to provide consistent support of a176

graphical map-based survey method. The tool is implemented and parameterized for the city177

of Zurich as an example. It is intended to provide a means to successively approach destination178

choice formation. Although possible avenues for developing a new destination choice model179

are sketched in, the main focus at this point in time is not on model estimation.180
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SURVEY TOOL

Scope181

At this point, the scope of this survey tool is the workday grocery shopping trip in the city of182

Zurich with a purchase amount greater than 20 Swiss francs. Only persons living in Zurich183

are surveyed. The workday is chosen as it is assumed that on workdays, shopping destination184

choices are less influenced by leisure trips than on weekends. Trip chaining with respect to185

work trips are covered by our survey. Limiting the spatial scope to the city of Zurich increases186

the quality of the description of the grocery stores, which had to be collected manually in part.187

Moreover, the urban environment of Zurich is expected to show a denser and more uniform188

spatial arrangement of grocery stores than a rural environment. This is expected to reduce the189

(distorting) effects of location-specific geographic characteristics when investigating the fun-190

damental decision-making mechanisms. Purchases smaller than 20 Swiss francs are excluded191

because buying snacks is guided by different decision-making mechanisms.192

Grocery Stores193

The survey includes 296 grocery stores. The focus of the study is on those grocery shopping194

trips, where different types of products are bought in one single store that provides a broad195

range of products. To match a stratified approach, purchases of single specific products made196

in, e.g., bakeries, butcher shops, kiosks and foreign specialty stores, are not included in this197

version of the survey tool. The respondents were also asked to add shops that were excluded198

by the authors.199

The stores were collected in various ways, ranging from using official national registers200

such as (41), to online searches (via e.g. Yellow Pages) and scanning the city using Google201

Street View to bike tours through the city.202

Zonal models are common in transport science. However, as the eventual goal is to estimate203

a disaggregate model, a disaggregate approach for data collection was used as well. This means204

that even for locations with multiple grocery shops within a small area, e.g., railway station205

areas, single shops are identified and used in the survey tool.206

For the next version of the survey tool, it is planned to prepare information about additional207

store attributes, such as opening hours, store size, price level, parking conditions and product208

range. Additionally, the scope of the next version will include markets and combined multi-209

stage purchases in bakeries, butcheries and greengrocers etc.210

Survey Design and Implementation211

As depicted in Figure 3, the survey consists of five sections and an entry and exit page. It is212

map-based and makes extensive use of Google Maps and its application programming interface213

(API) (42, 43). The survey language is German.214

1. Person Details215

The recorded personal attributes include age, sex, monthly household net income, household216

size, place of residence and workplace (if any). These attributes are prominent in destination217

choice models.218

Employees are asked about the modes mainly used for the trip to work. Knowing this, to-219

gether with the intermediate points (way points) of the trip to work provided by the respondent220
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in the second survey section, helps to complete the routing information for the route to work in221

the analysis phase.222

Furthermore, employees are asked for the main area visited for workday grocery shopping223

trips (see Figure 1) and the frequency of purchasing:224

• in the proximity to the residence (15 minutes travel time away from home at the most,225

using the mode mainly used for the trip to work),226

• in the proximity to the work location (15 minutes travel time away from home at the227

most, using the mode mainly used for the trip to work),228

• in the area between the two areas above and close to the route to work and229

• in the remaining area.230

The frequencies are specified as follows: Very often (multiple times per week), Often (ap-231

prox. once per week), Occasionally (several times per month but at least once per month) and232

Never.233

This information can be applied directly and with substantial benefit to time-geographic234

approaches for destination choice modeling. The question is especially designed for individuals235

whose workplace is outside of Zurich. For individuals who work in Zurich, the answer can also236

be derived from the survey section 3. Frequently Visited Stores.237

2. Route to Work238

The second section of the survey provides a map with ten markers initially placed on a line239

between the residence and the workplace. The respondent is asked to move the markers so that240

the route to work can be identified. Thereby, most of the well-known elements and functions of241

Google Maps are provided, e.g., different views (satellite, map, and terrain), zooming, showing242

public transport stations, etc. Knowing the route to work allows the analyst to include trip243

chaining for employees. This section is automatically skipped for non-employed persons.244

3. Frequently Visited Stores245

The respondents are asked to select on a map all stores that they visit at least once per month.246

Clicking on a marker opens a window showing a Google Street View panel (44) (see Figure 2).247

The respondents’ identification of stores is supported by Google Street View, which provides248

a capable means to inspect the surrounding area of stores. This procedure is chosen as it249

obviously provides more assistance for identifying a shop than simply showing a photo, for250

example. In addition, this makes the survey tool more up-to-date.251

4. Adding Stores252

As it cannot be guaranteed that literally every shop in the survey area is included in the survey253

as yet, the respondent is asked to add any missing shops that are frequently visited by him or254

her. As it is expected that most respondents will not necessarily know the exact address of255

stores, the possibility is provided to specify the address by moving markers on the map.256

5. Frequency of Visits, Trip Chaining and Reasons for Not Visiting a Store257

In this section of the survey, the division between shops that are visited frequently and shops258

that are never or only seldom frequented is investigated. It is expected that including the reasons259
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for not visiting a shop that is located geographically close to stores of the preferred set will be260

productive for model development.261

In order to avoid producing an infeasible burden for the respondents, the set of stores that262

is queried (QS) has to be restricted. At this point in time, the ten shops closest to the residence263

and the three closest stores of every frequently visited shop are included in the QS. The QS is264

dynamically updated dependent on the answers of the respondent. This information is made265

available to the respondent through a counter that shows the number of stores to be processed.266

If a new frequently visited store is found while querying the QS, both the PS in this section267

and the QS are updated. It is planned to include stores along the work route as soon as public268

transport routes are provided by Google Maps API (43).269

Here again, the identification of stores by the user is supported by Google Street View. The270

questions posed are as follows:271

First, the respondent’s awareness of the store in question is queried. This gives valuable272

information about the respondent’s awareness set, which is an important component of the273

classification proposed by (38). This classification is used as a starting point to model different274

decision-making horizons.275

Second, for shops that are known to the respondent, the frequency of visits to this store is276

requested.277

Third, if the store is visited very often, the respondents are asked about the departure site278

of the shopping trip and the destination after having finished the purchase. The purpose of this279

question is to gain further insight into trip chaining effects associated with shopping trips. If280

the store is never or seldom visited, the reasons for this are also requested and the following281

options are provided:282

1. “Unknown. I have never thought about the reasons”.283

2. The product range and quality do not match the respondent’s needs.284

3. The store is not located close to the start, end or a change station of public transport.285

4. The store does not lie en route or is too far away from the residence.286

5. The store is disadvantageous with respect to value-for-money.287

6. The store does not satisfy in terms of parking conditions.288

7. The store does not have a nice atmosphere.289

8. Further reasons given by the respondent.290

It can be assumed that the stores for which option 1 is chosen have not yet been part of291

the decision-making process or that the respondent has a neutral evaluation for these stores. In292

other words, the respondent is aware of the stores but does not visit them frequently, but may293

also not have a reason not to visit these stores. As mentioned earlier, in the model of (38), the294

set of stores for which the respondent has a neutral evaluation is called the inert set.295

More importantly, the stores for which the respondent chooses at least one of options 2-8296

constitute the inept set as defined in (38) revealing the interesting division between stores for297

which the respondent obviously has a positive evaluation (PS) and the stores for which the298

respondent has a negative evaluation (inept set).299
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Technical Details300

The survey is implemented using PHP, Java Script, HTML and SQL in combination with a301

mySQL database. A tab-based design is applied that enables the user to navigate back to302

previous questions for corrections and additions. To counter fatigue, all forms that contain303

follow-up questions that are dependent on preceding answers, are created dynamically. In304

addition, mandatory fields are colored as long as they are empty. For the few stores that cannot305

be accessed via Google Street View (underground stores at railway stations, etc.) an author-306

provided photo is shown instead.307
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Residence Workplace

Route to work

15 minutes travel time15 minutes travel time

Area W
Area 0

Area A

Area R

FIGURE 1 Main area of grocery shopping trips for commuters (translated)
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FIGURE 2 Google Street View perspective of a store site and survey questions (German)
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5. Frequencies of Visits, Trip Chaining
Reasons for Not Visiting a Store
- Awareness set
- Inert set
- Inept set
- Trip chaining and frequencies for PS

- Frequencies of modes used for shopping and work trips
- Core area for the workday grocery shopping trip

1. Person Data

4. Adding Stores

3. Frequently Visited Stores
Preferred set of stores (PS) 

2. Route to work
Trip chaining work and shopping

FIGURE 3 Survey Overview
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PRE-TEST

A pre-test was conducted to get some first indications for the following two questions. First, are308

the respondents able to efficiently navigate in the maps and locate the stores that they frequently309

visit? Second, is the map-based approach evaluated by the respondents as advantageous, com-310

pared to typical list-based approaches. In other words, is the intention of providing a method311

with game-like traits appreciated or seen as confusing? An incentive of 10 Swiss francs was312

offered.313

To answer these questions, the following issues were evaluated.314

• Total time needed for the survey.315

• Efficiency of reporting the frequently visited stores: The map in this section of the316

survey contains the complete set of stores. The average time needed to report on the visits317

to a frequently visited store was measured to evaluate if this task can be accomplished318

with a reasonable effort.319

• Necessity for support by an interviewer, using a scale ranging from 1 (support is not320

necessary and rather confusing) to 7 (support is urgently needed)321

• Convenience of the map-based approach, using a scale from 1 (exhausting) to 7 (help-322

ful and entertaining).323

• Fatigue in survey section 5: The maximum number of stores for which the user is324

willing to report is surveyed. This will help to adjust the query set (QS) size in future325

versions of the survey tool.326

Pre-Test Results and Conclusions327

All ten pre-test participants were PhD students, with age � 31 ± 2.4 years. A second pre-328

test using a representative and larger sample of the Swiss population, including inexperienced329

computer users, is required. Timing information includes short discussions between the pre-330

test examiner and the respondent during the completion of the survey and is hence meant to331

provide first references only.332

With an average total required process time of 24 ± 7 minutes, the survey represents an333

acceptable burden, as confirmed by the respondents. The efficiency of reporting the frequently334

visited stores varies significantly. The time needed to find a frequently visited store averages335

50 ± 33 seconds. This indicates that at least for people who are not frequent users of Google336

Maps (e.g., elderly people) support by an interviewer needs to be taken into account. This337

is confirmed by the respondents although they do not see a need to be supported themselves338

(rating: � 3.5).339

The map-based approach is rated as entertaining and helpful (rating: � 6.8 points). Having340

a mean at hand for scanning the residence area (or the work area) on a map to get to know addi-341

tional stores was seen as an interesting feature. It was used by most of the respondents beyond342

the required tasks. This supports the assumption that designing surveys as informative games343

could strongly reduce the burden for the participants, where again support for inexperienced344

people must be checked. The maximum acceptable size of the QS in section 5 averages 31345

stores, while the average size of the QS for the pre-test was 24 stores.346

Most interestingly, indications are given for the appropriateness of model estimation ap-347

proaches, taking into account the concept of dominance, e.g., the dominance attributes ap-348

proach (45, 46). Although a list of reasons for not visiting a store is provided in the survey, for349
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some stores, the respondents labored to report reasons other than “one of my preferred stores is350

close by”. In all these cases, the preferred stores belonged to the largest Swiss retailers.351
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OUTLOOK: AVENUES FOR MODEL ESTIMATION

Two perspectives on discrete destination choice modeling can be identified. According to the352

first perspective, discrete destination choice models are a purely statistical tool. The thresholds353

that define the choice sets are (optimally) set where the parameters to be estimated stabilize.354

However, research on this stabilization behavior of the parameters and the associated thresholds355

is rare. Furthermore, this approach does not reveal the behavioral base of decision-making and356

is expected to be computationally costly when applied in forecasting models.357

The second perspective, applied in this work, tries to approach destination choice set for-358

mation from a behavioral perspective. The overall goal is to define the choice set in such a way359

that it is easy to survey (and easy to generate in forecasting models) and so that it actually plays360

a well-defined role in the process of coming to and making a destination decision. Space-time361

prisms of time-geography, derived from travel time budgets, among others, provide an appeal-362

ing approach to specify choice sets that play a role in the final decision before undertaking the363

respective trip. However, the specification of individual travel time budgets is subject to the364

same empirical and methodological problems pointed out earlier, so that searching for travel365

time budgets is essentially a proxy problem to specifying choice sets.366

A different approach, inspired by mental map models, could be to use the awareness set367

as the choice set. The PS (preferred set of stores) plays the role of the observed choice in368

this model. For this approach, which delivers frequency data (i.e., rank data) it is potentially369

beneficial to apply an exploded logit model or to simulate n decisions of one person with n370

persons, each making one decision.371

In general, the search for a set showing these characteristics is subject to the following fun-372

damental problem (see Figure 4). The decision-making process (including preceding learning373

processes) can be seen as a process during which the decision-maker, starting with the aware-374

ness set and ending with the final decision, successively reduces the number of alternatives. For375

any non-trivial decision-making problem, the more one retrogrades in this process, the more376

dominant become the random influences. For example, the membership of a store in a person’s377

awareness set can be caused by one single random visit of this person in a bar close to the store378

in question, whereas the reasons that a store belongs to the person’s preferred set are much less379

random. However, the awareness set is in fact an important component of the decision-making380

process and, thus, means have to be developed to adequately model these random influences.381

In essence, it is one of the declared goals of this work to provide a means to either succes-382

sively approach a set that is easy to survey and that actually plays a well-defined role in the383

process or to demonstrate that such a set cannot exist.384
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Decision process

Set immediately
prior to choice

In�uence of chance

Processed set
(as an example)

Awareness set

Set size

FIGURE 4 Different Sets in the Decision Process and Influence of Chance. The pro-
cessed set, shown as an example, is specified in (34) as the set of stores for which the
individual has gathered information.
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SUMMARY AND CONCLUSIONS

As shown in this paper, discrete destination choice models exhibit crucial methodological gaps385

and a lack in terms of the empirical basis for choice set formation. In general, more reflection386

on the decision horizon to be modeled is necessary, i.e., the (possibly rule-based and tempo-387

rally extended) learning process that precedes the final decision has to be explicitly taken into388

account. Furthermore, the behavioral basis of discrete destination choice models needs to be389

investigated. It has to be researched if they are a purely statistical tool, or if the inclusion of390

behavioral rules can help to achieve a productive choice set formation.391

This paper introduces a Web-based publicly available survey tool to empirically approach392

destination choice set formation. The tool is map-based and uses Google Maps and Google393

Street View to support the respondent, where the applicability of the tool and the benefit of394

using a graphical map-based approach were verified in a first pre-test.395

The methodological gaps and the sparse empirical basis of destination choice models are396

(in the opinion of the authors) responsible for a certain lack of recent progress of destination397

choice modeling. This paper tries to stimulate more intense research on this important topic.398



Horni, A., Charypar, D.and Axhausen, K.W. 20

REFERENCES

1. McFadden, D. (1978) Modeling the choice of residential location, in A. Karlqvist (ed.)399

Spatial Interaction Theory and Residential Location, 75–96, North-Holland, Amsterdam.400

2. Schüssler, N. (2010) Accounting for similarities between alternatives in discrete choice401

models based on high-resolution observations of transport behaviour, Ph.D. Thesis, ETH402

Zurich, Zurich.403

3. Pellegrini, P. A., A. S. Fotheringham and G. Lin (2005) An empirical evaluation of param-404

eter sensitivity to choice set definition in shopping destination choice models, Papers in405

Regional Science, 76 (2) 257–284.406

4. MATSim-T (2010) Multi Agent Transportation Simulation Toolkit, webpage, http://407

www.matsim.org.408

5. Thill, J.-C. (1992) Choice set formation for destination choice modelling, Progress in Hu-409

man Geography, 16 (3) 361–382.410

6. Pagliara, F. and H. J. P. Timmermans (2009) Choice set generation in spatial contexts: A411

review, Transportation Letters, 1 (1) 181–196.412

7. Gautschi, D. A. (1981) Specification of patronage models for retail center choice, Journal413

of Marketing Research, 18 (2) 162–174.414

8. Weisbrod, G., R. J. Parcells and C. Kern (1984) A disaggregate model for predicting shop-415

ping area market attraction, Journal of Retailing, 60 (1) 65–83.416

9. Adler, T. J. and M. E. Ben-Akiva (1976) Joint-choice model for frequency, destination and417

travel mode for shopping trips, Transportation Research Record, 569, 136–150.418

10. Miller, E. J. and M. E. O’Kelly (1983) Estimating shopping destination choice models from419

travel diary data, The Professional Geographer, 35 (4) 440–449.420

11. Southworth, F. (1981) Calibration of multinomial logit models of mode and destination421

choice, Transportation Research Part A, 15 (4) 315–325.422

12. Chorus, C. G. and H. J. P. Timmermans (2009) An empirical study into the influence of423

travel behavior on stated and revealed mental maps, paper presented at the 88th Annual424

Meeting of the Transportation Research Board, Washington, D.C., January 2009.425

13. Hannes, E., D. Janssens and G. Wets (2008) Destination choice in daily activity travel: The426

mental map’s repertoire, paper presented at the 87th Annual Meeting of the Transportation427

Research Board, Washington, D.C., January 2008.428

14. Mondschein, A., E. Blumenberg and B. D. Taylor (2008) Accessibility and cognition: Ef-429

fect of transportation mode on spatial knowledge, paper presented at the 87th Annual Meet-430

ing of the Transportation Research Board, Washington, D.C., January 2008.431

15. Arentze, T. A. and H. J. P. Timmermans (2004) Capturing the role of awareness and in-432

formation search processes on choice set formation in models of activity-travel behavior,433

paper presented at the 83rd Annual Meeting of the Transportation Research Board, Wash-434

ington, D.C., January 2004.435

http://www.matsim.org
http://www.matsim.org
http://www.matsim.org


Horni, A., Charypar, D.and Axhausen, K.W. 21

16. Golledge, R. G. and H. J. P. Timmermans (1990) Applications of behavioural research on436

spatial problems: Cognition, Progress in Human Geography, 14 (1) 57–99.437

17. Hägerstrand, T. (1970) What about people in regional science?, Papers of the Regional438

Science Association, 24 (1) 7–21.439

18. Landau, U., J. N. Prashker and B. Alpern (1982) Evaluation of activity constrained choice440

sets to shopping destination choice modeling, Transportation Research Part A, 16 (3) 199–441

207.442

19. Thill, J.-C. and A. J. Horowitz (1997) Travel-time constraints on destination-choice sets,443

Geographical Analysis, 29 (2) 108–123.444

20. Scott, D. M. (2006) Constrained destination choice set generation: A comparison of GIS-445

based approaches, paper presented at the 85th Annual Meeting of the Transportation Re-446

search Board, Washington, D.C., January 2006.447

21. Manski, C. F. (1977) The structure of random utility models, Theory and Decision, 8 (3)448

229–254.449

22. Burnett, K. and S. Hanson (1979) Rationale for an alternative mathematical approach to450

movement as complex behavior, Transportation Research Record, 723, 11–24.451

23. Burnett, K. (1980) Spatial constraints-oriented modelling as an alternative approach to452

movement: Microeconomic theory and urban policy, Urban Geography, 1 (1) 53–67.453

24. Swait, J. (2001) Choice set generation within the generalized extreme value family of dis-454

crete choice models, Transportation Research Part B, 35 (7) 643–666.455

25. Horowitz, A. J. and J. J. Louviere (1995) What is the role of consideration sets in choice456

modeling?, International Journal of Research in Marketing, 12 (1) 39–54.457

26. Fotheringham, A. S., T. Nakaya, K. Yano, S. Openshaw and Y. Ishikawa (2001) Hier-458

archical destination choice and spatial interaction modelling: A simulation experiment,459

Environment and Planning A, 33 (5) 901–920.460

27. Ben-Akiva, M. E. and B. Boccara (1995) Discrete choice models with latent choice sets,461

International Journal of Research in Marketing, 12 (1) 9–24.462

28. Swait, J. and M. E. Ben-Akiva (1987) Incorporating random constraints in discrete models463

of choice set generation, Transportation Research Part B, 21 (2) 91–102.464

29. Cascetta, E. and A. Papola (2009) Dominance among alternatives in random utility models,465

Transportation Research Part A, 43 (2) 170–179.466

30. Martínez, F., F. Aguila and R. Hurtubia (2009) The constrained multinomial logit: A semi-467

compensatory choice model, Transportation Research Part B, 43 (3) 365–377.468

31. Zheng, J. and J. Y. Guo (2008) Destination choice model incorporating choice set forma-469

tion, paper presented at the 87th Annual Meeting of the Transportation Research Board,470

Washington, D.C., January 2008.471

32. Solomon, M. R. (2009) Consumer Behavior, Pearson Prentice Hall, Upper Saddle River.472



Horni, A., Charypar, D.and Axhausen, K.W. 22

33. Kroeber-Riel, W. and P. Weinberg (2003) Konsumentenverhalten, 8. edn., Verlag Vahlen,473

Munich.474

34. Foscht, T. and B. Swoboda (2007) Käuferverhalten, 3. edn., Gabler Verlag, Wiesbaden.475

35. Tversky, A. (1972) Elimination by aspects: A theory of choice, Psychological Review,476

79 (4) 281–299.477

36. Swiss Federal Statistical Office (2006) Ergebnisse des Mikrozensus 2005 zum Verkehrsver-478

halten, Swiss Federal Statistical Office, Neuchatel.479

37. Landau, U., J. N. Prashker and B. Alpern (1982) Evaluation of activity constrained choice480

sets to shopping destination choice modeling, Transportation Research Part A: Policy and481

Practice, 16 (3) 199–207.482

38. Narayana, C. L. and R. J. Markin (1975) Consumer behavior and product performance: An483

alternative conceptualization, Journal of Marketing, 39 (4) 1–6.484

39. Howard, J. A. and J. N. Sheth (1969) The Theory of Buyer Behavior, John Wiley, New485

York.486

40. Crompton, J. L. (1992) Structure of vacation destination choice sets, Annals of Tourism487

Research, 19 (3) 420–434.488

41. Swiss Federal Statistical Office (2008) Eidgenössische Betriebszählung 2008 - Sektoren489

2 und 3, GEOSTAT Datenbeschreibung, Swiss Federal Statistical Office, GEOSTAT,490

Neuchatel.491

42. Google (2010) Google Maps, webpage, http://maps.google.com/.492

43. Google (2010) Google Maps API Family, webpage, http://code.google.com/493

apis/maps/index.html.494

44. Google (2010) Street View: Explore the world at street level, webpage, http://www.495

google.com/intl/en_us/help/maps/streetview/.496

45. Cascetta, E., F. Pagliara and K. W. Axhausen (2007) The use of dominance variables in497

choice set generation, paper presented at the 11th World Conference on Transportation498

Research, Berkeley, June 2007.499

46. Cascetta, E. and A. Papola (2005) Dominance among alternatives in random utility mod-500

els: A general framework and an application to destination choice, paper presented at the501

European Transport Conference, Strasbourg, October 2005.502

http://maps.google.com/
http://code.google.com/apis/maps/index.html
http://code.google.com/apis/maps/index.html
http://code.google.com/apis/maps/index.html
http://www.google.com/intl/en_us/help/maps/streetview/
http://www.google.com/intl/en_us/help/maps/streetview/
http://www.google.com/intl/en_us/help/maps/streetview/

