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1. U4IA PROJECT 

This project is part of a larger project called U4IA (Euphoria), Emerging Urban Futures 

and Opportune Repertoires of Individual Adaptation. The ultimate goal of this research 

project is to develop the first comprehensive model of dynamic activity-travel patterns in 

the world, expanding and integrating concepts and partial approaches that have been 

suggested over the last few years. Dynamics involve short-term rescheduling of activities 

and travel in time and space, mid-term adjustment and long-term adaptation. Dynamics 

will be incorporated to represent both endogenous change and exogenously triggered 

change.  

Exogenously triggered change involves change in the urban and/or transportation 

environment and/or the larger socio-economic institutional contexts. It may be unplanned 

or planned (policies). Changes in external factors will likely change the utility that 

individuals derive from their activity-travel patterns or available budgets for their 

activities and this may induce them to reconsider their current repertoire. Thus, a 

repertoire of activity-travel patterns will evolve.  

As part of the U4IA project, the ultimate aim of this research project is to develop 

and test the prototype of a dynamic multi-agent model of activity-travel demand, which 

allows simulating how activity-travel patterns change over time in response to emerging 

circumstances and various policies. Innovative experimental design approaches are 

developed and explored to model changes in the current repertoire of activity-travel 

patterns in response to external policies such as accumulated pricing policies. 

Prior research has primarily examined adaptation in relation to a single facet of 

travel behaviour. This may be unrealistic for those cases where policy implementation 

may trigger multi-faceted changes in activity-travel behaviour. This study focuses on the 

description of an innovative SA survey for analyzing travellers’ response to different 

pricing schemes. In addition, the activity-based approach is used and an interactive 

internet-based survey is designed which differs from previous studies in three respects. 

Firstly, the design is not based on a certain period of time (day and week), but on habitual 

behaviour and the concept of a repertoire. Secondly, it focuses on the complete 

adaptation of scripts in response to pricing policies rather than offering a discrete set of 
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pre-defined adaptation strategies. Lastly, effects of synergy in combination of different 

pricing policies is considered and explored. 

2. MOTIVATIONS & OBJECTIVES: “EFFECTS OF PRICING 

STRATEGIES ON DYNAMIC REPERTOIRES OF ACTIVITY-

TRAVEL BEHAVIOUR” 

Various pricing strategies have been suggested and/or implemented to induce individuals 

to change their space-time behaviour. In addition to congestion pricing, new pricing 

strategies such as carbon tax, tax reduction for fuel-efficient cars, environmental taxes for 

airlines, energy vouchers and free public transport for certain age cohorts have been 

suggested. The reward strategy is also one of the new and innovative policies that has 

been recently introduced and implemented successfully. It is not known whether such 

policies will lead individuals to change their current behaviour and if so how. Key 

research questions thus are: What are the primary and secondary effects of these pricing 

strategies on the dynamics of activity-travel patterns? Do they differ between population 

segments and types of neighbourhoods?  

This research project as the second defined project in U4IA, aims to increase our 

understanding of the impact of various pricing strategies on the dynamics of activity-

travel patterns, and develops and tests a model of these dynamics. In principle, the results 

can be embedded in an integrative multi-agent representation and simulation of dynamic 

repertoires of activity-travel patterns. Thus, this project will be the examining different 

pricing strategies and one of the first to address the combination of related specific 

pricing strategies, applying new methodology, and allowing analysis of any synergy 

effects. In other words, it tries to fill some gaps in the transportation pricing studies and 

also aims to contribute to the literature by introducing innovative methods of 

experimental design and advanced modeling techniques. 

3. THESIS OUTLINE 

This thesis is organised into 8 chapters. The aim of the first chapter is to review the 

existing literature on transportation pricing and to examine to what extent the current 

state-of-the art meets the ambitions in of this project. Thus, this chapter reports the 
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findings of this state-of-the-art review of transportation pricing analysis and travel 

demand modelling. Based on this review, limitations are identified and several needs for 

future research are suggested. According to the identified shortcomings in the first 

chapter, the remaining of this thesis is organized as follows: 

Chapters 2, 3, 4 and 5 are concerned with the core of the U4IA program and 

contribute to developing components that can be incorporated into a dynamic multi-agent 

model of activity-travel demand, which allows simulating how activity-travel patterns 

change over time in response to emerging circumstances and various policies. 

Conceptually, the dynamic based model is based on the contention that observed activity-

travel patterns reflect scripts (routines, habit) that individual apply when making activity-

travel decisions. Thus, some key challenges developing the dynamic model is how to 

measure these script, how to design experiments that will indicate how individuals adapt 

these scripts when confronted with new policies and how to model the dynamics. 

Chapter 2 describes the development of an innovative system (“SINA”) which has 

been developed to systematically collect data on scripts and on responsive behaviour 

reflected in changes in the current repertoire of activity-travel patterns in response to 

external policies, which in this study are accumulated transportation pricing policies. Our 

proposed approach addresses some mentioned gaps in the first chapter by designing a SA 

experiment. Thus, fundamental principles underlying the data collection system, the 

system architecture, and interface are explained and discussed in this chapter. 

In chapter 3, the focus is on the data collection process in SINA, and the results of 

descriptive analysis of the collected data in the first phase of the experiment. Firstly, we 

look at our sample composition considering socio-demographic and situational variables. 

Then we try to understand how the script-based activity-travel data look like. For this 

reason, our descriptive analysis is done in two main parts. In the one-dimensional 

descriptive analysis, we explore the characteristics of activity and travel facets separately. 

The two-dimensional analysis, then, look the relation of each facet in regards to the main 

activity type. This chapter gives us a better insight into script-based activity-travel data. 

To the best of our knowledge, there is no such study in this regard. 

In chapter 4, the focus of descriptive analysis is on how respondents deal with the 

complexity of task in the second phase of experiment, which is the adaptation phase. 

Accordingly, in this chapter, travel cost estimations in the adaptation phase are discussed 
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first. Then, percentage of adaptation and the effectiveness of policies are explored in two 

levels of repertoire and script. Composition of adaptation options is also studied and 

presented in detail. 

Chapter 5 develops the framework for the dynamic activity-based model. Thus we 

introduce the general specifications of the proposed model firstly. Estimation method of 

such dynamic choice model and challenges in this way are discussed afterwards. Data set 

is then reconstructed based on estimation method and assumptions. In the last part, 

estimated results of dynamic choice model is presented for three activity categories 

separately. These categories are: mandatory, maintenance, and recreation.  

Chapters 6 and 7 are two parallel studies to the main core of U4IA project. These 

chapters discuss about accumulated transport charges and reward scheme. 

Our findings in the chapter 1 suggest that travellers’ adaptive behaviour to 

accumulated transport charges has not received much attention. Thus in the sixth chapter 

travellers’ adaptive behaviour to accumulated transport charges will be studied. 

Addressing this under-researched issue, this chapter documents the construction, 

implementation and analysis of a mixture-amount experiment involving three mixtures of 

pricing schemes: toll road, congestion pricing and parking price. In addition, each pricing 

scheme has three levels of saving travel time.  

Seven mixtures of the simplex lattice design {3, 3} are used for the allocation 

process and a second-degree polynomial model is estimated using the ML model. It 

should be noted that this is the first application of this method in the context of pricing 

policies analysis. Moreover, by considering the effect of varying attributes levels, we 

extend the classical mixture-amount design. 

Several reward-scheme based projects have been successfully implemented in the 

Netherlands, stimulating car users to avoid using certain links of the network during peak 

hours. Chapter 7 tries to zoom at rewarding as a new type of measure to affect travellers’ 

behaviour. Our review in the first chapter showed that the reward schemes have been a 

useful solution in the short run especially in specific local situations. However, the long-

term effects of such schemes are still uncertain. To disentangle these effects, a panel 

effects mixed logit model including the option of no change, is estimated using data from 

Dutch “SpitsScoren” project.  
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In chapter 8, general conclusions will be drawn and the implications of the results 

of this PhD project for practice will be discussed. 
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CHAPTER 1 

Transportation Pricing Policies: State of the Art Review 

 

The growing number of studies and continued policy interest in transportation pricing 

strategies and technologies represent new challenges to transportation researchers in their 

attempt to better understand and predict the impact of various pricing strategies on travel 

behaviour. The purpose of this chapter is to review the existing literature on 

transportation pricing and to examine to what extent the current state-of-the art meets the 

ambitions in this context. As the volume of publications is very high, we selected a set of 

representative studies. Thus, this chapter reports the findings of this state-of-the-art 

review of transportation pricing analysis and travel demand modelling. Based on this, 

limitations are identified and several needs for future research are suggested.  
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1. INTRODUCTION 

Considering the ever-increasing rate of road congestion worldwide and limited resources 

to improve supply, predicting the impact of different transport pricing strategies on travel 

behaviour represents a key challenge to transport researchers and economists. The high 

volume of pricing studies from across the world can be classified into theoretical studies 

and empirical studies. The first group of studies, most conducted by economists, attempt 

to derive social welfare from large normative assumptions of behaviour. In contrast, 

empirical studies attempt to predict the effect of pricing studies on one or more 

performance indicators or report the findings of monitoring studies. 

Broadly speaking, transport models that are used to investigate the effects of road 

pricing can be classified into four major types (Vovsha et al., 2005): static user 

equilibrium assignment; dynamic traffic assignment (meso-scale or micro-simulation of 

individual vehicles); conventional 4-step trip-based models, and advanced activity-

based/tour-based models. The first two tools serve the purpose of modelling traffic flows 

with predetermined trip tables. The last two tools are related to a more general modelling 

stage referred as trip generation, trip distribution, mode choice, and time-of-day choice. 

The literature on road pricing has demonstrated that the most frequently applied 

combination so far is a 4-step model with static assignment, and the most advanced 

design is an activity-based model combined with dynamic traffic assignment. Table 1.1 

shows the advantages and limitations of the different approaches in the context of 

transport pricing analysis. 

We contend that pricing policies and associated modelling approaches should 

ideally be embedded in the next generation of comprehensive models of transport 

demand: dynamic activity-based models. Activity-based analysis has recently witnessed 

increasing interest in both endogenous and exogenous dynamics of activity-travel 

behaviour. In the latter case, the focus of analysis is concerned with how individuals and 

households adapt to changes in external factors that affect the way they organize their 

daily activities and travel. Changes in external factors, such as congestion pricing, will 

likely change the utility that individuals derive from their activity-travel patterns or 

available budgets for their activities and this may induce them to reconsider their current 

repertoire.  
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The estimation of models of such behavioural change requires data that reflect the 

nature and intensity of change, which potentially may involve one or more facets of 

activity-travel patterns. Panel data recording changes in activity-travel patterns over time 

allows such modelling, but in many cases such data is not available because it is too 

expensive or because the external change is new, implying that such data can logically 

not be available. Under such circumstances, researchers need to rely on experimental-

design data or Stated Adaptation (SA) data. Such data reflect respondents’ indications of 

how they would change their current behaviour if external conditions would change. 

Nevertheless, Stated Adaptation (SA) data in travel behaviour research are relatively rare.  

Most studies have relied on conventional stated preference and choice (SP&C) data, 

assuming that estimated utility functions and choice rules could be applied invariably to 

external change. A discriminating feature of SA models is that they allow for effects of a 

reference situation on responsive behaviour, i.e. reluctance to change an existing pattern 

of behaviour, which is not captured by SP&C approaches. Moreover, most SP&C studies 

have been confined to single choice facets underlying activity-travel patterns. This 

tradition potentially has weaknesses as the complex interdependencies of activity-travel 

patterns have been widely reported, and in fact are the primary reason for developing 

activity-based analysis in the first place. However, compared to SP&C experiments, 

much less is known about stated adaptation experiments. 

This chapter is organized as follows. The next section provides some examples of 

the existing literature, theoretical and empirical, on transport policies. In the following 

section, we narrow down the expanded literature based on the goals of the current 

research. Thus this section primarily focuses on applications of discrete choice and 

activity-based models in transport pricing studies. This will be followed by introduction 

and discussion about an alternative of transport pricing policies. Based on this literature 

review, we will then draw some major conclusions and provide a brief discussion of 

issues and future research directions. 
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Table 1.1. Summary of the exiting modelling approaches in the context of transportation pricing 

analysis 

Approach Advantage Limitation 

Static user 

equilibrium 

assignment 

 

1-Limited in modelling 

variable travel time 

2-Limited in representing of 

toll collection delay 

3-Limited in properly 

handling non-link-additive 

pricing forms  

Dynamic  

traffic 

assignment 

 

1-Ability to handle route characteristics, 

queues, variety of vehicle types, travel 

characteristics 

1-Limited application on 

regional scale 

2-Ability to more realistically represent the 

congestion and linkage across different time-

of-day demand slices compared to Static user 

equilibrium assignment 

2-Limited in addressing daily 

pricing 

4-step models 

1-Ability to estimate sensitivity of travel 

choices as mode, trip distribution, and time of 

day choice to transportation pricing 

1- Incorporation only a 

limited number of segments in 

terms of time-of-day periods, 

vehicle types, value-of-time, 

payment type and etc. 

2- Ability to incorporate any level-of-service 

improvements, delays associated with toll 

collection, and travel time variability 

 

2- Failure to properly model 

time-of-day and mode choice 

sensitivity 

3- Insensitive to any effects of 

pricing policies on both travel 

behaviour and land use 

Activity-

based/tour-

based models 

1- Much more realistic sensitivities of mode 

and time-of-day choice to road pricing  

1- Higher degree of 

complexity compared to other 

approaches 

2- Unlimited segmentation by travel 

segments and person types which better suits 

road pricing markets 

3- Incorporate such additional choice 

dimensions as possession of a pass or 

transponder by each individual traveller, as 

well as address non-trip pricing forms 

through their impact on daily activity patterns 
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2. THEORETICAL AND EMPIRICAL STUDIES ON 

TRANSPORT PRICING 

The flurry of interest in transport pricing over the last decade might suggest that road 

pricing is an idea whose time has come or, rather, come back. Thus, there are many 

studies, theoretical and empirical, in this regard. The theoretical study reported by Arnott 

et al., 1990 is the first to systematically analyze user equilibrium, system optimality, and 

various pricing régimes for a simple network of routes in parallel. Authors assumed that 

departure time and route decisions of commuters are governed by the tradeoff between 

travel time and schedule delay. Their results demonstrated that an optimal time-varying 

toll eliminates queuing without affecting route usage. Uniform and step tolls alter route 

usage, but only slightly. They also found that step tolls seems to yield much greater 

efficiency gains than uniform tolls because they reduce queuing by altering departure 

times. 

Arnott et al., (1993) examined some of the economic implications of the Vickrey 

model and extended it to treat elastic demand and optimal capacity under a variety of 

pricing regimes. In fact they eliminated ambiguities in this model by working with a 

structural model that explicitly treats the congestion technology and drivers’ behavioural 

decisions. Their study led to two main findings. First, if a road of optimal capacity should 

be self-financing with an optimal time varying toll, it should also be self-financing when 

only a gasoline tax can be employed. Second, the computed gains from efficient pricing 

are considerably greater than those given in the empirical literature on urban auto 

congestion. At the end, the authors argued that there are always advantages in providing a 

structural model of a congestible facility, which explicitly treats users' decisions and the 

facility's congestion technology. 

In a study about parking charge, Fosgerau et al., 2013 analyzed the potential 

efficiency gains that may be realized through retiming commuting trips due to a time-

varying parking fee charged at a positive rate at the. Based on their research, at the social 

optimum, the commute to work is divided into two distinct intervals by the optimal 

parking fee. During the first interval, parking is charged at a zero rate and there is 

queueing. During the second interval, parking is charged at a time-varying rate such that 

there is no queue while capacity remains fully utilized. The sequence of these two periods 
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is reversed from the morning to the evening commute. Parking fees, according to their 

results, created an incentive to reduce the length of time spent at work. 

De Palma et al. (2006) focused on the design of urban road pricing schemes, and 

their spatial and temporal impacts, using quantitative transport and land use models. In 

this research the policy implications of road pricing, including welfare and equity aspects, 

were studied for Paris, Brussels and Oslo using state of the art planning models. The 

modelling results of road pricing implementation for four case studies (Paris, Brussels, 

Oslo and Helsinki) showed that there is clearly a considerable gap between an idealized 

approach, and what is feasible in applied modelling work using large-scale empirical 

network models and taking into account city/country-specific barriers and constraints. 

Their result was also a first step towards a more rigorous approach to the economic 

analysis of transport policy and implementation issues. 

Verhoef, and Lijesen (1998) gave an empirical analysis of the aggregate economic 

impacts of the planned introduction of road pricing in the Randstad area. The authors 

developed a model that distinguishes between the welfare effects on various types of 

traffic for different sectors. 9 sectors, 4 cities, and 4 types of traffic were considered in 

this study. The welfare effects on sectoral profitability considered include the full travel 

time gains and tax payments for business and freight transport. For commuting, account 

is taken of the extent to which employees will be able to shift the welfare effects to their 

employers. An input-output model was used to determine the ‘full’ economic effects for 

the situations with and without tax recycling. The results indicated that the overall 

economic effect of road pricing is likely to be positive as long as the tax revenues are 

recycled into the economy. The results also demonstrated that the incidence of road 

pricing calculated may strongly depend on the measure of incidence considered. 

These studies are just a few examples of theoretical studies on transport pricing 

provide theoretical insight into the effects of road pricing but often based on often 

normative assumptions. As the primary purpose and contribution of this thesis is to 

examine the effects of accumulated pricing strategies on comprehensive activity-travel 

patterns, in the remainder of this chapter we shift the attention to empirical studies of the 

effect of pricing strategies, differentiating between different modeling approaches. 

Accordingly in the following sections, we go to the direction of empirical studies and 
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primarily focus on applications of discrete choice and activity-based models in transport 

pricing analysis. 

 

3. DISAGGREGATE MODELS OF TRAVEL DEMAND AND 

THEIR APPLICATION IN TRANSPORTATION PRICING 

ANALYSIS 

Modelling travel patterns has been a central area of concern in transportation research for 

a long time. Traditionally, spatial interaction and entropy-maximizing models which were 

typically embedded in a four-step modelling approach, have dominated the field. 

However, in the 1970s these aggregate zonal models were criticized for their lack of 

theoretical appeal (McNally, 1986; USDOT, 1997; Li et al., 2010). This criticism let to 

the development of Discrete Choice Analysis (DCA) and then activity/tour-based 

approaches to transportation demand modelling. Revealed Preference (RP) and Stated 

Preference and Choice (SP&C) are the dominant method of data collection in 

disaggregate model of travel demand. RP or direct observation of travel behaviour has 

traditionally been the dominant method of data collection in the disaggregate travel 

demand modelling. 

 However, it has some limitations, decreasing its general applicability. These 

limitations specifically arise when the behavioural response involves an alternative which 

either is currently not available (e.g. Hensher, 1982; Louviere & Hensher, 1983) or which 

attribute mix is substantially different from existing alternatives (e.g., Kocur et al., 1982; 

Bradley & Bovy, 1984; Louviere & Kocur, 1983). Under these circumstances, RP data 

are either not available, or may not be the best to predict consumer response. These 

limitations of revealed preference data stimulated the introduction and widespread 

interest in Stated Preference (SP&C) methods in travel demand analysis.  

Although SP&C experiments have been frequently applied in transportation 

research (Hensher, 1994; Louviere et al., 2000; Hensher et al., 2005), and despite the 

methodological advances of the approach (e.g. Hess et al., 2006; Bliemer & Rose, 2009, 

2010; Wiley & Timmermans, 2009; Khademi & Timmermans, 2012), most stated choice 

models relate to a single trip, single-faceted choice of travel in isolation and do not 

include trip generation components (Weis et al., 2012; Khademi & Timmermans, 2011).  
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However, change in one facet of travel may cause changes in other facets such as 

changing activity-participation, time-use, re-scheduling of daily trips, etc. In other words, 

every primary response may trigger secondary responses. In fact, the entire daily activity 

pattern of individuals may change as a consequence of the primary changes and this 

phenomenon cannot be easily captured in conventional choice experiments. This 

distinction between primary and secondary effects has been one of the motivations to 

develop activity-based models as an alternative to four-step models of travel demand. As 

discussed, conventional SP&C experiments do not truly capture these effects. This 

general line of development in SP&C models can also be observed in transportation 

pricing analysis.  

While SP&C experiments have found ample application in travel behaviour 

research, the recent interest in behavioural change has instigated the use of stated 

adaptation (SA) experiments, although still little is known about SA experiments 

compared to SP&C experiments, and there is no universal definition. SA experiments 

deal with individual’s adaptation behaviour under exogenous policies (e.g., Wang et al., 

2003; Arentze et al., 2004; Nijland et al., 2011). This means that the experimental task is 

not to express some degree of preference or choice between alternatives but rather to 

indicate changes in behaviour. Two opposite approaches can be identified: structured and 

non-structured experiments. The first is based on the strict principles of experimental 

design. However, the nature of the dependent variable differs. In fact, the responses are 

transition probabilities from current behaviour to new behaviour instead of rating, 

ranking or choices of alternatives. Standard statistical techniques and discrete choice 

models can be used to analyze the data and estimate the effect of experimental variables 

(e.g., Nijland et al., 2008).  

The second approach is less strict and seeks to obtain a better insight into 

individual’s adaptive behaviour in a more qualitative sense. Usually, a game is played 

which seeks to understand how individuals adapt to a changing situation defined by the 

researcher. In such games, the responses are not predefined by the researcher and as a 

result there is more flexibility in designing choice situations. This approach is mainly 

used to (i) analyze behavioural changes in response to new transportation policies or 

assessment of social accessibility of transportation policy measures and (ii) examine the 

effects of particular variables on choice processes. It should be noted that in contrast to 
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the first approach, stated adaptation games often mainly have descriptive purposes and it 

is difficult to derive statistical conclusions. Sometimes individual responses are grouped 

to better understand the rich data. Faivre D’Arcier et al. (1998), and Andrey et al., (2004) 

present examples of this approach. 

3.1. Discrete Choice Analysis (DCA) in Transportation Pricing Analysis 

Understanding the attitude of car users to transportation pricing and public acceptance of 

new schemes is considered as the highest priority for generating a successful 

transportation pricing policy. In recent years, the behavioural response and attitude of the 

general public towards these policies has received increased attention and consequently, 

many studies have focused on this topic (Replogle & Reinke, 1998; Jou et al., 2006; 

O’Grady et al., 2010; Khademi &Timmermans, 2012). In order to model travel 

behaviour, disaggregate demand modelling is an appropriate tool, which can be 

successfully adopted for micro-level characteristics over individual perspectives by 

describing travel behaviour with discrete variables. Discrete choice analysis (DCA), 

which is based on the principle of utility maximization, lies within this disaggregate 

analytical framework. It provides the proper framework to analyse travel behaviour (Ben-

Akiva & Lerman, 1985).  

Transportation pricing studies in this context focus on three dimensions of travel: 

time-of-day choice; route choice, and mode choice. Figure 1.1 shows the overall 

framework of these studies. The primary impacts of road pricing are mostly related to 

route choice and time-of-day choice (peak spreading). These aspects are among primary 

important issues for inter-city toll roads, as well as bridges and tunnels in metropolitan 

areas where transit does not play a significant role. However, this represents a very 

limited view of the general case. For example, in over congested urban areas where 

transit plays a significant role and represents a viable alternative, mode choice should 

certainly be included as a central modelling aspect. In other words, most of related 

studies have considered only primary response to single pricing policy in terms of 

changing time-of-day, switching route, and switching mode of transportation, often also 

in isolation.  
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Figure 1.1. Existing framework for analyzing impacts of pricing policies (Notes: PPT= Peak 

Period Traffic volumes) 

Vehicle occupancy, willingness to pay (toll/non-toll), payment method, and toll 

facility/lane are other dimensions which have been considered in some studies, but these 

relate less to travel behaviour and more to the general acceptance of new technology 

related to road pricing. Some of these studies have been based on Revealed Preference 

(RP), but the vast majority has used Stated Preference (SP) methods in anticipation of the 

transportation pricing scheme. Socio-economic variables and trip related characteristics 

are, usually, used in estimating models and evaluation the results. Generally speaking, 

studies in this context can be categorizes into three groups: single-faceted, multi-faceted, 

and long-term studies. 
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3.1.1 Single- faceted choice studies 

 Most studies thus consider only one choice facet of travel in their analysis and most 

frequently time of day, route or mode choice. In the following section we review some 

examples of these studies. There are various studies that have focused on changing time 

of day choice under pricing policies. Bianchi et al. (1998), Mahmassani (2000), Xie & 

Olszewski (2005), Burris & Pendyala (2002), and Ettema et al. (2004) are some examples 

of such studies.  

Bianchi et al. (1998) focused on re-timing responses to price differentiation by 

period for the Santiago metro. The aim of their study was to model traveller’s behaviour 

in order to predict their re-timing responses to fare changes and improvements in 

comfort. For this purpose, they used SP data collected during peak period in September 

1993. Based on the concept that in some cases the time displacement required has the 

meaning of less leisure time availability, they only considered the information regarding 

time displacements no longer than 45 minutes for their analysis. They tested four 

modelling approaches for SP rating data and found that ordinal probit provide the best 

modelling results. The authors concluded that individuals are indeed reluctant to change 

trip time and traveling after the current time is perceived as more unpleasant than doing it 

earlier. 

Burris and Pendyala (2002), similarly, studied the impact of variable tolls on 

traveller’s time of day and frequency choices using disaggregate models. They reported 

the results from two bridges with differential time of day tolls in the Lee County area of 

Florida in the United States. Using travel survey data collected at these two bridges, 

binomial and multinomial logit models were estimated. First, they developed a binomial 

model of variable pricing participation. In this model, explanatory variables including trip 

purpose, flexibility in time of travel, retirement status, flex time availability, and 

household income were found to contribute significantly to the model. A multinomial 

logit model of frequency of variable pricing participation was developed in the next step. 

Overall, these models showed that specific characteristics, such as flex time availability 

at the traveller’s place of employment and being retired both increase the likelihood of 

the driver altering his/her time of travel to obtain the toll discount. Conversely, having a 

high household income or being on a commute trip decrease the likelihood.  
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The study described by Ettema et al. (2004), again, focused on departure time shifts 

in response to time based road-pricing schemes. An operational model was developed 

and calibrated on a SP data set collected in London. In fact, they developed a model 

structure that can be used to describe responses to road pricing schemes. The basis of the 

approach is that individuals seek to maximize the overall utility derived from activities 

and trips when deciding on the timing and duration of trips and activities. In order to 

estimate a discrete choice model on SP data, they assumed that a commuter chooses 

between a limited numbers of feasible activity patterns characterized by total utilities. 

The choice between activity patterns (and thereby departure time choices) is described by 

a multinomial logit model. The results indicated that the marginal utility of work activity 

consists of a time-of-day dependent and a duration dependent component, whereas the 

pre-work and after-work activity, are largely duration dependent. Another important 

finding is the disutility of travel time, consists of various components, including travel 

itself and an activity related disutility component associated with shorter activities.  

Similar to the changing time of day studies, there are different reports that consider 

other travel dimensions such as changing route, mode, and vehicle occupancy, while 

others examined willingness to pay. Below are some examples of such studies and 

associated choice structures. Nielsen (2004) examined behavioural response to different 

pricing schemes (kilometer-based pricing and cordon-based) in the AKTA road pricing 

experiment in Copenhagen using multinomial and mixed logit models. The author 

specifically focused on route choice models. Five hundred cars equipped with a GPS-

based device were followed in the experiment and participants’ normal travel patterns 

were observed. Next, pricing schemes were implemented. In addition, the participants 

completed questionnaires before and after the experiment, and completed a SP 

experiment before the field experiment. Results showed that the kilometer-based schemes 

are, in general, fairer than cordon-based schemes. Also, the main behavioural changes are 

using new routes, occasional trips to a new destination, time of day to non-peak, and to 

some extent, fewer trips. In terms of modelling, error term component models (mixed 

logit) improved the fit to SP data significantly comparing to multinomial logit models, 

however without altering the value of time.  

Dissanayake and Kouli (2007) also investigated driver response to a proposed toll 

motorway project connecting the cities of Corinth and Patras in Greece. The overall 
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objective of this research is to develop discrete choice models to investigate driver 

behaviour on inter-city route choices and to explore driver attitudes to road pricing. 

Socio-economic and journey related characteristics of current road users along with their 

SP for the proposed toll motorway were explicitly incorporated in the model estimations. 

The binary logit model that comes under discrete choice methods was found to be an 

analytically convenient modelling method. The overall set of transportation routes 

consisted of the new toll motorway (NTM), and the existing alternative roads (EXR), 

which included the existing toll road, and scenic coastal road. Results showed that drivers 

prefer the NTM over the existing alternative routes. In the model, both the travel time and 

travel cost coefficients were negative and highly significant, indicating that travel utility 

decreases with increasing travel time and cost.  

For the case of mode choice, Bhat and Castelar (2002) formulated a mixed logit 

model for joint RP-SP analysis, to study the behavioural response under congestion 

pricing in San Francisco Bay Area. Also, Bhat (1997) applied an endogenous 

segmentation model to estimate inter-city travel mode choice in the Toronto-Montreal 

corridor. Using the Bayesian Information Criterion, the author found that the preferred 

specification had a three-segment solution. The probability of belonging to any segment 

is a function of income, sex, travel group size, day of travel, and trip distance. In 

comparison with other commonly used methods, the author found the endogenous 

segmentation model to be the most appropriate based on fit to the data and reasonability 

of the results. The results of model showed that the intrinsic preferences for modes and 

level-of-service sensitivity are quite different among the three segment groups. Generally, 

the endogenous segmentation model represents a valuable methodology for evaluating 

the effects of inter-city traffic congestion-alleviation strategies in urban and inter-city 

travel contexts.  

The study reported by Peters et al. (2011) in the New York City area is other 

example in this regard. The San Diego I-15 Congestion Pricing Project is a demonstration 

of the policy of selling excessive capacity of HOV lanes to solo drivers by means of HOT 

lanes described by Ghosh (2001). In this research, the morning and afternoon commutes 

are modelled as a joint decision process. The multinomial logit choice model is 

developed for occupancy choice combination for both commuting legs joined with the 

pass (transponder) binary choice. This leads to seven choice alternatives. The trip price is 
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then adjusted depending on the traffic conditions on the HOT lanes in order to maintain a 

satisfactory level of services for HOV. HOVs use the lanes at no cost. A time-variability 

variable has been introduced, and it is found that morning commuters dislike variability, 

while commuters are more tolerant to variability in the afternoon. The attempt of 

modelling both parts of the commuter trip is of high importance as the majority of studies 

have only examined departure time choice, ignoring the return trip. 

3.1.2 Multi-faceted choice studies 

Most of studies that we have reviewed above focused on one dimension of travel 

behaviour. In this section we go one step further and review studies which considered 

two or more dimensions of choice behaviour. Hendrickson & Plank (1984) modeled 

mode and departure time choices simultaneously. They examined the choice sensitivity of 

individuals, and showed the effect of new policies such as tolls, exclusive bus lanes, or 

changes in congestion. Their results suggested that the departure time decision were more 

elastic than the choice of mode.  

Yamamoto et al. (2000), using a SP survey in the Osaka-Kobe metropolitan area 

administered in 1993 through 1996, focused on time allocation, departure time choice and 

route choice when a congestion pricing scheme is implemented on toll roads. A unique 

feature of their model system is that departure time choice and route choice are analyzed 

in conjunction with the activities before and after the trip. First, they developed a 

regression model of time allocation to discretionary activities based on utilitarian 

resource allocation theory. Hence, departure time is depicted on a continuous time 

dimension in the model. Then, a multinomial logit model of route and departure time 

choice behaviour was developed considering the utilities of the activities before and after 

the trip. The results of parameter estimation of a regression model indicated that an in-

home activity, except for the first or the last one of the day, tend to have shorter durations 

if the individual lives in a multiple family housing unit, but not if the individual lives in a 

single family home. The results imply that the durations for in-home discretionary 

activities are strongly affected by dwelling type and duration of a social activity is 

dependent on income level, mobility, and dwelling type.  

Wen et al. (2006), in the similar way, attempted to investigate how the Taipei Metro 

passengers respond to in terms of possible changes in  their time of travel and/or shift to 

other modes when peak surcharge or off-peak discounts would be implemented. 
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Interactive computer-aided interviews were conducted to collect SP data from metro peak 

users. This study evaluated two temporally differential pricing schemes – peak surcharge 

and off-peak discounts. Both pricing schemes may mitigate peak congestion by shifting 

partial peak demands to off-peaks or to other modes. Multinomial logit and nested logit 

models were employed to analyse the potential behavioural changes in arrival times to 

take metro and in mode choices. The findings of this study supported the idea that 

temporally differential pricing could be effective in mitigating peak-hour congestion. In 

addition, elasticity analyzes indicated that metro passengers are very sensitive to fare 

changes in peak periods.  

Vrtic et al. (2007) considered route, mode and departure time choice as choice 

facets of travel. In this research, an extensive, self-administered, SP survey was 

conducted in Switzerland with the purpose of providing the Swiss government with 

detailed information for the evaluation of mobility pricing schemes. Similar to the 

previous studies, the authors use the multinomial logit model. The estimated models were 

in line with the results of previous studies. Results indicated that traveller behaviour 

strongly depends on socio-demographic, trip and transportation supply characteristics.  

Choice models reported by Yan et al. (2002) are based on surveys administered in 

1999 on California State Route 91. Several dimensions of traveller responses to value 

pricing were modeled. First is the decision of which route to take. This decision is 

represented as whether to travel in the SR 91 Express (91X) Lanes, the SR 91 free lanes 

(91F), or the Eastern Toll Road (ETR). Other traveller responses included changing time 

of day and changing car occupancy. Five time periods were distinguished based on the 

toll schedule, while three car occupancy categories were identified. In addition, as part of 

the route decision but still distinct from it, the traveller decides whether or not to acquire 

a transponder in order to pay tolls electronically. Two bi-level nested logit models were 

estimated. The models gave good estimates of the effects of travel times and tolls. 

Several other factors appeared to affect toll road use more indirectly, by favoring a 

willingness to acquire an electronic transponder. Finally, they found that shifts to 

different vehicle occupancies or times of day in response to toll changes were very small.  

Mastako et al. (2002) used data on telephone survey in the SR-91 to estimate 

individual choice sets for commuters in this value-priced corridor. In the short term, 

travellers’ response to value pricing in the SR-91 corridor occurs along several choice 
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dimensions including route, vehicle occupancy, and time-of-day. A binary representation 

was selected for each choice decision in order to keep the number of alternative 

combinations to a minimum. For route choice, the decision is whether to pay a toll (Paid) 

or not pay a toll (Free). The two alternatives for vehicle occupancy mode are travel solo 

(SOV) or share a ride with at least one other person (HOV). Mode choice was equated 

with vehicle occupancy because the share of bus and rail in this corridor is very small. 

Also, two alternatives for time of day choice were travel in the middle of the peak (Peak) 

or travel outside the peak (Off-Peak). The three responses were represented 

simultaneously as fully joint decisions giving eight commute alternatives. The results 

indicated that there is a substantial amount of choice set diversity in the commuting 

population and that women are more likely than men to consider a greater number of 

alternatives. 

Holguin-Veras and Allen (2013) investigated the behavioural response in terms of 

time of travel, mode, route, and payment method under time of day pricing Scenarios. 

The data used in this research, was collected from regular users of the New Jersey 

Turnpike who used the toll facility at least once a week. Data consisted of three main 

parts including: socio-economic characteristics of respondents, their behavioural 

responses to the time of day pricing, and a set of SP scenarios. Different combinations of 

cash toll, peak hour E-ZPass toll, and off-peak E-ZPass toll were considered in the SP 

scenarios. A joint logit model with the elemental alternatives was used to analyse the SP 

data. In order to quantify differential impacts, socio-economic variables were interacted 

with toll, schedule delay, and total travel time variables in the analysis. The final 

formulation of the model consisted of joint choice of payment method, time of travel, and 

route in response to pricing. Authors concluded that toll level, total travel time, and 

schedule delay are effective variables on joint choice of payment method, time of travel, 

and route. Interaction between socio-economic variables and these policy variables also 

quantified the sensitivity of different user groups to time of day pricing policy. 

Hendrickson and Plank (1984), Mannering, (1989), and Yamamoto et al. (2000) are other 

example of multi-faceted choice studies that used joint models of departure time choice 

combined with mode and/or route choice. Jou and Yeh (2013) is another example of 

multi-faceted studies that considered the departure time and route choices under a 

distance-based toll system. 
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3.1.3 Long-Term Studies 

In contrast to the extensive literature on short term responses to road pricing, the 

influence of pricing policies on (re)location choices, i.e. dwellings and job locations, has 

received only limited attention to date. In this section we review some studies related to 

long term response to road pricing. In one of the earliest attempts in this regard, 

MuConsult (2000) estimated the percentage of people who would relocate due to a 

pricing measure. The reported percentages are in the range of one to seven percent. With 

respect to the kilometer charge, MuConsult expects that the percentage will be higher 

with regard to job change than with regard to residential change. For a toll-based charge a 

higher residential change is anticipated. No explanation is given for this difference. This 

in itself is not strange because the relocation percentages vary only slightly.  

Arentze & Timmermans (2007), also, study the relocation intention of Dutch 

households on the basis of a stated adaptation (SA) experiment. The road pricing scenario 

used consists of a time differentiated Kilometer charge with a higher price level in the 

peak period for roads that are congested. Different price levels were used. This makes the 

charge quite comparable to the average price level in the time differentiated kilometer 

charges applied in this thesis. They found that 88.2 percent of the respondents would not 

consider a long-term change, 2.0 percent would change their work location and 11.1 

percent would change their residential location.   

Another example is the study reported by Tillema et al. (2006) that aims at 

providing additional insight into the effect of road pricing on relocation decisions of 

households, using a SP survey. Central to their approach is the observation that relocation 

decisions consist of several stages. The first stage is the decision whether or not to 

relocate and the choice of the new residential and/or job location. Secondly, even if a 

household chooses to relocate for another reason, road pricing might still influence the 

choice of a new residential or work location. With respect to the probability of moving, 

on average 5 percent of the respondents indicate a quite high, high or extremely high 

probability of moving to another residential location. The probability of searching for 

another job on the other hand is found to be significantly higher for all price measures.  
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3.2. Tour-based/Activity-based Modelling in Transportation Pricing 

Analysis 

Tour-based models focus on the formation of tours that are the closed chains of trips 

starting and ending at the base location (home or workplace) and the inter-relationships 

of trips that form tours. These models incorporate activity-type choice models to model 

the activities that will be undertaken in a tour, and provide time of day modelling 

capabilities to reflect impacts of time varying supply attributes on behaviour.  

For example, Bowman, et al. (1998) document one of the early demonstrations of a 

tour-based model for Portland and its application to the analysis of a congestion pricing 

policy. Preliminary application results demonstrate the model’s ability to capture activity 

substitution, time of day shifts, and increased leisure travel demand in response to a 

congestion pricing policy. Note that this spectrum of interrelated responses is much 

broader than the facets considered in the studies, discussed in the previous sections. 

Activity-based models advance the notion of tour-based models further by adding further 

critical dimensions of behaviour that are not fully reflected in tour-based models. The 

potential applicability of activity-based micro-simulation model systems for modelling 

the impacts of peak period congestion pricing has been demonstrated (e.g., Pendyala, et 

al., 1997; Pendyala, et al., 1998). These applications show how an activity-based micro-

simulation model system simulated the adaptation behaviour of an individual in response 

to a pricing policy. Despite the extensive literature on road pricing, there are very few 

comprehensive studies of road pricing analysis using activity-based /tour-based models.  

One of the early examples of activity-based models is the Household Activity 

Travel Simulator (HATS), which attempted to study how individuals adapt their 

schedules in response to a hypothetical policy or other changes including a change in one 

or more generalized cost components (Jones, 1977, 1979, and 1980). The approach 

consisted of a two-stage methodology. In the first stage, individuals were asked to report 

their current behaviour for a certain period of time, and based on that the choice 

experiments were constructed. This methodology is not limited to the single trip but 

rather whole schedules of an entire day and can also capture adaptation responses to 

exogenous changes.  

Another example of an activity-based model is the AMOS model, designed 

specifically to deal with short-term responses to transportation control measures (RDC, 
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1995). In an application of the AMOS model in Washington D.C., six policies were 

considered including congestion pricing. Input to the model is a customized stated 

response survey in which respondents are asked how they would respond to a control 

measure in the context of their activity and travel behaviour on the previous day. Possible 

response categories are do nothing, change departure time to work, change mode to 

carpool, change mode to transit, change mode to walk, change mode to bicycle, work at 

home, and other (e.g., long term changes). These responses were used to train a neural 

network to predict commuters’ basic responses to a control measure, using socio-

demographics, land use, the transportation network and control characteristics.  

ALBATROSS (Arentze & Timmermans, 2005) and MATSIM (Lee et al., 2009) are 

two other recent examples that can incorporate stated adaptation response under 

exogenous changes in their model structure. For example, in order to extend the initial 

ALBATROSS model, Arentze et al. (2004) reported the estimation of several discrete 

choice models describing reactions of individuals to congestion pricing scenarios. An 

activity-based approach was used, meaning that all choice facets of activity patterns were 

taken into account. The study differentiated between a primary and secondary response to 

policies and this study focused on a model of the primary response.  A primary response 

refers to the choice of a strategy aimed at reducing a negative impact or increasing a 

positive impact of the policy. Examples of a primary response are changing 

transportation mode, reducing frequency of trips or changing departure time. A secondary 

response then involves adaptations required to make the broader activity pattern 

consistent with the change. For example, switching from car to public transportation for 

trips to work may limit the possibilities for trip chaining and hence induce extra separate 

trips as a secondary response. An SA experiment, administered on the Internet was used 

to collect the data. Respondents indicated if and how they would adjust the departure 

time, route, destination, transportation mode, and/or trip frequency of the activities they 

conducted on a regular basis, given particular congestion pricing scenarios. Adaptation 

choice was modeled using the multinomial logit framework. Because of the structural 

role of work activities in daily activity schedules of individuals, a separate adaptation 

choice model was estimated for the work activity. For the work activity, the results 

suggest that a majority of adaptations triggered by congestion prices is a route change, 

followed by departure time adjustments. For non-work trips, the willingness to adapt is 
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smaller probably because a larger share of current non-work trips takes place outside 

peak hours. Of the adaptation alternatives, changing route and switching to bike are the 

dominant responses. These results relate to the primary responses. Their Albatross model 

was then run to simulate any secondary responses that emerge when individuals schedule 

their activities and travel using the primary responses as input (Arentze & Timmermans, 

2005). 

TRANSIMS is another example of disaggregate activity-based travel demand 

model developed by Los Alamos National Laboratories, and funded by the FHWA and 

TMIP. Using TRANSIMS, Lee et al. (2009), proposed a methodology for the analysis of 

HOT lane value pricing with dynamic toll, simultaneously taking into account user 

heterogeneity of VOT to estimate the travellers’ response to tolls in choosing their routes. 

The proposed methodology was successfully implemented in TRANSIMS and it 

improved the functions of TRANSIMS for the application of HOT lane value pricing. 

The modified versions were tested and run using two different data sets, including 

simplified network and real- world data from Portland, OR. The results of the first case 

study demonstrated the feasibility of the proposed simulation methodology and 

effectiveness of the analysis in analyzing travellers’ route choice behaviour based on 

different socio-economic and travel characteristics when different toll rates are applied. 

In the second case study, the two scenarios (the base case without tolls and the alternative 

case with dynamic tolls) were run using the real-world data from Portland, OR. The 

managed-lane system was applied to I-5 northbound in Portland, Oregon in the 

alternative scenario. The results showed that veh-hours traveled (VHT) and hours of 

delay (HOD) in overall network were improved. In addition to the development of the 

dynamic value pricing along with individual VOT, the departure time choice model was 

also developed. The traveller’s behaviour in response to congestion/toll was represented 

in the departure time choice model in this research. Since there is currently no activity 

rescheduling process, including departure time choice, in response to congestion/tolls in 

the existing TRANSIMS version (4.0.1), the new program was developed and 

successfully implemented into TRANSIMS. The proposed methodology was run using 

Portland data. The impact of departure time choice shows an improvement in overall 

system-wide performance in terms of VHT and HOD. The impact of VOT on route 

choice was also presented. One of unique benefits of TRANSIMS is that it traces 
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individual traveller movements as well as vehicle movements. It allows the analysts to 

identify individual socio-economic and trip characteristics, and to analyze impacts of 

various transportation policies (i.e., tolls) on the traveller’s behaviour. 

The study described by Sall et al. (2010) evaluated comprehensive pricing and 

mobility-enhancing packages to improve access and offer more sustainable travel choices 

to and within San Francisco. A new travel demand model (based on SF-CHAMP, an 

activity-based model) was developed for the purpose of this study. The authors made 

forecasts for 2015 and 2030 to compare the long term benefits of congestion pricing in 

San Francisco. The pricing scenario is defined by the charge type including: area pricing, 

and cordon pricing, boundary of the charged area fall under three basic categories: small 

downtown cordon, a mid-sized cordon, and a gateway charge, time period for charging, 

price level, and toll discounts. The combinations of these scenarios were also examined. 

The RPM-9 model is calibrated with data from the 2000 Census and the Bay Area Travel 

Survey and validated based on observed roadway and transit volumes by time-of-day, 

direction, and transit line for both 2000 and 2005. In order to evaluate the feasibility of 

congestion pricing in San Francisco, authors compared potential benefits, impacts, and 

costs of a variety of congestion pricing scenarios in terms of mobility; accessibility; 

equity; health; financial viability, and economic impacts. The major finding from this 

study is that a congestion pricing program would be feasible for San Francisco, 

contributing to local, regional, and statewide goals for congestion management, 

sustainable economic growth, and reduced climate change impacts.  

Weis et al. (2011, 2012) using an approach similar to HATS focused on changes in 

travel behaviour in response to changes in generalized costs of travel using an SA 

experiment, which is novel in its application. The survey consisted of a three-stage 

approach on which first a sample was recruited for participation by telephone. RP data 

were collected and based on that, the SA part was constructed. In total, 205 persons from 

141 households participated in the survey and returned a five-day travel diary that was 

used for the analysis. Changing departure time, mode of travel, changing the order and/or 

duration of certain activities, canceling certain activities, or adding additional ones and 

combination of mentioned adaptation responses were the respondents’ possible reactions 

to the hypothetical scenarios concerning deduction of available time for conducting the 

activities. They assumed that time gains or losses can be compensated in three different 



  

28 

 

ways: changing departure time from the home location, changing the time spent 

travelling, and changing the time spent at out-of-home. It should be noted that 

combinations of the mentioned adaptations are also possible to make a new adapted 

schedule. They used a series of models to account for the relevant decisions and run them 

sequentially for forecasting. Multiple Discrete-Continuous Extreme Value (MDCEV) 

model is at the core of the used models, to predict how respondents compensate the 

gained or lost time under predefined scenarios. Results indicate that changes in departure 

time from the home location and mode or destination changes are the most frequent 

adaptation strategies to compensate for the lost time. They also concluded that 

respondents are reluctant to change their daily routines and to have disruptions in the 

transportation system interfere with their planned behaviour, despite the substantial 

changes in generalized costs. These results thus provide support for the key assumptions 

underlying the approach, proposed in this paper. Their survey differs from Arentze et al. 

(2004) in that the complete restructuring of a reported activity pattern is considered 

instead of discrete set of options for the adaptation process. In addition, they focused and 

formulated the travel time losses or gains rather than the effects of specific policies. 

4. ALTERNATIVES OF TRANSPORTATION PRICING 

POLICIES 

“Push” measures as one kind of transportation pricing aim at reducing congestion by 

increasing variable costs of car use. These can be divided into financial instruments (e.g. 

higher fuel taxes, car parking charges and road tolls and etc.) and technical and regulatory 

constraints (e.g. traffic orders, removal of parking space and ban of vehicles). Other kinds 

of policies so-called “Pull” measures are designed to discourage use of the car by making 

other alternatives more attractive. These measures include a better coordination of buses, 

trams, underground and rail systems and also proper integration with transportation 

planning. But, on their own, “pull” measures alone are not always sufficient to effect a 

change in transportation patterns and a mix of “push” and “pull” measures is, therefore, 

often needed.  

“Pull” measures generally increase individuals’ choice by improving the 

alternatives or creating new alternatives, implying that individual freedom of choice is 

not restricted and even enlarged (Jensen-Butler & et al., 2008). For example, cheaper 
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public transportation services increase individuals’ opportunities to travel by this mode, 

while the opportunities to travel by car are not affected. “Push” measures, on the 

contrary, adapt individuals’ behaviour in such a way that their options and freedom to 

move are restricted to some extent, since car use becomes less attractive. Social 

acceptability may often depend on whether the proposed strategy comprises “push” of 

“pull” measures (Gärling & et al., 2013). On the one hand, “pull” measures tend to be 

popular, and may encourage, for example, an increase in the use of more sustainable 

modes of transportation. On the other hand, many people are reluctant to give up the 

perceived freedom associated with owning and using private car and thus “push” policies 

tend to be unpopular. Appropriate “push” and “pull” measures can be applied at regional, 

national and local levels.  

These measures especially push measures; have been subject of travel behaviour 

research during the last decade. Even though, until now, examples of actual implications 

in the real world are limited, because of issues such as social equity and acceptability, 

and economic efficiency. Many different push measures have been considered, both in 

the literature as well as in the political debate, in several countries. In The Netherlands, 

however, the vast public resistance against the implementation of road pricing has led to 

the implementation of alternative transportation demand management policies, different 

from pricing policies.  

4.1. Reward Measures 

Prospect theory as a behavioural economic theory states that people make decisions based 

on the potential value of losses and gains rather than their final outcome. Consequently, 

people react differently in response to financial gains versus losses (Kahneman & 

Tversky, 1979). From a behavioural point of view, many psychological theories (Skinner, 

1953; Bandura, 1977), educational theories, socio-cognitive oriented theories (Festinger, 

1962), and various subjective utility theories (Fiske et al., 2010) claim that rewards 

(financial and non-financial) are powerful instruments for influencing behaviour. 

Although the arguments are compelling, the effects of reward schemes have not received 

much attention in the context of travel behaviour and there is not much international 

experience about the effects of reward schemes on individuals’ travel behaviour.  

http://en.wikipedia.org/wiki/Gain_(finance)
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Reward schemes mostly have been investigated in the context of safety. Some 

studies claimed that rewarding can be effective for accident-free driving (Wilde, 1982; 

Janssen, 1990; Hagenzieker, 1999; Haworth et al., 2000). Rewarding seatbelts and 

speeding behaviour also has been studied in the literature (Twilhaar et al., 2000; 

Mazureck & Hattem, 2006; Harms et al., 2008; Huang et al., 2005). Results indicate a 

substantial change in behaviour under reward. Temporary free bus tickets as a reward 

scheme have been investigated in a few short-term studies but without strong conclusions 

(Fujii et al., 2001; Fujii &Kitamura, 2003; Bamberg et al., 2003; Bamberg et al., 2003).  

In the Netherlands, the potential impacts of rewards on travel behaviour for 

avoiding rush-hour trips has been explored by designing and conducting a pilot 

experiment called “Spitsmijden” or “peak-avoidance” in 2006. In the vicinity of The 

Hague in the west of The Netherlands, 340 participants were involved for 13 weeks. 

Participants could gain a reward in the form of money or credits to keep a Smartphone, 

by changing their departure time for their work trips outside the morning rush-hour, 

switching to another travel mode, and teleworking.  

Various comprehensive research projects have been conducted based on this pilot 

experiment. Ettema and Verhoef (2006) reported the results of two analyzes based on 

mentioned pilot experiment. In fact authors used the SP experiment that was conducted 

before the actual experiment. In addition to the socio-demographic information, 

characteristics of the current car commute trip, situational and family constraints, 

respondents were supposed to allocate 50 commute trips to mode and time alternatives 

for three types of scenarios (current situation, a reward of five € per day and one credit 

per day for keeping the smart phone). Seven alternatives were considered to avoid the 

rush-hour car trips and 473 participants were participated in the survey. Logistic 

regression analysis were carried out to find the effective variables on participants 

‘adaptation strategies, firstly. Then the share of car trip to a particular alternative as 

dependent variable was used to estimate the regression analysis. Authors concluded that 

the both reward strategies affected travellers’ behaviour and changing the departure time 

of the trip and use of public transportation have been the most popular adaptation 

strategies. They also found the strong effect of work and family constraints, current 

habitual pattern and also awareness of alternatives on participants ‘response to reward 

strategies (Ettema & Verhoef, 2006).  
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Tillema et al., (2010) compared two congestion management schemes: road pricing 

(a time differentiated kilometer charge) and peak avoidance reward (Spitsmijden), and 

their impacts on changing commuter behaviour based on two very different Dutch 

studies. Road pricing analysis was carried out using SP survey among 562 Dutch 

respondents. Three different kilometer charging scenarios were presented to the 

participants and they were supposed to indicate their intended changes for three 

categories of commuting, social, and other. A hierarchical survey approach was applied 

and six alternatives were considered in the survey. For reward scheme, they used the RP 

data from Spitsmijden pilot experiment. Their results suggest that a reward scheme can 

be more effective than a pricing scheme and that both measures show the same influence 

regarding the alternatives chosen. 

Using the same pilot project, Ben-Elia and Ettema (2009, 2010, and 2011) 

identified the most important factors influencing travel behaviour in response to reward 

stimuli. Two types of data were available in the pilot experiment: detection data of 

participants’ car passages, and the daily logbook filled in online by the participants. 

Authors focused on the logbook and participants’ alternative options were aggregated 

into four discrete alternatives: rush-hour driving, driving earlier or later than rush-hour, 

and not driving. Since 65 consecutive daily responses for each participant were available, 

the data was constructed as panel and the mixed logit model which allowed the 

correlation between alternatives, was used to analyze the data. Results demonstrated that 

the reward scheme is effective in the short-term. Authors also emphasized that although 

the reward results in changing travel behaviour, the choice of adaptation strategy is 

related to socio-economic characteristics and family and work constraints.  

Ben-Elia et al., (2011) address the process of behavioural change using qualitative 

research methods. Considering the existence of heterogeneity in the process of 

behavioural change, they divided twelve participants of the Spitsmijden pilot project into 

four different categories based on motivation sustainment, importance of reward, options 

for travelling, use of information sources, and long-term behaviour. These four categories 

are: (i) Stabilizers (refers to a group who continue their adapted behaviour after the 

reward scheme.); (ii) Flexibles (this group continue their adapted behaviour in absence of 

reward and optimize their choices using dynamic traffic information.); (iii) Relapsers 

(refers to a group who fall back to their old behaviour when the reward scheme stopped); 
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(iv) Floaters (represents a group who make their travel decisions on a daily basis when 

the scheme is finished). In addition, they found that the reward system appears to trigger 

experimentation, resulting in updating beliefs, changing attitudes toward travel 

alternatives, and eventually behavioural change, at least in the short run. Effort 

perception and habits also seem to play an important role in the travel decision making 

process. Bliemer and Amelsfort (2010), and Knockaert et al., (2012) are other two other 

examples of related studies.  

The Mobility Credit system is another recent example of rewarding system in 

Bologna, Italy. This project is a part of a European project called CIVITAS MIMOSA, 

and aims to evaluate whether the criterion of the proposed Mobility Credit system can 

stimulate private individuals and companies to adapt more sustainable travel behaviour. 

Changing mode from private car to bike, public transportation or using carpooling/car 

sharing will be rewarded by mobility credits. Such credits can be used to get 

environmental/energy benefits like free bus ticket. In fact, the Mobility Credit system 

encourages people to change their mind set toward multimodal travel behaviour. A pilot 

test called “MobiMart” includes four different projects of GHG reduction, was conducted 

in Bologna. Two of them were finished and evaluated, while the other two are still 

ongoing. Ramazzotti et al., (2010) reported the first results of the “MobiMart”. The result 

of the pilot test shows the success of the system but not alone. It has been mentioned in 

their report that this rewarding system along with some traffic restriction measures such 

as parking place reduction/ parking costs increase, road pricing measures, etc., could have 

more influence on travellers’ behaviour.   

5. DISCUSSION  

The purpose of this chapter has been to review the existing literature on transportation 

pricing. As the volume of publications is very high, we selected a set of representative 

studies. In order to correctly model and study the effects of pricing policies on 

individuals’ travel behaviour, there are several issues that need to be addressed according 

to the reviewed literature. 
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5.1. Shift from 4-Step Models to Activity-Base Models 

An examination of this literature suggests that most studies have focused on only a few 

effects of transportation pricing, among which route choice and departure choice have 

received most attention. Moreover, often these facets have been studied in isolation. 

Typically these studies have applied a statistical model that did justice to the nature of the 

data. Most studies only consider the primary impact of road pricing, especially in terms 

of departure time and route choice and in some cases in terms of transportation mode 

choice.  

The application of more comprehensive activity-based models of transportation 

demand, considering a wider set of primary and secondary responses is relative scarce. 

This finding implies that most studies only partially deal with the modelling of 

transportation pricing as a demand management policy. However, changes in departure 

time and/or route choice may trigger other secondary responses. A shift to an earlier 

departure time may be in conflict with the need to bring children to school. An even more 

complex scenario may be that such a shift in departure time may result in an earlier 

completion of the work day, which in turn may be in conflict with the timing of the task 

to get children from school, implying that other activities need to be inserted. Similarly, a 

change in route choice may trigger a shift in some destination choices for some activities. 

 More generally, road pricing may affect all aspects of activity-travel behaviour, 

either directly or indirectly. It means the entire daily activity pattern of individuals may 

change, with potentially important implications for the number and chaining of trips 

across the entire course of the day. Activity-based analysis constitutes an integrative 

framework for addressing the potentially complex interdependent response patterns 

which may involve multiple choices. Activity-based models add the following choice 

facets: activity generation, travel party, task allocation, timing and duration of activities, 

joint activity participation and travel arrangements. Consequently, the number of 

explanatory variables tends to be higher. Most important however is that, 

interdependencies in choices underlying activity-travel patterns are taken into account. 

Consideration of such interdependencies makes the model more sensitive to the 

propagation of effects.  

Despite these potential advantages of activity-based models, it should not be 

forgotten that the current generation of operational activity-based models typically 
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considers a day as the time unit of observation and predict activity-travel patterns of 

individuals for a typical or average day. This approach is convenient as long as the 

average based on cross-sectional data of activity patterns in a population is adequate for 

the application of the model.  

To the extent that the impact of transportation policies involve exploration and 

learning and that accumulated experiences with adaptive behaviour are relevant, or that 

activity-participation and time-use decisions are constrained by time and money budgets 

that are defined for longer periods of time than a day, the use of a one-day time frame 

severely limits the ability of the models to predict traveller response to road pricing. It 

seems that the only way to overcome this shortcoming is to extend the time frame from 

one-day to a multi-week period or perhaps even longer period of time. Thus, we contend 

that road pricing policies and associated modelling approaches should ideally be 

embedded in the next generation of comprehensive models of transportation demand: 

dynamic activity-based models. However, work on developing such models has just 

started. The expansion of current models into dynamics models and their application to 

road pricing (and other transportation control management policies) should thus be high 

on the research agenda. 

5.2. Shift from Single Policy to Accumulated Policies 

Another issue that should receive further attention in this context relates to the fact that 

most related studies tend to focus their analysis to single policies most frequently 

congestion pricing. However, today, households are faced with a multitude of pricing 

policies that have been implemented to manage travel demand, including carbon tax, tax 

reduction for fuel-efficient cars, energy vouchers, expanding parking fees, etc. Studying 

the effects of single policies may produce biased results as consumer response to for 

example a parking policy may depend on other charges. The combined effect of these 

policies on traveller response and the evaluation of the effectiveness of combined policies 

have to the best of our knowledge hardly received attention.  

Vrtic et al. (2007) is one of the few examples of studies that considered multiple 

policies instead of just a single one. They introduced the concept of mobility pricing that 

is more general than road pricing, as it integrates all types of mobility costs, rather than 

pricing only, including fuel taxes, parking costs, public transportation charges, and road 
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pricing. Four different Stated Preference (SP) surveys were included in their research: 

one about the political accessibility of mobility pricing and the other three about route, 

mode and departure time choice behaviour in the presence of mobility pricing. They 

noticed the strong impact of the political attitude of the respondents on their choices 

which could not be eliminated by the initial SP experiment about political preference. 

However, they used this preference to correct the results of the route, mode, and 

destination choice models. Also, they found that traveller behaviour under mobility 

pricing depends on socio-demographic, trip and transportation supply characteristics. 

Their results suggested that traveller’s non-linear Values of Time (VOT) savings are 

affected by their income, travel time and travel cost. It should be noted that they did not 

consider any combinations of these pricing schemes to reduce the complexity for the 

participants.  

In the recent research, Azari et al. (2013) considered the combined effects of 

parking measures and cordon toll on parking and mode choice demand in Mashhad 

Central Business District. More specifically, authors were interested in travellers’ 

decision regarding driving and park in CBD in response to combined mentioned policies. 

The data was collected by personal interview from regular parkers who have access to 

private car for trip to the CBD. 586 individuals were completed the SP survey. 

Multinomial logit model was estimated using SP data and PR data bank and results 

revealed that travellers are more sensitive to cordon toll policy than parking fees and have 

higher tendency to pay for parking compared to the cordon toll. 

Considering the importance of this issue, the combined effect of transportation 

policies on traveller response and the evaluation of the effectiveness of combined policies 

may therefore also be included in the agenda of future research activities related to 

pricing policy analysis. 

5.3. Shift from Push Measure to Combined Measures 

Another key question in developing the approach for measuring adaptation to 

transportation pricing strategies concerns the shift from push measures to combined 

measures (combination of pull and push measures). Best results towards sustainable 

transportation could be achieved by using policy combinations, i.e. “push” and “pull” 

measures that consist of car pricing policies, improvements of public transportation and 
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support of land use policies. Policy combinations generate synergies and therefore 

produce better results than the sum of the individual policies applied alone.  

In addition, rewarding as a new type of measure to affect travellers’ behaviour 

cannot be ignored considering the successful experience of Dutch in this regard. 

Although it should be noted that the effectiveness of such schemes relies on the design of 

the scheme such as the scale, the target group, the feedback, available or provided supply 

specially in terms of public transportation, carpooling, etc., the feedback, the combination 

with other schemes and the type of reward ( money or credit). The combination of 

charging and rewarding simultaneously is also an open discussion in the some countries 

such as Netherlands now. 

The effectiveness of combination of “pull”, “push”, and “reward” schemes seems to 

be a new challenge for transportation researchers and policy makers. Therefore this issue 

needs to be more explored by future researches. 
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CHAPTER 2 

Advanced Computer Support for Collecting Script-Based 

Activity-Travel Data: The Development and 

Implementation of SINA System in the Context of 

Transportation Pricing Policies 

 

As part of a larger research project funded by European Union named U4IA, the ultimate 

aim of this chapter is to develop and test a dynamic multi-agent model of activity-travel 

demand, which allows simulating how activity-travel patterns change over time in 

response to emerging circumstances and various policies. Thus, in this chapter an 

innovative interactive experiment is developed to model changes in the current repertoire 

of activity-travel patterns in response to external policies such as accumulated 

transportation pricing policies. 
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1. INTRODUCTION 

Since the seminal work in the mid-1990s, activity-based models of travel demand have 

been rapidly developed (e.g., Henson & Goulias, 2006; Rasouli &Timmermans, 2013). 

The evolution of these models has witnessed increasing complexity. Models of individual 

choice behaviour have been gradually replaced by models of joint choice behaviour; 

models of complex tours and daily activity-travel patterns superseded models of 

individual trips. Models that allow complex interdependencies between the various 

choice facets underlying daily activity-travel patterns have overtaken models that 

assumed independent choice facets.   

These developments have led to operational activity-based models of single-day 

travel demand. The application of these models to transportation practice is slowly 

diffusing. In the meantime, the academic community has started to work on the 

development of dynamic activity-based models. The challenge of these models is to 

successfully predict context-dependent routine travel behaviour, adaptations in this 

behaviour over time, and day-to-day variation in activity-travel patterns. A key 

assumption underlying emerging models is that activity agendas evolve dynamically as a 

function of time-depending needs, history and the usual opportunities and constraints. 

Conditional on an invariant choice context, individual and household tend to develop 

habits and routines that can be captured in terms of scripts: context-dependent activity-

travel profiles that are activated with some regularity. The total set of these scripts 

constitutes the activity-travel repertoire of individuals and households. 

Developing dynamic model of activity-travel demand does not only represent a 

modeling challenge. Another challenge is how to collect the data, required for estimating 

these dynamic models. Traditional travel surveys are insufficient as these surveys are 

typically constrained to a single day of data. Modern technology, such as GPS and 

smartphones, is a prospect to the extent that semi-automatic imputation of activity-travel 

patterns may reduce respondent burden, which in turn may imply that respondents are 

willing to participate in multi-week data collection. However, in the most ideal case, 

multi-week diary data may still not allow capturing some forms of context-dependent 

routine behaviour. Moreover, adjustment processes usually involve longer time frames. 
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Thus, it seems that collecting self-reported activity-travel behaviour, focusing on 

scripts, and stated adaptation experiments, albeit not perfect, is the best available 

approach to collect activity-travel behaviour data and satisfy the data needs underlying 

dynamic activity-based models of travel demand. At the same time, however, collecting 

such data represents a major challenge because it is very demanding for respondents, not 

only in terms of time, but also in terms of mental effort to understand the experimental 

task and validly and reliably reproduce historical activity-travel behaviour. Data should 

be complete and consistent. Assuming that computer systems may assist respondents in 

systematically reporting past behaviour and scripts, check their responses for 

consistencies and trigger memory, we decided to developed such a system to collect data 

on scripts and dynamic adaptation of travel demand. 

This chapter describes the development of this data collection system, called 

SINA
1
. This chapter is organized as follows. First, we articulate the data required to 

estimate a dynamic model of travel demand. Next, we outline the key principles 

underlying the data collection system. This is followed by a discussion of the architecture 

of the system and user interface. The chapter is completed with a summary and 

conclusion. 

2. DATA REQUIREMENTS IN THE CONTEXT OF 

TRANSPORTATION PRICING POLICIES 

As mentioned, activity-based analysis has recently witnessed increasing interest in 

dynamics of activity-travel behaviour both endogenously and exogenously. In the latter 

case, the focus of analysis concerned how individuals and households adapt to changes in 

external factors that affect the way they organize daily activities and travel. Changes in 

external factors will likely change the utility that individuals derive from their activity-

travel patterns or available budgets for their activities and this may induce them to 

reconsider their current repertoire, which is a set of scripts.  

                                                           

1 The SINA system was conceptualized jointly by Zahra Parvaneh & Dujuan Yang, and programmed by Joran 

Jessuran. 
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The estimation of models of such behavioural change requires data that reflect the 

nature and intensity of change, which potentially may involve one or more facets of 

activity-travel patterns. Panel data recording changes in activity-travel patterns over time 

allows such modelling, but in many cases such data is not available because it is too 

expensive or because the external change is new, implying that such data can logically 

not be available. Under such circumstances, researchers need to rely on experimental-

design data or stated adaptation data. Such data reflect how respondents indicated how 

they would change their current behaviour if external conditions would change. 

Nevertheless, stated adaptation data in travel behaviour research are relatively rare. 

Most studies have relied on conventional stated preference and choice data, assuming that 

estimated utility functions and choice rules could be applied invariably to external 

change. A discriminating feature of SA models is that they allow for effects of a 

reference situation on responsive behaviour, i.e. reluctance to change an existing pattern 

of behaviour, which is not captured by SC approaches. Moreover, most stated preference 

and choice studies have been confined to single choice facets underlying activity-travel 

patterns. This tradition potentially has weaknesses as the complex interdependencies of 

activity-travel patterns have been widely reported, and in fact are the primary reason for 

developing activity-based analysis in the first place.  

The essence of our proposed approach is the assumption that individuals and 

households learn to cope with their environment and by learning develop routines or 

scripts at the level of activities and related travel, which they will implement until 

changes in their environment make them reconsider their current repertoire of activities 

and trips. In that case, they may explore new options and if those options meet particular 

minimum utility thresholds they may be added to the repertoire. This approach differs 

from existing approaches in the following ways: 

I. rather than focusing on a certain period of time (day or week), the focus is 

on habitual behaviour and concept of repertoire. 

II. rather than focusing on single facets, the focus is on complete activity 

repertoires of individuals, assumed to consist of a set of scripts. The 

underlying assumption here is that individuals change their behaviour by 

reconsidering each script that defines the ways activities are usually 

conducted. 
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III. rather than estimating the part-worth utility of single facets, the focus of 

attention is on the overall utility of a script including context-dependent 

activity-travel profiles that are activated with some regularity. 

IV. rather than assuming that individuals will maximize the utility of choice 

alternatives when faced with exogenously triggered behavioural change, we 

assume that their adaptation may be sub-optimal in the sense that 

individuals may be reluctant to change or make big changes, implying that 

the existing behaviour before the exogenous change has an impact on the 

outcome of the adaptation. 

3. FUNDAMENTAL PRINCIPLES UNDERLYING THE DATA 

COLLECTION SYSTEM 

To satisfy the above underlying assumption a Scrip-based Interactive dyNAmic data 

collection system called SINA was designed and developed. This web-based 

questionnaire consists of three separate parts. In the first part, respondents are asked to 

report their socio-demographic information. The second part then involves recording 

their current activity-travel repertoires. Respondents in the third part will be faced with 

exogenous changes and are asked to adapt their current repertoires in response to them. 

Figure 2.1 shows schematic organization of SINA system. 

 

 Figure 2.1. Schematic organization of SINA system 

In the following we will explain and discuss fundamental principles and each step 

in designing the SINA system according to them. 
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3.1. Activity Repertoire 

The key assumption that behavioural adaptation involves a choice of how to change 

existing patterns of behaviour implies that first data should be collected on these routines 

or habitual ways to conduct activities. Accordingly, respondents are first asked to report 

their repertoires, which are defined here as the set of their routines or scripts regarding 

the implementation of activities and based on that the SA survey will be constructed. In 

other words, the activity repertoire, which is more general, will replace the travel diary, 

which is about a specific day, in the former studies. The activity repertoire represents all 

scripts of an individual.  

In fact, the activity repertoire provides a highly flexible framework for specifying 

scripts of an individual, which does not focus on a specific period of time. Script is 

defined here as the context-dependent activity-travel profiles that are activated with some 

regularity. Table 2.1 shows the elements of description of a script. It should be noted that 

these elements are defined in activity, travel and script levels. 

Note that script can be simple or complex. A simple script includes just one main 

activity and its specification regarding elements listed above, while a complex one may 

have more activities, secondary activities, in addition to main activity. In other words, 

complex script is chain of activities and their specifications that are regularly conducted 

together. For example, if work as main activity is the only activity that is regularly 

conducted on Mondays and Wednesdays with some specific travel patterns, it is 

considered as simple script. But if work as main activity is combined regularly for 

example with drop off children and/or grocery shopping as secondary activities, in the 

rest of the weekdays, this combination of activities and their travel specifications, listed 

in Table 2.1, is considered as a complex script.  

Another important point to highlight here is that each script, simple or complex, can 

have different profiles, which vary in terms of activity-travel elements mentioned above. 

Hence, a given script can occur multiple times in the activity repertoire. 

For example, if work as a simple script is conducted on Mondays and Wednesdays 

by public transport and on the rest of the weekdays by car, it has two different scripts in 

this list. Similarly, every difference in mentioned elements, which define activity-travel 

profile in a script, makes an additional form for that script in the repertoire. SINA has 
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been designed to capture all possible simple and complex scripts and their different 

profiles. This will be discussed in the system structure later. 

Table 2.1. Data components used to specify script 

Level Component Description 

Activity 

& 

Travel 

Level 

aj the activity of script j from the activity list of an individual 

oj 
the location where the trip for conducting activity originated in 

script j 

lj the location where the activity is conducted in script j 

mj the transport mode used, if travel is involved 

rj the route used, if travel is involved 

tr
j the travel time 

wr
j the set of options regarding travel party 

Tj activity duration (excluding travel) in script j 

tj activity start time in script j 

Script 

Level 

dj days of the week script j is conducted 

fj frequency of the script j 

hj trip back home after script j 

 

The system firstly records individual’s habitual activities. It should be noted that 

“habitual activities” are defined here and accordingly in SINA system as activities that 

are conducted at least once per month. However, the definition of habit can vary based on 

different goals of the study and time unit of analysis, which is month in the current 

research. The list of activities is provided for respondents and they are supposed to 

choose their habitual activities. The system also provides the opportunity of adding 

activities, which are not listed. Selected habitual activities are then stored in activity list 

of individual. Activity list therefore defines as a set of habitual activities of an individual.  

When the activity list is completed and confirmed by respondent, the system 

provides the activity list to start the process of recording current activity repertoire. 

Respondents are supposed to choose one of their habitual activities as their main activity 

and start reporting their activity-travel profiles or scripts. Figure 2.2 shows, how the 

system asks about activity-travel components of the chosen activity. 
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Figure 2.2. Self-reported activity-travel components’ process in SINA 

As Figure 2.2 demonstrates, the system starts with the start time and duration of the 

chosen activity. In the next step, the location of conducting an activity is labeled by 

respondents and the exact location is then specified and recorded on google map. The 

same procedure is used for recording the origin of the trip for conducting this activity. 

After that, mode and route for related trip/s are asked. When entering trips SINA helps 

respondents by using Google maps API service. The last step in self-reported activity 

travel components is filling out travel time, travel company, and travel cost including 

parking cost or public transport fee (depends on the transport mode for the trip). 

Respondents then are asked to specify this activity-profile as simple or/and complex 

script. If this activity-profile or script is never combined with other habitual activity-

travel profiles, the system asks about trip back home and alternative ways of conducting 

this simple script. But if this activity-travel profile always combines with other secondary 

activity/s, the system asks for the first secondary habitual activity from the activity list to 

combine with main activity-travel profile and then it captures activity-travel components 

of the secondary activity. This process continues until the activity-travel chain is 

completed. The system then asks about trip back home and alternative ways of recorded 

complex script. If the activity-travel profile or script is specified as simple and complex 

script which means sometimes it´s conducted as simple script and sometimes it is 

combined with other secondary activity-travel profiles, the system first captures the 
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simple script and then it asks about activity-travel chaining as explained above. As the 

task is complicated and demanding for respondents, the SINA is designed to assist them 

in systematically reporting past behaviour and scripts check their responses for 

consistencies and trigger memory. 

3.2. Exogenous Changes and Adaptation Process 

Respondents in the next part will be faced with exogenous changes, which are 

transportation pricing scenarios in the current study and are asked to adapt their current 

repertoire in response to them. The next steps are then to design the scenarios and 

measure adaptive behaviour to exogenous policies. The flexible platform of the designed 

system provides the possibility of designing broad range of exogenous change. However, 

changes in the current study focus on transportation pricing policies. Thus, the 

explanation of designing scenarios will focus on the specific goal of this study. 

Pricing scenarios are designed considering the importance of the combined effect of 

transportation policies on travellers’ response. Cordon Area (CA), Kilometer charge 

(KL), and Parking price (P), are chosen policies in this study which are presented in 

different levels of charge schemes.  

Cordon area scenario is defined to reduce traffic in Central Business District (CBD) 

during the opening hours of stores. The charge is based on the number of times people 

pass the bounded area by car and enter the zone during the opening hours of a day. Thus, 

the charge in this scenario depends on the specific location (CBD), time (opening hours 

of stores), and also days of a week in which the stores are open. 

Kilometer charge (KM), means you pay as you drive. This policy aims at 

decreasing car use in general. It has, also, been designed to reduce the congestion in rush-

hours on congested roads. Thus, in addition to the base charge on roads and times at 

which there is no congestion, extra charge is applied on roads and times at which there is 

congestion. The charge in this scenario then depends on the amount of kilometers driven 

by car in general, and in case of rush-hours it also depends on specific location 

(congested roads), time (rush-hours), and days of a week in which there is congestion in 

rush-hours (mostly working days).In the case of parking, the tariff of parking is increased 

in the CBD. 
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 As we are interested in the effects of accumulated pricing policies, the scenarios 

are designed in a way that each respondent faces with the combination of all mentioned 

policies in different levels of charges. Three levels of charge are assumed for each policy 

that results in full factorial of 3
3
=27. Considering the required mental effort and long 

duration of the process for respondents, a Latin Square design is used to assign three 

scenarios to each respondent. This means each respondent in the experiment faces three 

scenarios including accumulated pricing policies (kilometer charge, cordon charge and 

parking) in different levels of charges. 

After introduction of the scenarios, SINA estimates the total monthly travel cost 

before and after the scenarios according to respondents’ current repertoires. The travel 

cost consists of the costs caused by different pricing policies, and public transport fee. 

Thus, fuel cost and maintenance cost for car are not included in trip cost in this study. 

The cost of policy is calculated differently based on policy definition and may depend on 

day of the week in which policy, time of day, location, and transport mode that policy is 

applied. It also is a function of distance driven by car on all roads, distance driven by car 

on congested roads in rush hours, activity duration, and price level cost. Thus, cost of 

policy for price level e is defined for each policy type separately. The cost function for 

trip r is defined as: 

 

𝐸𝑟
𝑅 =  𝐶𝑟𝑃1

𝑒 +  𝐶𝑟𝑃2
𝑒 +  𝐶𝑟𝑃3

𝑒 +  𝐶𝑟𝑃4
𝑒 +𝐶𝑟𝑃𝑇  ,  (2.1) 

 

and for n=1,..,4 (indicating  P1=parking, P2=congestion area, P3=kilometer charge, 

and P4=ring charge), cost functions of different policies are calculated for price level e as: 

 𝐶𝑃1
𝑒 (𝐼𝑃1

, 𝑙, 𝑚, 𝐸𝑃1
𝑒 ) =  𝐼𝑃1

(𝑙, 𝑚). 𝑇𝐴. 𝐸𝑃1
𝑒  

 

(2.2) 

 𝐶𝑃2
𝑒 (𝐼𝑃2

,  𝑑, 𝑡, 𝑙, 𝑚, 𝐸𝑃2
𝑒 ) = 𝐼𝑃2

(𝑑, 𝑡, 𝑙, 𝑚). 𝐸𝑃2
𝑒    

 

(2.3) 

 𝐶𝑃3
𝑒 (𝐼𝑃3

, 𝑚, 𝑘𝑎 , 𝐸𝑃3
𝑒 ) = 𝐼𝑃3

(𝑚). 𝑘𝑎. 𝐸𝑃3
𝑒    (2.4) 

 𝐶𝑃4
𝑒 (𝐼𝑃4

, 𝑑, 𝑡, 𝑚, 𝑘𝑏 , 𝐸𝑃4
𝑒 ) = 𝐼𝑃4

(𝑑, 𝑡, 𝑚). 𝑘𝑏 . 𝐸𝑃4
𝑒    

 where, 

(2.5) 

𝐼𝑃1
  is an indication variable of parking policy (if location, l,  is inside the cordon   

area and mode, m, is car, then 𝐼𝑃1
=1, otherwise 0) 
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𝑇𝐴          is duration of an activity (can also be considered as duration of parking) 

𝐸𝑃1
𝑒   is price level cost of parking  

𝐼𝑃2
  is an indication variable of cordon area policy (for day, d, Monday to Sunday, 

time, t, between 9am-6pm, location, l, inside the cordon area and mode, m, of car, 𝐼𝑃2
=1, 

otherwise 0) 

𝐸𝑃2
𝑒   is price level cost of cordon area charge  

𝐼𝑃3
  is an indication variable of kilometer charge policy (if mode, m,  is car, then 

𝐼𝑃3
=1, otherwise 0) 

𝑘𝑎          is kilometer driven by car for trip r 

𝐸𝑃3
𝑒   is price level cost of kilometer charge  

𝐼𝑃4
  is an indication variable of ring charge policy (for day, d, Monday to Friday, 

time, t, between 6am-9am and 3pm-6pm, and mode, m,  of car, 𝐼𝑃4
=1, otherwise 0) 

𝑘𝑏        is kilometer driven by car on ring roads for trip r, if it is in working days, d, of the 

week (Monday to Friday)  and rush hours, t, of morning and afternoon ( between 6am-

9am and 3pm-6pm)  

𝐸𝑃4
𝑒   is price level cost of ring road charge 

𝐶𝑃𝑇 is cost of public transport  

 

Note that scenarios are person-based as their effects vary for each respondent based 

on his/her current repertoires. Thus, respondents get aware of the effects of exogenous 

changes on their reported repertoires in aggregate level.  In the next step, they will be 

shown the costs increase for their scripts (disaggregate level) and then they will be asked 

if they would change anything and if so, which scripts in their current repertoire they 

would change as a result of new policies. It should be noted that for each script in their 

repertoire, they can see the extra travel cost caused by each policy separately. This will 

help them to find out that which policy/ies has increased their travel cost for each script 

and how much. 

If a change is intended, the next question will be then how they would adapt the 

chosen scripts to reduce the increase in variable travel cost. In this step system makes 

them aware of all possible response alternatives that are presented in three levels of 

activity, trip, and script. The respondents can make as many of these changes as they 
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want. Table 2.2 represents available short-term adaptation options in this experiment. An 

interesting point that we should mention here is that the above changes are not 

independent from each other. In other words, changing in one facet may result in 

changing in other facets or as mentioned in section 5.1 of chapter 1, every primary 

response may trigger other secondary responses.  

Table 2.2. Adaptation options in SINA system 

Level Adaptation option 

Activity 

Changing start time of the activity 

Changing duration of activity/s 

Changing location of activity/s 

Changing origin of the activity/s 

Travel 
Changing mode of transport 

Changing route of the trip 

Script 

Changing the sequence of activities in the case of complex script 

Removing activity/s from complex script 

Adding activity/s to complex script 

Changing the monthly frequency of conducting the activity/s 

Changing the day of conducting the activity/s 

Deleting the script 

Adding new script 

 

For example, changing start time of the activity may result in changing start time of 

the trip in simple script. In complex scripts, however, it is more complicated and may 

lead to reschedule the entire script including secondary activities and their related trips. 

SINA has been designed to constitute an integrative framework for addressing the 

potentially complex interdependent response patterns, which may involve multiple 

choices. 

After short-term adaptation, respondents are asked if they would like to consider 

any long-term adaptation including following options: 

I. Changing in vehicle ownership (Vehicle sale)  

II. Changing home location 

III. Changing workplace (changing job)  

IV. Another change  

V. No change 

Respondents in this part just can choose one option for their long-term adaptation. 

The adaptation process will continue and respondents will adapt their activity repertoires 



 

49 

 

progressively until they are satisfied with. Travel cost will be estimated and visible for 

them after every change and they can visualize and test their adaptations in the 

questionnaire. In fact, they can change their recoded activity repertoires in the more 

realistic situation. SINA also checks the consistency of their changes and makes 

respondents aware of their possible mistakes. Adaptation process will be discussed more 

in the next section. Figure 2.3 illustrates the adaptation process.  

 

 

Figure 2.3. Adaptation process of current activity list to the new situation 
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4. SYSTEM ARCHITECTURE 

The system has been developed using the open-source web development platform Ruby 

on Rails and it has been developed by Joran Jessurun. Ruby on Rails uses the programing 

language Ruby. A reason why Rails is so elegant is because Ruby is very suitable for 

doing metaprogramming and creating domain specific languages. On top of the rails 

stack Joran implemented a module called Artemis. Artemis adds functionality that is 

especially useful for making questionnaire systems by introducing the concepts of books 

and pages. Most modern web application frameworks use an architectural pattern called 

Model View Controller (MVC) for implementing user interfaces. By adding the concept 

of books with pages on top of the MVC pattern it is possible to create questionnaires in a 

modular way. When a new user enters the questionnaire, a book with pages will be 

created. Each page refers to a controller and action. While going from page to page, new 

pages can be added or existing pages can be removed. In this way, a dynamic modular 

questionnaire can be created. SINA has been developed using Artemis.  

Besides Artemis, SINA uses some other components. PostgreSQL is used for the 

database with the PostGIS extension for the geographical data and calculations. For the 

user interface we used Bootstrap, which is a HTML, CSS and JS framework. For map 

display and car routing we use the Google Maps API. The system also has access to all 

public transport information in the Netherlands. For this GTFS (General Transit Feed 

Specification) data is imported into the database, which can then be queried. An Artemis 

controller has been developed to enter public transport trips. Because of the modularized 

setup of Artemis and Rails these controllers can easily be reused in different 

questionnaires.  

The data for the scripts and scenarios are described in the class model of Figure 2.4. 

For every respondent a fixed list of activities is created. The respondent has the 

opportunity to create more activities if needed. The data field in the respondent class can 

contain arbitrary data and is mostly used to store the social-demographic characteristics. 

The respondent can enter multiple scripts. The scenario field of the script class indicates 

to which scenario this script belongs. Scenario 0 is the current situation. This will be 

entered by the respondent during the activity repertoire phase. Later, copies of the 

scenario 0 scripts will be made for the scenario adaptation. The “cloned_from” field will 
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keep track of the original script. The same applies to the activities. This way we know 

what changes the respondent made to the original scripts and activities. Also the 

frequency and on days which script is conducted is contained within the script.  

+name
+latitude
+longitude
+is_home
+address
+complete
+stop_id

Location

+data
+uid

Respondent

1

*

+name
+cloned_from
+frequency
+on_Monday
+on_Tuesday
+on_Wednesday
+on_Thursday
+on_Friday
+on_Saterday
+on_Sunday
+scenario

Script

1 *

+cloned_from
+start_time
+trip_modes
+duration
+from_location
+to_location

TripActivity +user_duration
+distance
+calculated_duration
+from_location
+to_location
+transport_mode
+position

Segment

+start_latitude
+start_longtitude
+start_address
+end_latitude
+end_longtitude
+end_address
+path

SlowSegment

+start_latitude
+start_longitude
+start_address
+end_latitude
+end_longitude
+end_address
+path
+end_parking_fee

CarSegment

+start_stop_id
+end_stop_id
+travelcost
+start_line
+end_line

PublicSegment

1
*

1 *

+name
+category
+chosen

Activity

1 *

*

1

 

Figure 2.4. Class model in SINA architecture 

A script can contain multiple “TripActivities”. “A TripActivity” is a trip combined 

with an activity. The trip is conducted to get to the activity location. Simple scripts 

contain one main activity and optionally a return to home activity. A return to home 

activity is a “TripActivity” where only the trip part is considered. If a script contains 

multiple “TripActivities” it is considered a complex script. Each “TripActivity” can 
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contain one or multiple segments or legs. Each segment represents a part of the trip. If 

there is only one segment or leg, then the trip is considered single modal. Otherwise it is 

a multimodal trip and each segment describes a particular mode within the trip. 

Depending on the mode, different information is stored. For the walking and biking, no 

route is captured. For the public transport segments associations are made to the public 

transport data (GTFS) where more details can be found. The GTFS data structure is not 

included in the diagram below. For car and motor the complete route will be stored as 

drawn on Google Maps by the user. This detailed route can later be used to calculate the 

effects of the kilometer charge policy. 

Locations are recorded and can be reused any time by the respondent. The 

respondent first gives a name to a location. The system will create the location and marks 

it as not completed. When a not completed location is used, the system will ask for the 

exact location using Google Maps and then store this information in the location and 

mark it as completed. For multimodal trips also locations will be created for the places 

where the respondent changes mode. When using public transport completed locations 

will automatically be created including a name. In other situations the respondent will 

have to name and pinpoint these locations. 

The road network consists of different kinds of roads. For this system, these are 

roads for which peak hours costs will be calculated, roads inside the cordon areas and the 

other roads. The taken route is, using GIS, cut up into segments overlaying the different 

kind of roads. Each segment will be labeled as on which kind of road is taken and will 

include the visiting start and end time. Using this information the policies of kilometer 

charge (including peak hours) and cordon charge can be calculated. 

The user will be guided in such a way that he will enter all his habitual activities 

including the different alternatives. Figure 2.5 shows this process. First the respondent 

selects a main activity. After entering the details for the trip and activity he/she is asked if 

he “combines this activity with other activities”. If the respondent chooses “No, Never”, 

he is asked if he does the activity in alternative ways. If so, a copy of the original script 

will be made that the respondent can change after which he will be asked if there are 

more alternative ways of conducting this activity.  
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Figure 2.5. Procedure of recording simple and complex in SINA 

This is repeated until all alternatives have been entered for conducting this main 

activity. Then the user is asked to choose another activity or finish. 

Yes, Sometimes 
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If the respondent chooses “Yes, always” he will be asked to add at least one 

secondary activity to the script. Then the respondent can choose if he conducts this script 

in alternative ways. If so, a copy of the script will be made that he can modify. If not the 

respondent chooses if he does this main activity together with other secondary activities. 

A positive response will create a new script with the same main activity for witch at least 

one secondary activity must be chosen. Otherwise the user is asked to choose another 

activity or finish. 

When the respondent chooses “Yes, sometimes” he first goes through the process of 

creating a simple script and its alternatives with just this main activity. After that he will, 

using the same main activity, go through the process of creating multiple complex scripts 

including secondary activities as described in the paragraph above. After completing each 

script the respondents can optionally specify the trip back home. This is not depicted in 

the diagram.  

5. INTERFACE 

In this section we represent some screens and brief explanation of user interface in the 

SINA system. Figure 2.6 shows how respondents can enter an exact location with the use 

of Google Maps (explained in class model), and Figure 2.7 demonstrates how 

respondents can enter the different steps of a trip by specifying the mode for each step. 

The number of steps will increase when needed. 

 
Figure 2.6. Location screen in SINA 
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Figure 2.7. Transport mode screen in SINA 

In Figure 2.8, the respondent can draw the route he/she drove by car and position 

the parking locations. This makes use of the Google Maps Directions API (explained in 

class model). 

 

Figure 2.8. Route interface in SINA 
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In The Figure 2.9 the respondent specifies the second step of a multimodal trip. 

After recording the bike part, a bus trip is made. For the bus trip he/she can enter the line 

number and the stops. 

 

Figure 2.9. Multi-modal trip interface in SINA 

Figure 2.10 shows the choice for creating a simple or complex script (explained in 

Figure 2.5). The respondent can also modify the already created activity. 

 
Figure 2.10. Recording simple and complex script interface in SINA 
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Figure 2.11 represents the user interface for adding more activities in recording the 

complex script. 

 

 

Figure 2.11. Recording complex script interface in SINA 

As Figure 2.11 shows, the respondent entered two activities and can now choose if 

he/she wants to add more activities to this script. He can also make changes to the already 

entered activities. 

Figure 2.12 shows a complete complex script including a trip back home. The 

respondent can confirm this scrip or make some changes. 
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Figure 2.12. Recording complex script interface in SINA 

Figure 2.13 shows an overview of the created scripts. In this particular case only 

one script has been entered. The users can choose here if they do the same script in 

another way, and if so in what way it would be different. 
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Figure 2.13. Recording alternative ways of script interface in SINA 

Figure 2.14 shows user interface for recording frequency and day of recorded script. 

 
Figure 2.14. Recording frequency and day of script interface in SINA 
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As Figure 2.14 demonstrates, in this screen the respondent can indicate on which 

days of the week he executes this script and what the monthly frequency of this script is. 

For each entered script these question will be asked. The below screen, Figure 2.15, is a 

part of the policy explanation for kilometer charge policy. 

 

 

Figure 2.15. Example of policy explanation in SINA 

Figure 2.16 represents the scenario explanation. 

 

Figure 2.16. Scenario explanation in SINA 
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According to Figure 2.16, this screen shows the values for the scenario and what the 

impact is on the travel cost for this respondent (aggregate level). In this case the travel 

cost increases from €25.00 to €64.64 per month. User interface in adaptation part can be 

seen in Figure 2.17. 

 

 

Figure 2.17. Short-term adaptation interface in SINA 

The monthly cost before and after changes is show. It is possible to change the 

frequency and on which weekdays the activity was conducted. But also the activities 
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itself can be modified. If needed the user can remove activities or add new activities to 

this script. After each change the costs will be updated. Figure 2.18 gives a detailed 

overview of all the costs for the scripts in this scenario. The respondent can confirm here 

if he is satisfied with his modifications. If he/she wants to make any changes he can go 

back. 
 

 

Figure 2.18. Short-term adaptation confirmation interface in SINA 

Given a detailed overview of the impact of this scenario, the respondent can 

indicate if they would consider a long term change after short-term adaptation.  Figure 

2.19 shows long-term adaptation interface in SINA. 
 

 

Figure 2.19. Long-term adaptation interface in SINA 
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It should be noted that to make sure all scenarios will be presented in an evenly 

distributed way between all the respondents the system will keep track of scenarios 

completed. Because some respondents do not finish the questionnaire, but have been 

assigned scenarios a timeout is used. If a respondent of an unfinished questionnaire is not 

active for two hours, the scenarios are considered not to be finished when selecting new 

scenarios for another respondent. As soon as the inactive respondent becomes active, his 

selected scenarios will be counted again. 

6. SUMMARY AND CONCLUSIONS  

This chapter focused on the description of an innovative SA survey for analyzing 

travellers’ response to different pricing schemes. An examination of the existing literature 

(discussed in chapter 1) addresses some gaps in SC methods in terms of pricing analysis. 

Accordingly, most stated choice models are restricted to single trips; single-faceted 

choice of travel or the primary responses in isolation, and do not include trip generation 

components. These are also limited to the single policies, most frequently congestion 

pricing. 

These limitations of SP data have stimulated the introduction and interest in SA 

methods in travel behaviour analysis. SA experiments deal with individual’s adaptation 

behaviour in response to exogenous policies and the experimental task captures changes 

in behaviour rather than expressing some degree of preference or choosing between 

alternatives. Another distinguished feature of the SA approach compared to the SC 

approach is that it allows for effects of a reference situation on responsive behaviour. Our 

proposed approach addresses the mentioned gaps by designing a SA experiment. It 

differs from existing approaches in several ways.  

First of all, by using an activity-based approach, our focus is on a complete activity 

repertoire of individuals, assumed to consist of a set of scripts, rather than an activity 

schedule for a certain day or week. Secondly, by assuming that individuals reconsider 

scripts of conducting particular activities when faced with external changes, we consider 

a script for an activity as the unit of adaptation. Thirdly, by using an activity-based 

approach, we address the potentially complex interdependent response patterns which 

may include multiple choices. Fourthly, by considering the impact of existing choice on 
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adaptation choice, we assume that individual’s adaptation may be sub-optimal. Finally, 

by considering three policies and their combinations, we focus on behavioural changes 

under influence of a multitude of policies. 

An instrument to elicit adaptive responses was designed in line with the decision 

making process and helps individuals to indicate their stated adaptations to the new 

situation in a more realistic way. These assumptions lead us to focus on entire repertoires 

of individuals in response to exogenous changes. This approach has also some 

disadvantages. Complexity (logical and implementation), long duration, and data bias 

caused by computer assistant system (age, education and etc.) are some disadvantages of 

the discussed approach. 

In the next chapter we will explore how SINA system works by conducting a data 

collection and descriptive analysis of the collected data. 
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CHAPTER 3 

How Does The Script-Based Activity-Travel Data Look 

Like? Application of SINA System in the Context of 

Transportation Pricing Policies 

 

 
In this chapter, the focus will be on the data collection process and descriptive analysis of 

the collected data in the first phase of the experiment. Descriptive analysis of this data is 

very important and gives us a better insight into script-based activity-travel data. To the 

best of our knowledge there is no such study in this regard, and it is one the first insight 

into individuals’ habitual activity-travel patterns. Thus, data collection procedure is 

explained and descriptive analysis of collected data is discussed in two parts. 

 



  

66 

 

1. INTRODUCTION 

In the previous chapter, we discussed the principle assumptions underlying our proposed 

approach and accordingly developed such a system to collect data on scripts and dynamic 

adaptation of travel demand
1
. In this chapter, some experiences with this data collection 

system, called SINA, are discussed. 

The system was applied to the expanded CBD area (city center area in Rotterdam 

city) to the first ring of Rotterdam. Figure 3.1 shows the ring roads of the Rotterdam. 

`  
Figure 3.1. Rotterdam ring roads 

This ring is also known as the Rotterdam Square, is 41 miles long and together have 

over 15 exits and 6 nodes. The ring is located in the municipalities of Rotterdam, 

Schiedam, Barendrecht and Ridderkerk. The Ring consists of four continuous state roads: 

1. A20 (Ring Rotterdam North) 

2. A16 (Ring Rotterdam East) 

3. A15 (Ring Rotterdam South) 

4. A4 (Ring Rotterdam West) 

 

                                                           

1 As mentioned before the SINA system was conceptualized jointly by Zahra Parvaneh & Dujuan Yang and 

programmed by Joran Jessuran. 
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If respondents cross the ring roads and travel inside the zone by car during the 

opening hours (9am-6pm), from Monday to Saturday, they will be charged. The charge is 

based on the number times they pass the bounded area and enter the zone during the day. 

The ring roads of Rotterdam are also very congested in the rush-hours of morning and 

afternoon. Therefore, they were considered as congested roads for kilometer charge 

scenario. It means, in addition the base charge that is applied everywhere, respondents 

will be double charged if they travel by car on these roads in the rush-hours of morning 

(6-9am) and afternoon (3-6pm) from Monday to Friday (working days). In case of 

parking, as mentioned in the previous chapter, the tariff of parking is increased inside the 

Rotterdam ring. 

In case of Eindhoven, we assumed a hypothetical ring including three continuous 

state roads and six local roads: 

1. A50 (Ring Eindhoven North) 

2. A67 (Ring Eindhoven South) 

3. A2 (Ring Eindhoven West) 

4. The following local roads constitute the East part of Eindhoven ring: 

 John F. Kennedylaan 

 Insulindelaan 

 Jeroan Boschlaan 

 Kadeburg 

 Piuslaan 

 Leenderweg 

 

Figure 3.2 illustrates this hypothetical ring. Similar to Rotterdam region, cordon 

area, kilometer charge, and parking price scenarios were defined for this hypothetical ring 

and Eindhoven region. 
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Figure 3.2. Hypothetical ring of Eindhoven 

This chapter explains the data collection procedure and discusses results of 

descriptive analysis of collected data. This chapter is organized as follows. First, steps in 

data collection procedure are described and sample composition is presented. Next, we 

explore some results of descriptive analysis of collected data. This section is discussed in 

two parts: one and two-dimensional descriptive analysis. The chapter is completed with a 

summary and conclusion. 

2. DATA COLLECTION PROCEDURE AND SAMPLE 

COMPOSITION 

Data was collected in July 2014 in both regions of Rotterdam and Eindhoven. Rotterdam 

region in our experiment includes following areas: Rotterdam city, Vlaardingen, 

Rozenburg, Spijkenisse, Albrandswaard, Barendrecht, Ridderkerk, Krimpen a/d IJsel, 

Capelle a/d IJsel, and Langsingerland. The Eindhoven region consists of Eindhoven city, 

Best, Son en Breugel, Nuenen, Geldrop, Heeze, Waalre, and Veldhoven. Data collection 

was conducted by NIPO, The Netherlands. The respondents in NIPO’s data base who live 

in Rotterdam and Eindhoven regions were recruited.  

In order to get the highest number of relevant respondents, some filter questions 

were added at the beginning of the experiment. These questions guarantee that 

respondents have at least one car in their household and travel four times per month to the 
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cordon areas of Rotterdam and Eindhoven by car for conducting different activities. 

Employees in that data base were recruited first. Because mandatory work has a higher 

frequency per month compared to other activities and this may increase the chance of 

using car and facing a combination of the defined transportation policies in our scenarios.  

The data were collected in three rounds. It started with a pilot to check and improve 

the system. This process continued until the soft launch (100 respondents) and finally 

ended up with the main launch. After the first two rounds, the data were checked 

carefully and bugs and problems were recognized and solved. Because of the long 

duration of the questionnaire and the high required mental effort, the main launch was 

conducted in two phases. In the first phase, respondents were asked about their socio-

demographic information and also their current repertoires. Respondents, who finished 

the first phase, were then invited to respond to the second adaptation phase.  

In the second phase, respondents were presented three accumulated pricing 

scenarios including cordon, kilometer, and parking charges which varied in terms of price 

levels. Travel cost caused by scenarios was calculated for their recorded activity 

repertoires in the first phase and they were asked to adapt if they are willing to. The 

adaptation part includes short and long term responses. For each scenario respondents 

face the short-term adaptation first and then were invited for long-term adaptation. 

Around 3000 participants were entered the system while only 522 participants 

finished the first phase (response rate=17%), and 347 finished both phases (response 

rate=12%), and rests were filtered out as they were not relevant for our analysis. After 

data cleaning, 341 participants were selected to proceed with. From 341 respondents, 220 

are from Rotterdam area and 121 are from Eindhoven area. Thus Rotterdam area consists 

of 64.5% of sample and 35.5% of sample are from Eindhoven area. 

2.1. Socio-Demographic Characteristics (SD Variable) 

Socio-demographic information of respondents was collected in the first step of the first 

phase.  Tables 3.1 and 3.2 show the composition of the sample including gender, age, 

household size and composition, education level, work status, number of cars in 

household and gross annual household income. 
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Table 3.1. Sample composition (1) 

Variable Description Category Percentage 

GEN Gender 
1 Male 59.30 

2 Female 40.70 

AG Age 

1 18-24 years old 1.74 

2 25-34 years old 16.28 

3 35-44 years old 19.48 

4 45-54 years old 24.13 

5 55-64 years old 25.00 

6 65 years old and older 13.37 

HS 
Household 

size 

1 one 18.31 

2 two 39.83 

3 three  14.83 

4 four 19.19 

5 five 5.81 

6 six and more than six  2.03 

HC 

Household 

Compositio

n 

1 Single; 0-34 years old 5.52 

2 Single; 35-39 years old 0.87 

3 Single; 40-49 years old 2.91 

4 Single; 50-64 years old 6.40 

5 Single; 65 years and older 2.62 

6 Married; partner breadwinner 0- 34 years old 7.27 

7 Married; partner breadwinner 35 -39 years old 2.03 

8 Married; partner breadwinner 40 - 49 years old 8.72 

9 Married; partner breadwinner 50 - 64 years 24.13 

10 
Married; partner breadwinner 65 years old and 

older 
9.30 

11 
Married with children; age of youngest child 

<=12 years old 
21.80 

12 
Married with children; age of youngest child 

13 - 17 years old 
8.43 

 

As can be seen in Table 3.1, most respondents are men (59.30%) and majority of 

them are between 35 to 64 years old. Almost 40% of sample has two individuals in their 

household. The highest household size after two, relates to four, one, and three 

individuals per household, respectively. Regarding household composition, 18.32% of 

the respondents are single, 51.45% are married without children and 21.8% and 8.43% 

are married with youngest child of 12 years old and married with youngest child of 13-17 
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years old, respectively. Percentages of adult household; partner breadwinner 50-64 years, 

and households with children; age of youngest child <=12 years old categories are, 

however, remarkable compared to other categories. 

Table 3.2. Sample composition (2) 

Variable Description Category Percentage 

ED Education  

1 Primary/basic education 1.74 

2 
LBO \ VBO \ VMBO (framework and 

vocational programs) 
11.05 

3 
MAVO \ first three years of HAVO and VWO 

\ VMBO  
8.72 

4 MBO 24.71 

5 
HAVO and VWO superstructure \ WO and 

HBO first year 
12.50 

6 HBO \ WO bachelor's degree or bachelor 28.78 

7 WO-doctoral or master 12.50 

WS Work Status 

1 Employee 76.78 

2 Unable to work 4.07 

3 Unemployed \ looking for work \ Assistance 4.07 

4 Retired or early retirement 12.21 

5 Studying \ attending school 0.58 

6 Housewife \ houseman \ else 2.33 

7 Do not want to answer  0.29 

NCH 

Number of 

Cars in 

Household 

1 One car 65.11 

2 Two cars 31.10 

3 Three and more cars 3.78 

HIN 

Gross Annual 

Household 

Income 

1 Minimum income level (<12,500 ) 1.45 

2 
Below average income level (12,500 - < 

26,200 ) 
6.69 

3 Middle income level ( 26,200 - < 38,800) 19.77 

4 
Between one to two times middle income 

level (38,800 -< 65,000) 
25.29 

5 
Two times middle income level ( 65,000 - < 

77,500 ) 
8.14 

6 
More than 2 times middle income level (> = 

77,500 ) 
16.57 

7 Really do not know \ really do not want to say 22.09 

 

As Table 3.2 demonstrates, the majority of the sample is educated and around 40% 

is highly educated. Remarkably, 77% of the sample is employee. Regarding number of 

cars, the entire sample is car owners and around 65% of them have only one car in their 
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household and just 4% have three and more cars. According to Table 3.2, almost 20% of 

the respondents have a middle-level annual income, between 26200 and 38800 euro, 50% 

has a higher income and around 8% has a lower annual income compared to the middle 

level income. It should be noted that 22% of the sample did not to mention their gross 

annual household income. 

2.2. Situational Variables (SV Variables) 

Situational variables refer to type of variables that restrict or affect individual’s flexibility 

to change his/her current habitual patterns to some extent. These limitations can come 

from work and/or family conditions. Table 3.3 shows the situational variables of the 

sample in this study. It consists of working hour’s flexibility, work travel allowance, 

possession on public transport card, possibility of teleworking, number of working hours 

per week and number of children in household. 

Flexibility of working hours plays an important role for adaptability under 

exogenous policies like transportation pricing. Almost 32% is not flexible regarding their 

working hours while 19.2% is completely flexible. Although, around 30% of sample is 

not completely flexible, and 10.5% has a specific type of working hours (day and night 

shifts). For work travel allowance, more than half of the sample is not paid for their 

working trip. Thus, they are more likely to be sensitive to changes in their work travel 

expenses. Interestingly 79.4% does not possess any public transport card meaning that 

they are not public transport users. According to Table 3.3, more than half of the 

respondents do not have a teleworking option. Regarding working hours per week, 

38.08% work 40 hours per week and 26.45% work between 7-8 hours per week, 

indicating that almost 65% of respondents have full-time job (5 days per week and 7-8 

hours per day). This means that their working hours make them less flexible to change 

their schedule. Other working hours categories (with less working hours per day and/or 

per week) seem to provide more flexibly for respondents to change under exogenous 

policies. More than half of respondents don’t have children in their household and 

15.70%, 21.51%, and 7.56% have one, two, and three and more children in their 

household, respectively. Accordingly, around 45% of respondents cannot change their 

schedule without any consequences at home. 
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Table 3.3. Situational variables 

Variable Description Category Percentage 

WFH 

Flexibility of  

Working 

Hours 

1 Not applicable 8.7 

2 No (every day the same start time); inflexible 31.7   

3 Shifts with fixed times 10.5   

4 
Yes; completely flexible (start and end time to 

decide) 
19.2   

5 
Start and end times to decide but within certain 

times; to some extent flexible 
29.9   

WTA 
Work Travel 

Allowance 

1 no 51.7   

2 yes 45.1   

3 not applicable 3.2   

PTC 
Public  

Transport Card 

1 I don't have public transport card 79.4   

2 Students Week or weekend ticket  0.3   

3 Week / Month / Year Card for the bus 2.0   

4 Discount card for the train  9.3   

5 Month / Year / Range Card for the train 2.0   

6 NS/OV-annual card 7.0   

TELW Teleworking 

1 Not applicable 6.1   

2 Yes 23.0   

3 Yes, but in practice it does not 8.1   

4 Yes, but the activities do not allow 4.7   

5 No 53.5   

6 No, but in practice it is possible 4.7   

WH 
Working Hours 

per Week 

1 more than 40 h/week 5.81   

2 40 h/week 38.08   

3 35-39 h/week 26.45   

4 30-34 h/week 12.50   

5 25-29 h/week 3.20   

6 20-24 h/week 6.98   

7 12-19 h/week 2.62   

8 less than 12 h/week 4.07   

9 not working 0.29   

NCH 

Number of 

Children in 

Household 

1 no children 55.23   

2 one 15.70   

3 two 21.51   

4 three and more 7.56   
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3. ONE-DIMENSIONAL DESCRIPTIVE ANALYSIS OF 

HABITUAL ACTIVITY-TRAVEL PATTERNS OR SCRIPTS 

In this section, a better insight into the current scripts of respondents is given. 

Accordingly, some main facets of a script like type, main activity, mode, location, and 

route are explored. 

3.1. Number and Types of Scripts 

Table 3.4 shows the minimum, maximum and average number of habitual scripts and the 

average number of monthly habitual scripts per person. It should be noted that monthly 

estimation has been done considering the frequency of each script per month. According 

to Table 3.4, for both regions, the number of habitual scripts per respondent has a range 

of 1 (min) to 23 (max) with an average of 6 scripts. Considering the frequency, the 

monthly number of habitual scripts is in the range of 4 (min) to 258 (max) with an 

average of 40. For the Rotterdam region, the same range can be seen in Table 5.4, while 

the average is quite higher than both regions. The maximum and the average number of 

monthly scripts per respondent is lower for Eindhoven.  

Table 3.4. Number of scripts  

Region 
Number of recorded scripts  

per respondent 

Number of monthly recorded 

scripts per respondent 

Both 

regions 

Min 1 4 

Max 23 258 

Ave 5.78 40.02 

Rotterdam 

Min 1 4 

Max 23 258 

Ave 5.90 41.11 

Eindhoven 

Min 1 4 

Max 16 236 

Ave 5.54 38.06 

 

Figure 3.3 shows the type of habitual script (simple or complex) for both regions 

separately and in total.  
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 Figure 3.3. Script Type 

In both regions, 91% of the scripts were recorded as simple and only 9% were 

complex. However, 8% and 12% of the scripts were complex in Rotterdam and 

Eindhoven, respectively. This indicates that the percentage of recorded complex scripts is 

higher in Eindhoven than in Rotterdam. Thus, most habitual activity-travel patterns seem 

to be simple, meaning that individuals rarely combine their habitual activities. 

3.2. Script- Main Activity 

As mentioned before, each habitual activity-travel pattern or “script” has at least one 

main activity. Six main activity categories were considered in this study, work, study, 

shopping, recreation, service, and pick up/drop off. Albeit in the experiment, extensive 

list of each main category was provided for respondents. They, also, were able to add the 

activities which were not provided in the list. Table 3.5 shows the perentage of conducted 

scripts with different main activity categories. 

Table 3.5. Percentage scripts with different main activity types 

Region Work Study Shopping Service Recreation Pick Up/Drop Off  

Total 40.45% 0.31% 16.13% 2.02% 36.09% 5.00% 

Rotterdam 41.38% 0.26% 15.21% 1.94% 35.85% 5.36% 

Eindhoven 38.67% 0.38% 17.92% 2.18% 36.55% 4.29% 

 

As Table 3.5 demonstrates, habitual scripts with the main activity of work, 

recreation, and shopping have the highest percentage, respectively. Study as main activity 

of script has the lowest percentage compmared to other main activity types. Figures 3.4 , 

9% 8% 12% 

91% 92% 88% 

Total Rotterdam Eindhoven

Simple Script Complex Script
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3.5 , and 3.6 show the maximum, average, and standard deviation of the number of 

scripts per person with different main activity categories. Note that frequency has not 

been considered here. 

 

 
Figure 3.4. Maximum number of scripts per person for different main activity categories 

 
Figure 3.5. Average number of scripts per person for different main activity categories 

 
Figure 3.6. Standard deviation of number of scripts per person for different main activity 

categories 

11 

3 

11 

5 

4 

4 

Total

Pick up/Drop off Service Shopping Recreation Study Work

1.82 

1.50 

3.03 

1.52 

1.62 

1.81 

Total

Pick up/Drop off Service Shopping Recreation Study Work

1.20 

0.84 

2.06 

0.82 

0.86 

0.62 

Total

Pick up/Drop off Service Shopping Recreation Study Work



 

77 

 

According to the above figures, scripts with work and receation as main activity 

have the highest and scripts with main activity of study the lowest maxmium number per 

person. Scripts with shopping as the main activity of (including grocery and non-grocery 

shopping), pick up/drop off, and service have the second, and third maximum number, 

respectively. Recreation as main activity of a script has the highest average number of 

scripts per person. The average numbers of scripts for other activity types are quite close 

to each other. Recreation has the highest standard deviation indicating that the data points 

(number of scripts per person) are spread out over a large range of values. This variation 

is remarkably higher than others. The lowest standard deviation belongs to pick up/drop 

off, meaning that the data points tend to be very close to the mean. After recreation, the 

highest variations from average can be seen for work.  

Figures 3.7,  3.8, and 3.9 show the maximum, average, and standard deviation of 

number of monthly conducted scripts per person for different main activity categories. 

Note that the frequency is included to estimate the monthly results. 

 

 
Figure 3.7. Maximum number of conducted scripts per person per month for different main activity 

categories 

For Rotterdam, Eindhoven, and in total,  habitual scripts with receation as main 

activity have the highest and habitual scripts with main activity of study has the lowest 

maxmium number per person per month. Scripts with main activity of work, shopping 
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number of scripts per person per month with main activity of recreation is remarkabley 

higher than other categories. In addition for all acivity categories, maximum number of 

habitual scripts per person per month for Rotterdam is higher than Eindhoven except 

service.  

 

 
Figure 3.8. Average number of conducted scripts per person per month for different main activity 

categories 

 
Figure 3.9. Standard Deviation of number of conducted scripts per person per month for different 

main activity categories 
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scripts with main activity of recreation and shopping have the highest average number 

per person per month. Standard deviation or amount of variation from the average of 

number of scripts per person per month for different main activity categories can be seen 

in Figure 3.9.  Recreation has the highest standard deviation indicating that the data 

points (number of scripts per person per month) are spread out over a large range of 

values. Again this variation is remarkably higher than others. The lowest standard 

deviation belongs to study meaning that the data points tend to be very close to 

the mean. After recreation, the highest variations from average can be seen for work and 

shopping respectively.  

3.3. Script–Mode 

In this section transport mode as one of the main components of script is explored in our 

recorded scripts. Nine categories of transport mode were considered in this study. These 

categories include: walk, car, bike, motorcycle, moped, bus, metro, tram, and train. 

Figure 3.10 shows the percentage of single mode and multimodal habitual scripts in total 

and also for Eindhoven and Rotterdam, separately.  

 
  

Figure 3.10. Percentage of single mode and multimodal scripts 

As Figure shows, in total 80% of scripts have been done using only one mode. The 

percentage of single mode script is lower for Rotterdam compared to Eindhoven. This 

means respondents in Rotterdam have used more multimodal trips compared to 

Eindhoven. Figures 3.11 and 3.12 demonstrate the share of different transport modes in 

all recorded scripts for both regions and in total. It should be noted that bus, tram, metro, 
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and train were aggregated as public transport because of their low percentages. As can be 

seen in both figures, car, walk, and bike have the highest percentages, respectively. 

Percentage of other transport modes, however, is relatively low. In addition, percentage 

of share of all transport modes is higher for Rotterdam compared to Eindhoven expect for 

bike and motor. 

 

  
Figure 3.11. Share of different transport modes in all scripts for Rotterdam and Eindhoven 

 
Figure 3.12. Share of different transport modes in all scripts for both regions 

It should be noted that number of transport modes per script ranges between 1 and 5 
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3.4. Script-Location & Path 

Location as one of other main components of scripts is discussed in this section. Each 

script has a location (trip destination) where the activity is conducted and an origin where 

the trip starts. As most of the policies considered in this study relate to a predefined 

cordon area for Rotterdam and Eindhoven, locations were categorized based on the 

mentioned cordon areas into the four following categories:  

I. Location of activity inside cordon area 

II. Location of activity outside cordon area 

III. Origin of trip inside cordon area 

IV. Origin of trip outside cordon area 

Accordingly, four types of path were also distinguished. Figure 3.13 demonstrates 

these four types of path based on the above location categories. 

 

Figure 3.13. Path types based on location categories 

Table 3.6 shows the trip information based on four location categories. It should be 

noted that 66% of all trips belong to the Rotterdam region and just 34% belong to the 
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of activity inside the cordon areas of Rotterdam and Eindhoven. This percentage is lower 

for Rotterdam compared to Eindhoven. In case of the origin of trips, almost 39% of trips 
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and scripts here only refer to trips to the activity location. Thus, considering the trip back 

home in this analysis will change results in this part considerably. 

Table 3.6. Trip information based on four location categories 

Region Variable Percentage 

Total 
Number of trips 

per month 

location of activity inside cordon area 42.95 

location of activity outside cordon area 57.05 

Origin of trip inside cordon area 39.08 

Origin of trip outside cordon area 60.92 

Rotterdam 
Number of trips 

per month 

location of activity inside cordon area 45.34 

location of activity outside cordon area 54.66 

Origin of trip inside cordon area 42.16 

Origin of trip outside cordon area 57.84 

Eindhoven 

 

Number of trips 

per month 

 

location of activity inside cordon area 60.80 

location of activity outside cordon area 39.20 

Origin of trip inside cordon area 56.16 

Origin of trip outside cordon area 43.84 

 

Figure 3.14 demonstrates the percentages of path types in total and also for 

Rotterdam and Eindhoven.  

 

 
Figure 3.14. Percentage of path types 

As can be seen, in total, the “out_out” path (46%) has the highest percentage, while 

the “in_out” path (11%) has the lowest percentage. This indicates that 46% of all trips 
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regions and more than half of trips have at least one origin or/and destination in cordon 

areas of Rotterdam and Eindhoven cities. 

The same result can be seen for the Rotterdam region. In case of the Eindhoven 

region, however, the percentage of “in_in” path is the highest and “in_out” is the lowest. 

This means that around 47% of all trips in the Eindhoven region originates and ended 

inside the Eindhoven city’s cordon area. Also, almost 30% of all trips in this region have 

the “out_out” path, meaning that 70% of trips has at least one origin or/and destination 

inside the cordon area of Eindhoven city. 

4. TWO- DIMENSIONAL DESCRIPTIVE ANALYSIS OF 

SCRIPTS BASED ON MAIN ACTIVITY TYPE 

In this section, we go one step further and explore the relationships between main activity 

type and other important components of scripts that we discussed in the previous section. 

More specifically, we look at the relation between main activity and type of script 

(simple or complex), main activity and location, main activity and path type, and finally 

its relation with transport mode. 

4.1. Main Activity-Script Type 

Figure 3.15 shows the percentage of script type (simple or complex) for different 

categories of main activity for both regions. According to Figure 3.15, for all main 

activity categories, more than 90% of scripts are simple, except for the pick up/drop off 

category. This indicates that for pick up/drop off as main activity of the habitual script, 

respondents use more complex scripts compared to other main activity types. In contrast, 

for recreation as main activity of the script, almost 98% of scripts are simple, meaning 

that respondents rarely combine this activity type with their other activities. Work, study 

and service categories are quite the same in this sense. Interestingly, shopping (grocery 

and non-grocery) has a lower percentage of complex script compared to work, study, and 

service. This shows that respondents are less likely to combine a shopping activity with 

other activities compared to work, study, and shopping. 
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Figure 3.15. Script type percentage for different main activity of the script for both regions 

Figure 3.16 shows the same result for the Rotterdam region. Similarly, more than 

90% of the scripts with different types of main activity are simple except for the 

pickup/drop off category. Figure 3.16 also demonstrates that 100% of the scripts with 

study as main activity is simple, indicating that respondents in this region never 

combined study with other activity types. After study, recreation as the main activity of 

script has the lowest percentage complex scripts. Work and service have quite the same 

percentage of simple and complex scripts, and again a lower percentage complex script 

can be seen for shopping compared to work and service. 

 

 
Figure 3.16. Script type percentage for different main activity of the script for Rotterdam region 
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The percentage of simple and complex scripts for different main activity categories 

for the Eindhoven region can be seen in Figure 3.17. In the Eindhoven region, study as 

the main activity of a script has the highest percentage of complex scripts compared to 

other types. After study, pick up/drop off has the highest percentage of complex scripts. 

Similar to two previous cases, recreation has the lowest percentage of complex scripts. 

After recreation, work shows the lowest percentage of complex script, compared to 

others, meaning that respondents in this region are not willing to combine work with their 

other activity types. 

 

 
Figure 3.17. Script type percentage for different main activity of the script for Eindhoven region 

4.2. Main Activity –Transport Mode 

Table 3.7 shows the percentage of single and multi-modal trips for each main activity 

category. This information can be seen in total and for both regions. For the work 
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Table 3.7. Percentage of Single-mode and multimodal trips for different main activity categories 
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Total 11.38 88.62 14.29 85.71 5.81 94.19 2.88 97.12 2.11 97.89 3.63 96.37 

Rotterdam 12.77 87.23 0.00 100 7.89 92.11 4.55 95.45 2.24 97.76 5.13 94.87 

Eindhoven 8.51 91.49 33.33 66.67 2.38 97.62 0.00 100 1.87 98.13 0.00 100 

 

Figures 3.18 to 3.23 demonstrate the share of different transport modes for main 

activity categories of the script. As mentioned before, nine main categories were 

considered in this study. 

 
Figure 3.18. Share of different transport modes for work 

 
Figure 3.19. Share of different transport modes for study 
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Figure 3.20. Share of different transport modes for shopping 

 
Figure 3.21. Share of different transport modes for service 

 
Figure 3.22. Share of different transport modes for recreation 
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Figure 3.23. Share of different transport modes for pick up/drop off 

As can be seen, walk, bike, and car are dominant transport modes for all main 

activity categories. In addition, we can see the very low share of public transport for all 

categories. 60% of trips for work as main activity of the script have been made by car, 

and walk and bike have the similar percentage of around 14. For study, 59% of trips have 

been made by car, and 18% and 4% involves walking and biking, respectively. In case of 

study, bus and train show a higher percentage than bike. Shopping and service look 
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activity pick up/drop off have been made by car. This activity category also has the 

highest percentage of car as transport mode compared to other categories.  
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percentage originates from inside this area. These percentages are higher for Eindhoven 

compared to Rotterdam. 

  

  

  
Figure 3.24. Percentage of scripts based on location type for wok, study, and shopping activity 
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Figure 3.25. Percentage of scripts based on location for service, recreation, and pick up/drop off 

The composition of path types for different main activity categories of the script 

is shown in Figure 3.26. Results in this section will help us to understand how relevant 

the scripts are for our policy considerations.  
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Figure 3.26. Percent of the script with different path type based on main activity 
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Paths with one origin or destination inside the cordon area (in_out and out_in) are 

more likely to face some combination of all predefined policies. Therefore, these are 

more relevant for our analysis. 

For work, more than 40% of the scripts include a trip with an origin or destination 

inside the cordon area. For study, however, we can see just out_out and in_out path and 

the percentage of scripts with in_out path is more than 65%. In case of shopping and 

service, out_out and in_in paths are dominant. For shopping the percentage of scripts 

with out_out path is higher while, for service the percentage of in_in path is higher. The 

same situations are seen for recreation and pick up/drop off categories. Although for both 

categories the percentage of scripts with out_out path is higher than in_in path. 

5. SUMMARY AND CONCLUSION 

In this chapter, we explained the first application of our developed system, SINA, in the 

context of transportation pricing policies. Data was collected in July 2014 in both regions 

of Rotterdam and Eindhoven. Following are our key findings after the initial analysis of 

scrip-based activity-travel data. Firstly, we found that 91% of habitual activity-travel 

patterns or scripts were recorded as simple and only 9% were complex. This indicates 

that individual’s habitual activity-travel patterns are simple, and they rarely combine their 

habitual activities. In other words, habitual patterns are most likely simple pattern. 

Secondly, and more specifically, for all habitual activity categories, more than 90% of 

scripts were simple except for pick up/drop off category. This indicates individual are 

most likely to combine pick up/drop off activity with their other activities.  

Thirdly, work and recreation constitute almost 80% of all habitual activities, 

indicating these two categories of activity are more likely to be conducted habitually. 

After those, shopping is remarkable, although its percentage is almost half of work and 

recreation. Fourthly, 80% of habitual activity-travel patterns or scripts have been done by 

only one transport mode. This again indicates the simple patterns of habits. Fifthly, 

results demonstrate that car is the most popular transport mode for conducting all habitual 

activity categories with percentage of higher than 50% except for recreation. It seems for 

recreation walking is the most popular transport mode. After car, walking and biking are 

dominant used transport modes for all habitual activity categories. In contrast, very low 



 

93 

 

percentage of public transport for all categories indicates the unpopularity of this 

category of transport mode for conducting habitual activities. 

It should be noted that location and route were explored according to the goal of 

this study. However, recorded location and route information in our system, allows for 

exploration in any other perspective. In the next chapter we will discuss the results of the 

descriptive analysis for the second phase of the experiment which is adaptation. 
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CHAPTER 4 

Effects of the Exogenous Changes on Individual’ Habitual 

Activity-Travel Patterns: Descriptive Analysis of Stated 

Adaptation Data 

 

 
In this chapter, the focus of descriptive analysis will be on how respondents could deal 

with the complexity of task in the second phase of experiment which is adaptation phase. 

In one hand, we expect that changes in external factors like travel cost in our case, may 

change the utility that individuals derive from their activity-travel patterns or available 

budgets for their activities and this may induce them to reconsider their current repertoire. 

In other hand, however, they may stick to their current habitual patterns and may be 

reluctant to change or make big changes. Accordingly in the current chapter travel cost 

estimations in the adaptation phase is discussed, firstly. Then, the descriptive analysis of 

the adaptation part is presented in detail. This chapter is ended by summary and major 

findings. 
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1. TRAVEL COST ESTIMATIONS IN ADAPTATION PHASE  

As mentioned in chapter 2, SINA in the second phase of the experiment, the adaptation 

phase, calculates and presents the monthly travel costs for each respondent based on 

his/her recorded activity repertoire in the first phase. The system first introduces the 

scenario and then starts calculating travel costs. As also mentioned in chapter 2 each 

respondent faces three scenarios. Each includes the combination of kilometer charge (in 

all and ring roads), cordon charge, and parking. 

For each scenario, the travel costs are calculated and presented by the system in the 

three steps. The first two steps include calculation of monthly travel costs of the current 

repertoire before and after the introduction of each scenario (repertoires level). The last 

estimation, however, goes one step further and calculates and shows the monthly travel 

costs for each script in the respondents’ repertoires (scripts level). In the following these 

three steps are discussed in detail.  

1.1.  Monthly Travel Cost of the Current Repertoire before the Scenario   

In the first step of the calculation, total monthly travel cost of the reference situation is 

estimated and shown to each respondent. This cost includes parking cost and public 

transport fee and it is based on the costs that respondents entered for their trips in the first 

phase (this has been discussed in section 2.1 of chapter 2). Table 4.1 gives a summary of 

the current travel costs, aggregated to the level of the repertoire. 

Table 4.1. Current travel cost of the repertoire  

Region 
Public transport Cost 

(€/month) 

Parking cost 

(€/month) 

Total travel cost 

(€/month) 

Total 

Min 0 0 0 

Max 216 400 400 

Ave 5.75 16.751 22.50 

STDEV 24.42 49.40 56.55 

 

As table 4.1 shows the monthly public transport costs vary between 0-216 €. This 

indicates that some respondents never use public transport for conducting their habitual 

patterns, while other respondents use this mode frequently. The average of around 6 € per 

month and the standard deviation of 24 € demonstrate the existence of high variation. For 

parking, the maximum, average and standard deviation are higher. Compared to public 
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transport costs, the coefficient of variation (3) is smaller. The results for total monthly 

travel costs are similar. The coefficient of variation is 2.5. Figure 4.1 demonstrates how 

many respondents in the reference situation pay for the two mentioned costs for their 

habitual activity-travel patterns. Figure 4.2 shows the same information for the two 

regions, separately. 

 

 

Figure 4.1. Percentage of respondents who pay for parking and public transport costs in their 

current repertoires 

As Figure 4.1 shows, around 60% of the sample does not have public transport and 

parking cost in their current repertoires. However, the percentage of respondents without 

a public transport fee (88%) is higher than the percentage without parking cost (67%). As 

the majority of the sample does not pay for travel in their current situation, we can expect 

a shock-effect after introducing the scenarios. 

According to Figure 4.2, the percentage of respondents without parking cost and 

public transport cost is higher for Eindhoven compared to Rotterdam. This difference 

mostly comes from the public transport costs. 95% of the respondents in the Eindhoven 

region do not use public transport according to their habitual patterns. This percentage is 

around 10% lower for Rotterdam. The same situation can be seen in case of parking 

costs. 
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Figure 4.2. Percentage of respondents who pay for parking and public transport costs in their 

current repertoires 

1.2. Monthly Travel Cost of the Current Repertoire after Scenario  

The calculation of travel costs under the implementation of the scenarios includes cordon 

charge, kilometer charge (on all and ring roads), and parking charge. Based on the 

respondents’ repertoires recorded in the first phase, SINA estimates the monthly travel 

cost considering the introduced scenario (different level of charges in each scenario). 

Note that, although each scenario consists of all three defined policies (accumulated 

policies), each respondent faces a different situation (combinations of policies) based on 

his/her travel patterns. Table 4.2 gives a summary of the separated travel costs of the 

current repertoire after the implementation of scenario. 

For all three scenarios (this has been explained in section 2.2 of chapter 2), as Table 

4.2 shows, the maximum travel costs are caused by the parking charge. Kilometer charge 

on all roads and cordon charge have the second and third position. The average total cost 

caused by kilometer charge is higher than other costs for all three scenarios. As Table 4.2 

demonstrates, although the kilometer charge on ring roads constitutes the lowest share of 

travel cost, its coefficient of variation is higher compared to other costs for all scenarios. 

Figure 4.3 shows the percentage of respondents facing different pricing policies after the 

implementation of the scenarios. 
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Table 4.2. Statistical summary of separated travel costs after implementation of the scenarios  

(Note: SC1 refers to the first scenario, SC2 to the second, and SC3 to the last one) 

Scenario 
Cordon Charge 

(€/month) 

Kilometer charge 

(€/month) 
Parking Charge 

(€/month) 
Ring Roads All Roads 

SC1 

Min 0.00 0.00 0.27 0.00 

Max 378 220.49 485.66 576.30 

Ave 43.41 17.26 55.45 52.17 

STDEV 56.89 33.85 76.52 79.32 

Coefficient of variation 1.31 1.96 1.38 1.52 

SC2 

Min 0.00 0.00 0.38 0.00 

Max 535.50 322.32 648.10 743.27 

Ave 44.86 18.61 57.64 51.51 

STDEV 59.20 39.00 85.21 82.21 

Coefficient of variation 1.32 2.10 1.48 1.60 

 

SC3 

 

 

 

Min 0.00 0.00 0.33 0.00 

Max 357 270.09 907.34 830.53 

Ave 42.00 19.05 59.63 55.04 

STDEV 54.57 39.20 89.18 85.83 

Coefficient of variation 1.30 2.06 1.50 1.56 

 

 

 
Figure 4.3. Percentage of respondents who face and with different policy types after scenario 

application 

According to Figure 4.3, 75% face and therefore pay for cordon charge after 

implementation of that scenario. This percentage is lower for the kilometer-ring charge 
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policy (67%), and higher in case of parking charge (83%). All respondents face kilometer 

charge on all roads. Figure 4.4 shows the same information for both regions, separately. 

  
 

Figure 4.4. Percentage of respondents who face and don’t face with different policy types after 

scenario application 

The percentage of respondents who would experience cordon charge is higher for 

Rotterdam than for Eindhoven. In contrast, the percentage respondents facing a parking 

charge is higher in Eindhoven region compared to Rotterdam. The same situation can be 

observed for the kilometer charge policy. Table 4.3 gives information about the 

percentage respondents facing a combination of defined policies based on their current 

habitual activity-travel patterns. 

Table 4.3. Percentage of respondents who faced different combinations of policies 

Policy Combination Percentage 

Single-Policy 7.85% 

Two-Policy 12.79% 

Three-Policy 30.23% 

Four-Policy 49.13% 

 

Around 49% of the sample faces a combination of all defined policies in the 

experiment, while 30% face three policies based on their current habitual patterns. The 

lowest percentage is related to respondents, who faced a single-policy. Figure 4.5 
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provides detailed information about the percentage respondents faced with different 

combinations of policies.  

 
Figure 4.5. Percentage of respondents in different categories of policy combination 

The only single-policy that respondents face is the kilometer charge on all roads. As 

Figure 4.5 shows, the two-policy combinations are: kilometer charge on all roads and 

parking charge, kilometer charge on all roads and cordon charge, and kilometer charge on 

all roads and ring roads. Among these combinations, kilometer charge on all roads and 

parking charge has the highest percentage (6%), whereas kilometer charge on all roads 

and cordon charge has the lowest percentage (1.7%). Combinations of kilometer charge 

on all and ring roads with cordon charge and parking charge, and kilometer charge, 

parking charge, and cordon charge are observed three-policy combinations. Among these 

three-policy combinations, the percentage kilometer charge on all roads, parking charge 

and cordon charge is remarkable explain.  

Figures 4.6 and 4.7 show the comparison between the percentage of respondents 

facing a combination of defined policies for each regions separately. As Figures 4.6 

demonstrates, the Rotterdam region has higher percentage respondents who face single-

policy and two-policy combinations. However, the percentages respondents who will 

experience three-policy and four-policy combinations are slightly higher for the 

Eindhoven region. 

 

2.91% 
6.10% 

21.22% 

6.10% 
1.74% 

4.94% 
7.85% 

49.13% 

Policy Combination

CA+KMR+KMA KMA+KMR+P CA+KMA+P KMA+P

KMA+CA KMA+KMR KMA All Policies



 

101 

 

 
Figure 4.6. Comparison of the percentage of respondents who faced different combinations of 

policies for both regions 

 

 

 

 

Figure 4.7. Comparison of the percentage of respondents in different categories of policy 

combination for both regions 

 

In comparison of detailed policy combinations for two regions the difference in 

kilometer charge on all roads as single-policy (around 7%), and in three-policy 

combination of kilometer charge on all roads, cordon charge, and parking charge (around 

9%), are remarkable. In case of a single-policy or kilometer charge on all roads here, the 

comparison between the two regions indicates more respondents in the Eindhoven region 

travel to the predefined cordon area for conducting their habitual activity-travel patterns 

compared to the Rotterdam region. For three-policy combinations, the number of 

respondents who travel during off-peak hours to the predefined cordon area for 
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conducting their habits is higher for the Eindhoven region compared to the Rotterdam 

region. 

1.3. Monthly Travel Cost of the Adapted Repertoire  

After presenting the total monthly travel costs of the current repertoire before and after 

the scenarios, the system calculates and shows the travel costs for each script in the 

repertoire, and asks respondents to adapt if they want to. Travel costs for each script is 

estimated and shown for each policy, separately. This helps the respondents to know 

under which policy and how much the cost of the script has been increased.  If the change 

has been made by the respondent, the system updates the new script and its travel cost 

estimation. This process continues until the respondents feel satisfied about their adapted 

scripts and accordingly their new repertoires. Table 4.4 provides a summary of the 

calculated travel costs after the introduction of the scenario, and also the percentage 

decrease in travel costs after adaptation for each scenario, separately. 

Table 4.4. Statistical summary of the repertoire travel cost after scenario and percentage decrease 

in the repertoire travel cost after adaptation for each scenario 

Scenario 

Total travel cost of repertoire  

after scenario application 

(€/month) 

Percentage of decrease  

in travel cost after 

adaptation 

SC1  

Min 5.35 0.00 

Max 822.25 100.00 

Ave 168.35 22.63 

STDEV 151.31 32.82 

Coefficient of 

Variation 
0.90 1.45 

SC2  

Min 4.02 0.00 

Max 968.32 100.00 

Ave 171.11 18.80 

STDEV 159.92 31.57 

Coefficient of 

Variation 
0.93 1.69 

SC3 

Min 4.53 0.00 

Max 996.49 100.00 

Ave 174.69 18.13 

STDEV 168.37 31.42 

Coefficient of 

Variation 
0.96 1.73 
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According to Table 4.4, travel costs after the introduction of the first scenario  range 

between 5.35 and 822.25 with an average of 168 € per month. The coefficient of variation 

shows there is not that much variation around the mean. The percentage decrease in 

travel costs after adaptation under the first scenario ranges between 0% and 100% with an 

average of around 23%. Again, the coefficient of variation is not high. For the two other 

scenarios, the maximum and average travel costs are higher than for the first scenario, 

although the coefficients of variation are similar. Regarding the reduction, the averages 

are lower, although the coefficients of variation are higher than for the first scenario. 

A summary of changes in travel costs after adaptation at the script level is also 

given in Table 4.5. Note that the negative sign indicates decrease in costs and a positive 

sign shows a costs increase. 

Table 4.5. Summary of travel cost changes after adaptation on script level  

(Note that KMR indicates the part of kilometer charge relates to the ring roads and KMA indicates 

the kilometer charge on all roads) 

Policy Type Min Max Average STDEV 
Coefficient of 

Variation 

KMR cost (€/month) -163.96 15.47 -15.14 26.34 -1.74 

KMA cost (€/month) -144.13 51.41 -7.80 16.87 -2.16 

CA cost (€/month) -225.00 33.75 -24.26 27.37 -1.13 

P cost (€/month) -451.52 75.00 -1.94 16.94 -8.76 

Total cost (€/month) -562.78 61.51 -43.03 69.74 -1.62 

 

The first interesting point in this table is the increase in travel cost after adaptations 

on the script level. This is because of the fact that adaptation on the script level is quite 

different. Adaptation processes on this level allow respondents to reconsider their entire 

repertoire which includes all their habitual scripts. This means they can either decrease 

the travel cost for the scripts, or decrease travel cost in some and increase in others 

considering all possible adaptation options, as long as their total monthly travel cost for 

their repertoires decreases. Thus, the adaptation task is a kind of trade-off between all 

scripts that make up the entire repertoire. SINA helps respondents in this complex task by 

calculating the total travel cost for the entire repertoire after each modification, 
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comparing it with the current cost of the repertoire, and warning respondents for their 

mistakes. 

As Table 4.5 shows, the maximum decrease in cost on the script level relates to 

parking cost, while the minimum decrease can be seen for kilometer charge on all roads. 

Parking cost also has the maximum increase on the script level compared to other 

policies. The maximum average decrease, however, relates to cordon charge cost. After 

cordon charge, kilometer charge on the ring road has the highest average decrease. 

Parking charge has the lowest average decrease compared to other policies. The high 

coefficient of variation for this cost compared to other costs indicates the vast spread of 

data points around the mean for parking cost. In total, we can see a maximum decrease of 

563 € per month and also a maximum increase of 61 € per month with an average 43 € 

monthly decrease. Figure 4.8 demonstrates the percentage of increase and decrease in 

travel cost for all adapted scripts. 

 
Figure 4.8. Percentage of decrease and increase in travel cost for adapted scripts 

As can be seen in the figure, cordon and parking cost have the highest percentage 

decrease compared to other costs. Kilometer cost on all roads, however, has the highest 

percentage increase. This indicates that respondents decided to travel more by car in 

some scripts to compensate for the extra travel cost in other scripts and in their entire 

repertoire. Around 99% of the modified scripts, as the figure shows, a decrease in their 

total cost.  
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2. DESCRIPTIVE ANALYSIS OF ADAPTATION PHASE 

In this section, the results of the descriptive analyses of the adaptation part are presented 

in detail. Firstly, we look at the change on the repertoire level by introducing the 

Percentage of the Repertoire Adaptation (PRA). PRA can give us information about the 

percentage change in the entire body of respondents’ repertoires. Then, the effective 

policy combinations in repertoire adaptation are defined. After that we go one step deeper 

and explore the percentage change on the script level. This analysis gives us information 

about the percentage change in all scripts in our sample. In addition, it gives the 

percentage of simple and complex scripts among adapted ones. Similar to the repertoire 

level, effective policy combinations are determined on the script level as well. The 

composition of adaptation options on the script level is the last thing to explore in this 

section. 

2.1. Percentage of Repertoire Adaptation (PRA) 

Percentage of repertoire adaptation (PRA) is calculated based on the number of adapted 

scripts and the total number of the scripts in the defined three scenarios for each 

respondent. For illustration, assume a respondent with 4 different scripts in his repertoire. 

After the first scenario, he adapts one of his scripts. After the second scenario, he changes 

two of his scripts, and he decides not to change at all under the third scenario. This means 

that from the 12 possible chances of adaptation (4 scripts * 3 scenarios), this respondent 

just decided to adapt 3 scripts (1 under the first scenario + 2 under the second scenario). 

Thus, the PRA for this respondent is calculated by dividing 3 (the number of adapted 

scripts under all three scenarios) by 12 (the total number of scripts in the repertoire in all 

three scenarios). The PRA for this respondent is 25%. Table 4.6 shows the minimum, 

maximum, and standard deviation of the PRA in total and for each region, separately.  

As Table 4.6 shows, for the range of 3 to 69 scripts (1 to 23 scripts per scenario), 

the PRA has a range of 0-100 with an average of 13.07% The standard deviation of the 

PRA shows there is not that much variation around the mean. In case of Rotterdam and 

Eindhoven, the same range can be observed. However, the average for the Rotterdam 

region is lower than for the Eindhoven region. In contrast, the standard deviation of the 
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percentage of respondents who adapted their scripts is higher for Rotterdam compared to 

Eindhoven. Figure 4.9 shows the percentage of respondents based on their PRA. 

Table 4.6. Percentage of repertoire adaptation  

Region 
Total number of scripts 

(script/person) 
PRA (script/person) 

Total 

Min 3 0 

Max 69 100 

Ave 17.45 13.07 

STDEV 10.70 19.30 

Rotterdam 

Min 3 0 

Max 69 100 

Ave 17.78 12.79 

STDEV 10.79 19.56 

Eindhoven 

Min 3 0 

Max 48 100 

Ave 16.85 13.59 

STDEV 10.55 18.90 

 

 
Figure 4.9. Percentage of respondents based on their percentage of change 

In total, 54.55% of the respondents adapted their repertoires under exogenous 

changes, while 45.45% decided not to change (PRA=0). Among the ones who changed 
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their repertoire, almost 38% changed less than 30% and 12% changed between 30%-60% 

of their repertoire. Figure 4.10 shows the same information for each region, separately. 

  

Figure 4.10. Percentage of respondents based on their percentage of change for each region 

As Figure 4.10 shows, the percentage of change is higher for Eindhoven than for 

Rotterdam. The percentages respondents in both categories of less than 30% and between 

30%-60% are also higher in Eindhoven, while in two other categories Rotterdam has a 

higher percentage.  

2.2. Effective Policy Combinations in the Repertoire Adaptation  

Another important thing to explore is to what extent, the introduced accumulated pricing 

scenarios have been effective in stimulating respondents to change their current habitual 

travel patterns. Figure 4.11 shows the percentage change under different policy 
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Figure 4.11. Percentage of change under different policy combinations 

As Figure 4.11 demonstrates, the combination of all defined policies affects almost 

24% of the respondents. The share of a single policy and two policies triggering changes 

are 18% and 12%, respectively. Among single policies, kilometer charge seems to be the 

most effective policy and parking as a single policy is not effective at all. Cordon charge 

could also change respondents’ travel patterns to some extent. However, its percentage is 

remarkably low compared to the kilometer charge policy. In case of change under 

combinations of two policies, the combination of kilometer charge and parking seems to 

be the most effective combination. Around 44% of the respondents, who changed under a 

two-policy combination, have been affected by the combination of cordon charge and 

kilometer charge policies. As can be seen in Figure 4.11, no change is observed under the 

combination of cordon charge and parking. 
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The percentage of respondent’s change under each policy combinations for 

Rotterdam and Eindhoven can be seen in Figure 4.12. 

  

  

  
Figure 4.12. Percentage of change under different policy combinations for Rotterdam and 

Eindhoven regions 
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According to Figure 4.12, the percentage change under combination of all policies 

is the highest, and for two policies is the lowest for both regions. The percentage of 

change under each category of combinations is higher for Eindhoven compared to 

Rotterdam. In the Rotterdam region, kilometer charge seems to be the only effective 

single policy. However, in the Eindhoven case we can also see the effect of cordon 

charge although the percentage is remarkable low compared to the kilometer charge 

policy. In both regions, the combination of cordon charge and parking has not been 

effective. The most effective two-policy combination is the combination of kilometer 

charge and parking, and it seems to be more effective in the Eindhoven area. However, 

the combination of kilometer charge and cordon charge is more effective in the 

Rotterdam region compared to Eindhoven. 

2.3.  Percentage Script Adaptation (PSA) 

In this section, the focus of analysis is on the disaggregate script level in the adaptation 

phase. Figure 4.13 demonstrates the PSA under each scenario and in total.  

 
Figure 4.13. Percentage of adapted scripts (note that SC1 refers to the first scenario, SC2 to the 

second and SC3 to the last one) 

According to Figure 4.13, around 15% of the scripts were modified in response to 

the first scenario. This PSA decreases for the second and third scenarios. In total, under 

all three scenarios, only 11% of the scripts were modified. Figure 4.14 shows the 

percentage of simple and complex scripts. 

15.17% 9.93% 8.62% 11.24% 

84.83% 90.07% 91.38% 88.76% 

0%
10%
20%

30%
40%
50%

60%
70%
80%
90%

100%

SC1 SC2 SC3 Total

Modified Scripts Not Modified Scripts

Scenario 



 

111 

 

 
Figure 4.14. Percentage adapted complex and simple scripts  

Among the adapted scripts under the first scenario, around 13% is complex. The 

percentage modified complex scripts is 16% and 15% for the second and third scenarios, 

respectively.  

2.4. Effective Policy Combinations in the Script Adaptation  

In the previous section, we looked at the changes under policies or policy combinations 

on the repertoire level. In this section, we want to know which policy combinations could 

be effective on the script level. Figure 4.15 shows the percentage change under different 

policy combinations on the script level. 

 
Figure 4.15. Percent of change based on policy type for adapted scripts  

 As Figure 4.15 demonstrates, among single policies, there is no change under 

kilometer charge on ring roads at the script level. However, the highest percentage 

change can be seen for kilometer charge on all roads. Policy combinations of kilometer 
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charge on all roads and ring roads and kilometer charge on all roads and parking have the 

highest percentage of change on the script level. The combination of kilometer charge on 

all roads and cordon charge also could be effective, while there is no effect of 

combinations of kilometer charge on ring roads with cordon charge and parking charge.  

Regarding the combination of three policies, the combination of kilometer charge 

on all roads, cordon charge, and parking charge has the highest percentage of script 

change, while there is no effect of combination kilometer charge on ring roads, cordon 

charge, and parking charge. Note that percentage of script change under combinations of 

kilometer charge on all roads, cordon charge, and parking charge is remarkably higher 

than under other combinations of three policies and also among all combinations of 

policies. 

Generally at the script level, combinations of kilometer charge on all roads, cordon 

charge, and parking charge are the most effective. After that, the combination of all four 

policies, combination of kilometer charge on all roads and parking charge, and kilometer 

charge on all roads as a single policy have the highest effect on the script level. 

2.5. Composition of Adaptation Options in Script Adaptation 

Another interesting point to raise here is the composition of adaptation options for 

modified scripts. Considering the fact that no discrete adaptation list was provided for 

respondents and instead they had an open list of options to adapt their scripts, results in 

this part gives information about how they could deal with the complexity of the task in 

choosing proper adaptation options. In other words, how they could deal with the variety 

of different options to adapt under different scenarios. Table 4.7 shows the number of 

adapted scripts for different combinations of adaptation options under all three scenarios. 

According to the table, the number of chosen adaptation options has a range of 1 to 

7. However, most scripts have been modified by choosing a single or two options. The 

number of adapted scripts using a single adaptation option decreased from the first 

scenario to the third one. In contrast, the number of adapted scripts using two options is 

higher for the third scenario compared to the two other. 
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Table 4.7. Number of adapted scripts for different combinations of adaptation options 

Number of chosen 

adaptation options 

Number of adapted scripts 

SC1 SC2 SC3 

One 242 156 60 

Two 44 34 100 

Three 4 5 6 

Four 10 0 2 

Five 0 2 2 

Six 1 0 0 

Seven 0 0 1 

No Change 1683 1787 1825 

 

According to the table, the number of chosen adaptation options has a range of 1 to 

7. However, most scripts have been modified by choosing a single or two options. The 

number of adapted scripts using a single adaptation option decreased from the first 

scenario to the third one. In contrast, the number of adapted scripts using two options is 

higher for the third scenario compared to the two other. 

Another question is about which option has been the most popular adaptation 

option. As the single option and combination of two options have the highest percentage 

use, we look at the composition of options in these two categories only. Figure 4.16 

shows the number of adapted scripts for each single-adaptation option. Accordingly, 

changing the transport mode is the most popular adaptation option under all three 

scenarios. The number of scripts adapted by this option is remarkably higher than other 

options. Changing frequency of script, start time of the activity, and changing route seem 

to be other most used and therefore popular alternatives. Changing the day that the script 

is conducted cannot be neglected though. 
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Figure 4.16. Number of adapted scripts for each single-adaptation option 

Table 4.8 shows the number adapted scripts by different categories of two-option 

combination.  

Table 4.8. Number of adapted scripts for each double-adaptation option category 

Option Combination SC1 SC2 SC3 Total 

Frequency & Day 11 6 8 25 

Frequency & Start Time 1 1 1 3 

Frequency & Duration 1 0 0 1 

Frequency & Mode 1 3 0 4 

Frequency & Route 5 2 4 11 

Day & Start Time 0 1 1 2 

Day & Duration 1 0 0 1 

Day & Route 1 0 0 1 

Location & Mode 6 6 1 13 

Location & Route 1 2 1 4 

Start Time & Mode 3 0 0 3 

Start Time & Duration 2 2 0 4 

Start Time & Route 4 2 2 8 

Mode &  Duration 2 2 0 4 

Mode & Route 5 7 82 94 

Sum 44 34 100 178 
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The combination of frequency and day change seems to be the most chosen option 

among the two-option combinations, although the percentage decreases in the second and 

third scenarios. Mode and route change, and frequency and route change are other 

popular combinations. In case of mode and route change, its popularity increases 

dramatically in the last scenario compared to the first and second one. In general, we can 

see more varieties of chosen two-option combinations for the first scenario compared to 

others. 

3. SUMMARY AND CONCLUSIONS  

In this chapter, we focused on the descriptive analysis of the second phase of the 

experiment: the adaptation phase. More specifically, we were interested to know, to what 

extent respondents could deal with this task. Results showed that, more than half of the 

sample adapted their repertoires under exogenous changes. At the script level, however, 

only 11% of scripts were modified under all three scenarios. Complexity of the task at the 

script level and being reluctant to make big changes in their current habitual patterns can 

be the reasons for this low percentage. 

The descriptive analysis of stated adaptation data also showed that before the 

application of scenarios, the majority of the sample does not pay for the defined travel 

costs (parking and public transport fee) in their current repertoires. Therefore, we could 

expect the shock-effect of introducing the scenarios. After the application of the scenarios 

to respondents’ current repertoires, kilometer charge on all roads and parking policies 

caused the highest effect on respondents’ average travel cost. This indicates the high 

frequency of using the car and parking by our sample in the current situation.  

Regarding effectiveness of policies, combination of all defined policies as the most 

faced policy combination could succeed to affect almost 24% of respondents to 

reconsider their current habitual patterns. The percentage of change under other policies 

and their combinations is remarkably lower. At the script level, the percentage of 

modified scripts decreases from the first scenario (15.17%) to (8.62%) the last scenario. 

This decrease in response may be caused by the shock-effect of introducing the first 

scenario. Generally, on the script level, combinations of kilometer charge on all roads, 

cordon charge, and parking charge is the most effective combination. 
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Interestingly, travel cost trade-off between entire repertoires (between scripts) was 

observed which led to increasing travel costs in some scripts and decreasing costs in 

others in a way that the total cost of repertoires decreases. Cordon and parking cost had 

the highest percentage of travel cost decrease compared to other cost on the script level. 

Kilometer cost on all roads had the highest percentage travel cost increase on the script 

level showing that respondents decided to travel more by car in some scripts to 

compensate for the extra travel cost in other scripts and in their entire repertoire.  

The number of chosen adaptation options has a range from1 to 7. However, most 

scripts have been modified by choosing single and two options. Changing the transport 

mode as single-adaptation option is the most popular option under all three scenarios and 

the number of scripts adapted by this option is remarkably higher than other options 

In the next chapter, the framework of the dynamic activity-based model will be 

developed and results of model estimation will be presented and interpreted.  
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CHAPTER 5 

Specifications of a Dynamic Activity-Based Model and 

Estimated Models of the Stated Adaptation Data 

 

 
This chapter develops the framework of dynamic activity-based model and discusses the 

assumptions underlying that. The work on developing such activity-based model has 

already started and the main challenge so far has been to successfully predict context-

dependent routine travel behaviour, adaptations in this behaviour over time, and day-to-

day variation in activity-travel patterns. Thus we also try to deal with this challenge in 

our proposed dynamic model. Accordingly, in the first section of this chapter, we 

introduce our model and its underlying assumption. Then we explain about the estimation 

method of proposed model in this study.  In the next section the results of estimation are 

presented for each activity type, separately. Consistent to the previous chapters, we 

summarize the chapter and explain our key findings at the end. 
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1. GENERAL SPECIFICATION 

In this section, the theoretical framework and model for analysing the effects of pricing 

policies are described. The focus of analysis in this study concerns how individuals and 

households adapt to changes in travel costs that affect the way they organize daily 

activities and travel. As mentioned in chapter 2, our approach assumes that individuals 

and households learn to cope with their environment by developing routines that can be 

captured in terms of scripts. The total set of these scripts constitutes the activity-travel 

repertoire of individuals and households. They will implement their current repertoires of 

activities and trips until changes in their environment may trigger them to reconsider their 

current routines. In that case, they may explore new options and if those options meet 

particular minimum utility thresholds they may be added to the repertoire. Accordingly, a 

key assumption underlying our model is that activity repertoires evolve dynamically as a 

function of time-depending needs, history and the usual opportunities and constraints. 

In this section, we will specify the components of the dynamic model of activity-

travel demand. More specifically, the utility function of a script as a unit of the analysis 

will be introduced. Then, the budget constraints of time and money will be specified in 

the script choice behaviour. How an agent (individual or household) chooses a script to 

conduct under the utility maximization framework, is discussed finally. 

1.1. The Utility Function of a Script  

The satisfaction or utility of a script is assumed to consist of the utility of activity and the 

disutility of trip for conducting this activity. Thus, the utility of a script is defined as: 

𝑈𝑗 = 𝑈𝑗
𝐴 + 𝑈𝑗

𝑅  (5.1) 

where,  

j is an index of script 

𝑈𝑗
𝐴  is the utility of activity in script j 

𝑈𝑗
𝑅 is the utility of trip for conducting activity in script j 

 

1.1.1 Utility of an Activity in a Script 

The utility of an activity is assumed to be a function of activity related components used 

to specify the script (section 3.3 chapter 2) and it is defined as:  
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𝑈𝑗
𝐴 = (𝑣𝑗) ∙ 𝑓(𝑇𝑗

𝐴)     (5.2) 

and :  

 

𝑓(𝑇𝑗
𝐴) = {

ln (𝑇𝑗
𝐴)                      𝑇𝑗

𝐴 > 0

ln(𝑇𝑗
𝐴 + 1)             𝑇𝑗

𝐴 = 0
 

  (5.3) 

 

where, 

𝑈𝑗
𝐴          is the utility of activity in script j 

𝑣𝑗 is a base utility factor of activity in script j 

𝑇𝑗
𝐴  is the time spent on activity  in script j 

 

A natural logarithmic function of activity duration is assumed to represent the 

decreasing marginal utility of activity duration.  

The base utility is assumed to be a function of day of week (d), time of day (t), 

location of activity (l), and elapsed time or the time ago (in days) activity was conducted 

the last time (H). Considering these facets in the arguments of the function emphasizes 

that they are choice variables, i.e. they allow a choice at the moment when an individual 

has decided to put the activity on the agenda. The base utility factor can be modeled as: 

 

𝑣𝑗(𝑑, 𝑡, 𝑙, 𝐻) = ∑ 𝜃𝑗𝑠
𝑠

. 𝑋𝑗𝑙𝑠 + 𝜆𝑗𝑡 + 𝛾𝑗𝑑 + 𝜗𝑗 . 𝐻𝑗(𝑑) + 휀  (5.4) 

where 

𝑋𝑗𝑙𝑠 is attribute s of location l where the activity is conducted in script j 

𝜃𝑗𝑠  is a preference value for activity location attribute s in script j 

𝜆𝑗𝑡  is a preference for time-of-day t for activity  in script j 

𝛾𝑗𝑑 is a preference for day-of-the-week d for activity in script j 

𝐻𝑗  is the elapsed time or the time ago (in days) activity was conducted the last time 

in script j 

𝜗𝑗  is the increase in need for activity per day or the need-growth parameter in script 

j 

휀  is an error term  

 

Arentze and Timmermans (2009) developed a need-based model of multi-day, 

multi-person activity generation. This theoretical framework assumes that utilities of 

activities are a dynamic function of needs of individuals at person and household levels. 
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This study is based on their framework as the utility of an activity depends on the elapsed 

time or time ago activity was conducted for the last time. Substituting (5.4) in (5.2) gives: 

𝑈𝑗
𝐴 = (∑ 𝜃𝑗𝑠

𝑠
. 𝑋𝑗𝑙𝑠 + 𝜆𝑗𝑡 + 𝛾𝑗𝑑 + 𝜗𝑗. 𝐻𝑗(𝑑) + 휀 ) ∙ 𝑓(𝑇𝑗

𝐴) 
(5.5) 

 

As equation (5.5) shows, the utility of an activity is assumed to be a logarithmic 

function of the activity duration that may proportionally change as a function of day-of-

week (d), time-of-day (t),  location of activity (l), and elapsed time (H).  

1.1.2 Utility of a Trip in a Script 

The utility of trip for conducting the activity in the script is represented as: 

𝑈𝑗
𝑅(𝑑, 𝑡, 𝑚, 𝑙, 𝑇𝑅 ) = 𝜂𝑗

𝑚 + 𝜇𝑗
𝑚. 𝑇𝑗

𝑅(𝑑, 𝑡, 𝑚, 𝑙 ) + 휀𝑅 (5.6) 

where 

𝜂𝑗
𝑚          is an alternative specific base preference for mode m in script j 

𝜇𝑗
𝑚 is utility per unit travel time by mode m in script j 

𝑇𝑗
𝑅 is travel time of trip in script j 

휀𝑅          is an error term  

   

Rewriting equation (5.1) results in:  

 

 𝑣𝑗 ∙ ln(𝑇𝑗
𝐴) + 𝜂𝑗

𝑚 + 𝜂𝑗
𝑚. 𝑇𝑗

𝑅 + 휀𝑅 ,                      𝑇𝑗
𝐴

> 0  

𝑈𝑗 =   (5.7) 

  𝑣𝑗 ∙ 𝑙𝑛(𝑇𝑗
𝐴 + 1) + 𝜂𝑗

𝑚 + 𝜂𝑗
𝑚. 𝑇𝑗

𝑅 + 휀𝑅 ,              𝑇𝑗
𝐴

= 0  

 

The time spent for the script can be simply defined as duration of activity plus 

travel time (if there is any): 

𝑇𝑗(𝑑, 𝑡, 𝑚, 𝑙, 𝑇) = 𝑇𝑗
𝐴 + 𝑇𝑗

𝑅(𝑑, 𝑡, 𝑙, 𝑚),  

where, 

(5.8)  

𝑇𝑗 is the total time spent on script j 

𝑇𝑗
𝐴 is duration of the activity (excluding travel) in script j 

𝑇𝑗
𝑅  is the time spent on trip in script j 
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Similarly, the money spent on a script is assumed to be the summation of 

expenditures during conducting activity in a script and the cost of trip for conducting this 

activity: 

𝐸𝑗(𝑑, 𝑡, 𝑚, 𝑙) = 𝐸𝑗
𝑅(𝑑, 𝑡, 𝑚, 𝑙) + 𝐸𝑗

𝐴,  

where 

(5.9) 

 

𝐸𝑗 is the total money spent on script j 

𝐸𝑗
𝐴 is expenditure during conducting activity in script j 

𝐸𝑗
𝑅 is the costs of trip in script j 

 

Note that the expenditure during the activity is assumed to be zero as it is out of the 

scope of this study. So, the total money spent on script j is equal to the travel cost of that 

script. 

1.2. Budget Constraints and Script Choice Behaviour  

It is assumed that 𝐽𝑞 is the set of scripts that individual q conducts each month: 

𝐸𝑞 = ∑ 𝐸𝑗
𝑗∈𝐽𝑞

≤ 𝐵𝑞
𝐸                                      𝑞 = 1, … , 𝑞 (5.10) 

 

𝑇𝑞 = ∑ 𝑇𝑗
𝑗∈𝐽𝑞

≤ 𝐵𝑞
𝑇                                       𝑞 = 1, … , 𝑞 (5.11) 

 

where 

𝐸𝑞   is the total travel expense spent across scripts conducted for the needs of           

individual q 

𝑇𝑞  is the total duration across scripts conducted by individual q 

𝐵𝑞
E  is the travel expenditure budget available for individual 𝑞 per month 

𝐵𝑞
T  is available time for activities of individual 𝑞 per month 

 

Having introduced the utility function and budget constraints, now the question is 

how an agent (individual or household) chooses a script to conduct under the utility 

maximization framework. A script is added to the agenda of a particular day when utility 

is maximized subject to budget constraints.  

To take budget constraints for time and travel cost into account, conditions (5.12) 

and (5.13) should be met before a script is added to person𝑞’s agenda of a particular day: 
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𝑈𝑗(𝑑, 𝑡, 𝑚, 𝑙, 𝑇) > 𝜔𝑞
𝐸 . 𝐸𝑗(𝑑, 𝑡, 𝑚, 𝑙, 𝐸) 

(5.12) 

 

𝑈𝑗(𝑑, 𝑡, 𝑚, 𝑙, 𝑇) > 𝜔𝑞
𝑇 . 𝑇𝑗(𝑑, 𝑡, 𝑚, 𝑙, 𝑇) (5.13) 

where,  

𝜔𝑞
𝐸  is the utility per unit money from budget 𝑞 when spent in another way 

(opportunity costs for  money) 

𝜔𝑞
𝑇   is the utility per unit time for person 𝑞 when spent in another way   (opportunity 

costs for time)  

 

This indicates that the time and money spent on the chosen script produce higher 

utilities than time and money spent on any other way. They can also be considered as a 

threshold value, which is not a priori known by the individual. When a threshold is set 

too low, the corresponding budget will be exceeded and when set too high the 

corresponding budget will not be fully used. The utility can be increased by spending the 

remaining budget. Each condition is necessary and together the conditions are sufficient. 

Thus, 𝜔T and 𝜔E are thresholds in terms of the utility a script should produce for a 

particular activity per unit of the resource spent. Rational behaviour means that for a 

particular activity, a script is put on the agenda of a day of person 𝑞 only if a solution 

exists for the maximization of Eq. (5.7). 

The maximization refers to alternative scripts for a particular activity. A further 

requirement is that for this script of that activity the threshold conditions (Eq. (5.12) and 

Eq. (5.13)) should be met. Thus the best possible script for a particular activity in a 

particular day is the specification of d, t, m, l, T that maximizes the utility and meets these 

constraints. This behaviour is rational because it results in an approximately maximum 

utility the individual can derive from his or her activity repertoire in the long run. 

2. ESTIMATING THE ACTIVITY CHOICE MODEL 

The MNL model is used as a framework to estimate the utility functions derived in the 

previous section. In the MNL model the choice set consists of all possible scripts for the 

considered activity type plus not implementing the script on the observed day (no choice 

or base alternative). In principle, therefore, put the threshold functions (opportunity costs 

for time and the opportunity costs for money) appear as the utility of the no choice 

option. However, the time threshold was not included in the final model because of high 
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correlation between this variable, which was defined as total time spent on the script (Eq. 

5.8), activity duration, and travel time variables. Therefore, it was not possible to estimate 

all in one function. For the cost threshold, which was defined as travel cost in the current 

study (Eq. 5.8), the total cost was split for each policy. In this way, we could better 

explore the effects of different pricing costs on the utility of the script. Accordingly, main 

and interaction effects of different pricing policies were also considered in our utility 

function as the utility for the no choice option.  

 For each respondent, we used all recorded scripts in the first and second phase of 

the experiment for each activity type as choice alternatives. To estimate the model, the 

data set was reconstructed in a monthly framework. This means that for each respondent 

in our sample, a monthly framework of 28 days (4 weeks) was constructed. Note that this 

monthly framework is considered for each activity type, separately. Then, for each day 

and activity type, all recorded scripts for that activity of each respondent are assumed to 

be possible choice alternatives of that respondent. Thus, for each activity type, the 

observed person-based choice set is repeated 28 times for each respondent. Then, using 

the recorded day/s and frequency of conducted scripts for each respondent, the chosen 

option (script) for each day is specified. However, generating the exact choice set in the 

monthly framework is only possible if for each recorded script if the script is executed 4 

times/month. If not, we randomly specified the chosen options in the monthly framework. 

For example, assume a script with a frequency of 3 times per month, which is usually 

being executed just on Monday. A monthly framework includes 4 Mondays. So, we do 

not exactly know on which Monday of a month this script is not executed. In these cases, 

we randomly distributed the script across three Mondays within the monthly framework. 

Accordingly, each day of the week in this framework constitutes an observation for 

estimation. 

Estimation such a choice model in the existing structure of collected data is also 

complicated. The example below makes the estimation method clear. Assume for ease of 

presentation a simplified case where the script has just two attributes –Location and 

Mode– and where there are just two alternatives for each attribute.  Let: 

L  be the existing location choice 

L^  be the alternative 

M  be the existing mode choice 

M^ be the alternative 
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For any given day, the total list of possible choices can be represented by the 

following tree (Figure 5.1): 

 0   p0 q0 

 1  L  M p11 q11 

   M^ p12 q12 

   L^  M p21 q21 

   M^ p22 q22 

 Figure 5.1. Example of possible choices 

The first row shows the choice of not conducting the script on the day considered. 

The remaining rows show the choice alternatives given that the activity is conducted as 

the tree of all possible profiles. p and q represent choice probabilities before the scenario 

and after the scenario respectively (p = 1 and q = 1). Conceptually, this way of 

representing the choice problem is straightforward. When the activity is conducted more 

often as a consequence of the scenario then q0 > p0 and when the activity is conducted 

less often, then q0 < p0. A reluctance to change an existing habit can be captured in the 

model by including a dummy variable as independent variable indicating whether or not 

the profile is an existing habit.  

Assume as an example, the following script for an activity (in a before or an after 

situation) as shown in Table 5.1: 

Table 5.1. Example of script for an activity in weekly framework 

Day Conducted Elapsed days (days ago) Script 

Sunday 1 4 LM 

Monday 0 1  

Tuesday 0 2  

Wednesday 1 3 LM 

Thursday 0 1  

Friday 0 2  

Saturday 0 3  
 

Note that the “Elapsed days” follows the pattern in the “Conducted” column. Each 

day of the week constitutes an observation and we have this set of observations in the 

before and the after case. Assume for example the following modified script in the after 

case in The Table 5.2: 
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Table 5.2. Example of modified script after adaptation 

Day Conducted Elapsed day Profile 

Sunday 0 4  

Monday 0 5  

Tuesday 0 6  

Wednesday 1 7 L^M 

Thursday 0 1  

Friday 0 2  

Saturday 0 3  

 

The individual has skipped the activity on Sunday and changes the location of the 

activity on Wednesday. The total set of observations we have for this individual in this 

example is (A1– A5 is the choice set and Ch is the chosen alternative (script) from the 

choice set) in Tables 5.3 and 5.4: 

Table 5.3. Example of choice set for before adaptation 

Day Do Elapsed day A1 A2 A3 A4 A5 Ch 

Sunday 1 4 0 LM LM^ L^M L^M^ 2 

Monday 0 1 0 LM LM^ L^M L^M^ 1 

Tuesday 0 2 0 LM LM^ L^M L^M^ 1 

Wednesday 1 3 0 LM LM^ L^M L^M^ 2 

Thursday 0 1 0 LM LM^ L^M L^M^ 1 

Friday 0 2 0 LM LM^ L^M L^M^ 1 

Saturday 0 3 0 LM LM^ L^M L^M^ 1 

 

Table 5.4. Example of choice set for after adaptation 

Day Do Elapsed day A1 A2 A3 A4 A5 Ch 

Sunday 1 4 0 LM LM^ L^M L^M^ 1 

Monday 0 1 0 LM LM^ L^M L^M^ 1 

Tuesday 0 2 0 LM LM^ L^M L^M^ 1 

Wednesday 1 3 0 LM LM^ L^M L^M^ 4 

Thursday 0 1 0 LM LM^ L^M L^M^ 1 

Friday 0 2 0 LM LM^ L^M L^M^ 1 

Saturday 0 3 0 LM LM^ L^M L^M^ 1 
 

We can estimate the model in a single run based on this total set of observations 

(before and after pooled). However, combinatory explosion of choice sets is a problem of 

this approach. In this simplified case, there are only two 2-level attributes and hence only 

4 choice alternatives when the script is conducted. In our study, we have more attributes 
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and more levels per attribute. The tree then becomes too large to handle.  Therefore, we 

assumed that the choice set for each individual in the after as well as before situation is 

the observed choices or scripts provided in the current situation and after adaptation. As 

these constructed choice sets may deviate from true choice sets, the parameter estimates 

may be biased. However, we argue that these habitual patterns and their alternatives 

constitute the most likely options an individual could consider for conducting an activity.  

Eventually using the MNL model, a separate dynamic model was estimated for 

three aggregated activity categories. These categories are: (i) mandatory; (ii) 

maintenance, and (iii) discretionary. Table 5.5 shows the percentage of conducted scripts 

for each activity category. 

Table 5.5. Percentage of conducted scripts for each activity category 
Aggregate activity 

category 
Disaggregate activity category 

Percentage of conducted 

scripts 

Mandatory 
Work 

Full-time work 

40.45 
40.76 

Part-time work 

Volunteering work 

Study - 0.31 

Maintenance 

Shopping 
Grocery shopping 

16.13 

23.15 

Non-daily shopping 

Service 

Going to bank 

2.02 
Going to post office 

Going to hair dresser  

Health care 

Pick up/Drop 

off 

Pick up family/friends 
5.00 

Drop off family/friends 

Recreation 

Leisure, Social  

& 

Recreation 

Out dining 

- 36.09 

Cinema/ theater/park 

Bar, café, disco 

Museum 

Concert, show 

Visiting family/friends 

Club 

Jogging/ Walking 

Sports 

Cycling 

 

Estimation was done using NLOGIT 5.0.  In the following section we present the 

results of estimated functions for each activity category, separately. 
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3. RESULTS 

As mentioned above the same utility function was assumed to estimate individuals’ 

preferences for different activity categories.  It should be noted that the activity location 

inside or outside the defined cordon area, as an attribute of location, was coded as a 

dummy variable to estimate the base utility of an activity. So, we didn’t use other 

attributes of location. The effect of current situation or a reluctance to change an existing 

habit, as mentioned before, was also estimated using a dummy variable indicating 

whether or not the profile is an existing habit. In addition type of script (simple or 

complex) was also added to the utility function, in a similar way, to show the tendency of 

respondents in making combination of activities is a script rather than a simple pattern.  

Another important point to mention before going to the results is about the effects 

of history. After the first estimation, it turned out that the effects of history were not as 

theoretically expected.  Interestingly, many choices occurred at strict intervals of 7-14-21 

days or at 14-days intervals. This implies that such temporal patterns/rhythms prevail in 

the organization of daily habitual activities. Therefore, to capture such effects, a week 

pattern effect is assumed. This variable coded as one if the estimated elapsed day of a 

script is 7, 14, 21, and 0 otherwise.  The subsections below discuss the estimated utility 

functions for scripts with Mandatory, maintenance and discretionary main activities, 

separately. 

3.1. Estimation Results for Mandatory Activities  

Table 5.6 shows the estimated model for scripts with main mandatory activities (work 

and study). It shows that the goodness-of-fit of the model in terms of Rho-square is 0.49. 

The p-value for all parameters is less than 0.05, except for the base preference of biking, 

and parking cost. Thus, the mean of each parameter is statically different from zero. 

Effect coding was used to consider the effects of our categorical variables. The estimated 

significant constant indicates that the utility of our base alternative or not implementing 

the script on the observed day is positive in scripts with work activity.  

Figure 5.2 shows how the preference of day for executing mandatory activities 

affects the utility of mandatory (work) script.  In other words, how utility of mandatory 
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script which is a function of activity duration (Eq. (5.7)) changes proportionally by 

different base preferences for day-of-the-week. 

Table 5.6. The estimated utility function of scrip for mandatory activities 

Variable Description Coefficient SE z p-value 

Constant  
Utility of the base alternative 

(no choice) 
0.308 0.05100 6.040 0.0000 

Day of the week 

preference 
𝛾𝑑 

Monday 0.250 0.00543 46.15 0.0000 

Tuesday 0.213 0.00525 40.61 0.0000 

Wednesday 0.127 0.00495 25.68 0.0000 

Thursday 0.182 0.00516 35.35 0.0000 

Friday 0.070 0.00486 14.33 0.0000 

Saturday -0.402 0.00706 -56.91 0.0000 

Time of day 

preference 
𝜆𝑡 

Before morning peak -0.111 0.01492 -7.47 0.0000 

Morning peak 0.105 0.00532 19.79 0.0000 

Cordon peak 0.045 0.0603 7.44 0.0000 

Afternoon peak 0.088 0.00970 8.98 0.0000 

Elapsed day 𝐻 - -0.057 0.00181 -31.53 0.0000 

Weekly pattern 𝜑 - 0.681 0.02310 29.49 0.0000 

Base preference 

of mode 
𝜂𝑚 

Bike -0.021 0.07841 -0.27 0.8734 

Car -0.246 0.04245 -5.79 0.0001 

Walking 0.140 0.03500 3.62 0.0003 

Travel time 𝑇𝑅 

Bike -0.0038 0.00048 -7.94 0.0000 

Car -0.001 0.00047 -2.96 0.0030 

Public  transport -0.0045 0.00101 -4.47 0.0000 

Walking -0.0016 0.00063 -2.61 0.0091 

Location LOC Inside the cordon area -0.0180 0.00239 -7.53 0.0000 

Current situation SC0 Existing script 0.0423 0.01651 2.56 0.0104 

Script type ST Complex script -1.3624 0.03295 -41.35 0.0000 

Parking cost CP Monthly script cost -0.00105 0.00060 -1.76 0.0783 

Kilometer charge 

cost - All roads 
CKLA Monthly script cost -0.00385 0.00059 -6.57 0.0000 

Kilometer charge 

cost -Ring roads 
CKLR Monthly script cost -0.00344 0.00136 -2.53 0.0113 

Cordon cost CC Monthly script cost -0.00796 0.00099 -8.01 0.0000 

Public transport 

fee 
CPT Monthly script cost -0.00340 0.00083 -4.01 0.0001 
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Figure 5.2. The preference of day-of-week for conducting mandatory activities 

Conducting a habitual work activity on usual working days (Monday to Friday) 

increases the base utility of work script. In contrast, conducting work on Saturday and 

Sunday decreases the base utility. This indicates that respondents have higher tendency 

for work scripts that are executed on weekdays rather than weekend days. Therefore, 

scripts that are conducted on working days have positive utility and the ones that are 

conducted on weekend days have negative utility. Among working days, Monday has the 

highest and Friday has the lowest base preferences. For the weekend days, Sunday has 

lower utility compared to Saturday. Figure 5.3 represents the same results in terms of 

base preferences of time-of-day for performing work activity. 

 

Figure 5.3. Base preference of time-of-day for conducting mandatory activities 

 

The utility of scripts for conducting work increases with increasing duration, if 

these scripts are performed between 6:00 am to 6:00 pm, which is the regular working 

hours’ time span. In contrast, the logarithmic function of activity duration decreases for 
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work scripts in the time span before 6:00 in the morning and after 6:00 in the evening. 

The disutility of work scripts in late evening (after 6:00 pm) is slightly higher compared 

to the early morning (before 6:00 am).  

As the elapsed day or the number of days ago the work activity was conducted for 

the last time increases, the base utility of conducting this activity decreases (the need-

growth parameter is negative). In other words, the shorter the interval is, the higher the 

utility of mandatory scripts. As mentioned before this is not what theory expects. 

Therefore we tried to capture the week pattern effects. The estimated coefficient of the 

week pattern variable has a significant positive effect on the mandatory script’s utility 

indicating that the script for conducting mandatory activity in a specific day has a higher 

utility if it would be repeated every week. Regarding location, results show that the 

preference is negative if the work location is inside the defined cordon area (inside ring 

of Eindhoven and Rotterdam) and therefore is positive otherwise. 

Four transport mode categories were considered to estimate the effect of the 

transport mode: (i), bike; (ii) car; (iii) walking, and (iv) multimodal. It should be noted 

that there was no mandatory script with public transport as the single mode in our data 

set. Therefore, it is not included in the above categories of transport mode. Except for 

biking, all estimated coefficients for the transport mode base preference are significant at 

the 5% confidence level. Figure 5.4 shows the base preference for different mode 

categories in work scripts. 

 
Figure 5.4. The base preference for different mode categories in script for conducting work activity 

According to Figure 5.4, in terms of the base preference, car has the highest 

disutility and in contrast, walking shows the highest positive utility. In other studies, 

however, car has generally the highest base preference. The utility of a multimodal trip, 
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which is mostly the combination of car with other mode categories, is also positive but 

slightly lower than walking. This also indicates that combination of car with other 

transport mode specially walking is more preferable than car only. 

The utility of mandatory scripts decreases linearly with increasing travel time. 

Figure 5.5 shows the effect of travel time for different transport modes. Travel time by 

bicycle and public transport has the highest disutility and walking and car travel time 

have the lowest disutility for performing habitual work activity. 

 

 
Figure 5.5. The effect of travel time for different transport modes  

 Estimated coefficient for effect of current situation or reluctant to change, also 

indicates the strong effect of current situation on utility of work scripts. This means 

utility of work script increases if it is a current one and decreases if it is a modified or 

new one. In other words, respondents are reluctant to change their current habitual work 

scripts. For script type (simple or complex), result shows that conducting complex work 

script in a specific day has a negative utility compared to conducting the simple one. In 

other words, respondents are reluctant to combine their habitual work activity with other 

activities and make a complex pattern. 

The main effect of different pricing schemes plus public transport fee was captured 

assuming a linear function. For work scripts, we could not estimate any significant 

interaction effects. Figure 5.6 represents the main effects of different pricing schemes on 

the work script’s utility. As Figure 5.6 demonstrates, the highest and lowest disutility can 

be seen for cordon charge and parking cost respectively. However the estimated 

coefficient for parking cost is not significant. Note that the disutility of cordon cost is 

remarkably higher than other charges. The disutility of kilometer charge in all roads is 

slightly higher than this policy on ring roads only. The disutility of public transport fee is 
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almost the same as kilometer charge on ring roads, although there is no pricing policy for 

public transport in our study.  

 
Figure 5.6. Main effect of different pricing schemes plus public transport fee on work scrip 

3.2. Estimation Results for Maintenance Activities 

Table 5.7 represents the estimated utility function for scripts with maintenance activities. 

The maintenance category as Table 5.5 shows contains: shopping, service, and pick 

up/drop off activities. The percentage of shopping (daily and non-daily) is remarkably 

higher. Thus, the result in this part mostly refers to shopping as the main activity of the 

script. In addition, almost 90% of the shopping activities in our date base refer to daily 

grocery shopping. 

The estimated model is statistically significant with Adj_Rho
2
=0.5222. As Table 5.7 

shows all estimated variables of the base utility factor of activity formulated in Eq. (5.4) 

are significant (95%), except the base preference of executing shopping activity on 

Wednesday, the base preference for time span on before 6:00 am. Regarding the utility of 

trip, all considered variables formulated in Eq. (5.6) are at 5% significance level, except 

the base preference for car as transport mode. We also couldn’t estimate any significant 

effects for the parking cost and the kilometer charge on ring roads.  

As Table 5.7 demonstrates the utility of executing maintenance scripts (shopping 

here) increases from Monday to Friday with a maximum on Friday. This utility 

decreases, however, from Friday to Saturday and gets even negative on Sunday. As 

mentioned, result for Wednesday is inconclusive. Figure 5.7 shows how utility of the 

shopping script as a function of activity duration, changes by different base preferences 

for day-of-week.  
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Table 5.7. The estimated utility function of maintenance scripts 

Variable Description Coefficient S E z p-value 

Constant  

Utility of the base 

alternative (not 
change) 

1.326 0.04237 31.30 0.0000 

Day of the week 
preference 

𝛾𝑑 

Monday 0.0380 0.00747 5.10 0.0000 

Tuesday 0.05923 0.00724 8.18 0.0000 

Wednesday -0.00673 0.00785 -0.86 0.3909 

Thursday 0.0872 0.00715 12.20 0.0000 

Friday 0.0961 0.00702 13.69 0.0000 

Saturday 0.01694 0.00748 2.62 0.0236 

Time of day 

preference 
𝜆𝑡 

Before morning 
peak 

0.03837 0.02611 1.47 0.1418 

Morning peak 0.0306 0.01195 2.56 0.0104 

Cordon peak -0.1264 0.00761 -16.61 0.0000 

Afternoon peak 0.0377 0.00902 4.18 0.0000 

Elapsed day 𝐻 - -0.0315 0.00087 -36.46 0.0000 

Weekly pattern 𝜑 - 0.905 0.01070 84.61 0.0000 

Base preference of 

mode 
𝜂𝑚 

Bike -0.2934 0.09648 -3.04 0.0024 

Car 0.0745 0.04320 1.72 0.0847 

Walking 0.2806 0.09325 8.28 0.0000 

Travel time 𝑇𝑅 

Bike -0.01278 0.00117 -10.91 0.0000 

Car -0.00519 0.00076 -6.86 0.0000 

Public  transport -0.00396 0.00144 -2.74 0.0061 

Walking -0.00401 0.00178 -2.26 0.0240 

Location LOC 
Inside the cordon 

area 
-0.00844 0.00347 -2.43 0.0149 

Current situation SC0 Existing script 0.13185 0.01486 8.88 0.00000 

Script type ST Complex script -0.1646 0.03996 -4.12 0.00000 

Parking cost CP 
Monthly script 

cost 
-0.0026 0.00528 -0.49 0.6250 

Kilometer charge cost 

- All roads 
CKLA 

Monthly script 

cost 
-0.03047 0.00465 -6.56 0.0000 

Kilometer charge cost 

–Ring roads 
CKLR 

Monthly script 

cost 
-0.09445 0.04147 -2.28 0.0227 

Cordon cost CC 
Monthly script 

cost 
-0.03992 0.00428 -9.32 0.0000 

Public transport fee CPT 
Monthly script 

cost 
-0.34281 0.04842 -7.08 0.0000 

Interaction of 

kilometer charge in all 
roads and ring roads 

CKR 
Monthly script 

cost 
-0.01401 0.00576 -2.43 0.0150 

Interaction of 

kilometer charge all 
roads and  parking 

CKP 
Monthly script 

cost 
0.00741 0.00096 7.74 0.0000 
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Figure 5.7. Base preference of day-of-week for shopping script 

As can be seen in the above figure, Thursday and Friday have the highest utility 

compared to other days of the week. As Figure 5.7 shows, especially Friday has the 

highest utility for shopping because of longer opening hours of stores. Figure 5.8 shows 

the preferences of time for conducting shopping script. 

 

 
Figure 5.8. Base preference of time-of-day for shopping script 

For the main activity of shopping, utility of scripts as a function of the activity 

duration is highly decreases if this activity is being executed between 9am to 3pm which 

is regular working hours. For other time spans, however, this utility increases. Note that 

for time span of before 6 am result is not significant.  
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The estimated results regarding the elapsed day and weekly pattern are as the same 

as the results for mandatory script. Thus, we should repeat again that the shorter the 

interval is, the higher the number of executed maintenance scripts. Similar to the 

mandatory script, the estimated coefficient of the weekly pattern variable has the 

significant positive effect on the shopping script’s utility. For the location, results show 

that similar to mandatory scripts, travelling inside the predefined cordon area for 

executing the shopping activity is negative. Compared to the work, the amount of 

disutility is quite the same. Figure 5.9 shows base preferences of the different mode 

categories for conducting shopping activity. 

 

 
Figure 5.9. The base preferences of different modes for shopping activity 

According to the above figure, the base preferences for the travelling by bike and 

multimodal categories are negative while it is positive for other categories. It should be 

mentioned that although the base preference for walking is larger in this activity type, 

still car is the most preferable transport mode. Note that like mandatory activities, there 

was no single mode trip by public transport. The highest disutility for the base preference 

of mode can be seen for bike trips, and the highest utility can be seen for walking trips.  

The utility of shopping scripts decreases linearly by increasing travel time for all 

mode categories. Figure 5.10 shows the effect of the travel time for different transport 

modes. According to Figure 5.10, the disutility of travel time by bike is remarkably 

higher than other modes. 
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Figure 5.10. The effect of travel time for different transport modes  

Again, the estimated coefficient for the effect of current situation or reluctant to 

change indicates the strong effect of the current situation on the utility of habitual 

shopping scripts. Effect of the script type is quite similar to the mandatory script. 

Executing the complex shopping script has the negative utility compared to executing the 

simple one.  

Similar to mandatory scripts, the main effect of different pricing schemes plus 

public transport fee was captured assuming linear function. For script with shopping 

activity, we could also estimate significant interaction effects between different policies. 

Figure 5.11 demonstrates the main effects of different pricing scheme on shopping 

script’s utility. Note that results for parking cost are not conclusive. 

 

 
Figure 5.11. Main effect of different pricing schemes plus public transport fee on shopping scrip 
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The highest and lowest disutility relates to the kilometer charge on the ring roads, and the 

kilometer charge on all roads respectively. The disutility of the public transport fee, 

however, is remarkably higher than other costs in this case. 

Interactions between the kilometer charge on all roads and ring roads, and also 

between the kilometer charge on all roads and the parking cost affect the utility of 

shopping scripts. The first interaction is negative while the latter one is positive. This 

implies that the disutility of the kilometer charge on all roads and ring roads charges 

increases if respondents face them together as the combination of policies. However, the 

combination of the kilometer charge on all roads and the parking cost decrease the 

negative main effects of these policies. 

3.3. Estimation Results for Discretionary Activities 

Table 5.8 shows the estimated model for scripts with discretionary activities. This 

category as Table 5.5 shows covers a wide range of activities and this makes the 

interpretation difficult for this category. The goodness-of-fit of the model in terms of 

Rho-square relative to the null-model is 0.401. The p-values for all parameters of the base 

preference of the day are more than alpha 0.05 except for Thursday and Friday. Other 

parameters estimates are also significant at the significance level of 5% except the base 

preference for car, the current situation effect, the parking cost, and the public transport 

fee. 

According to Table 5.8, the base utility of executing leisure, social, and recreation 

activities decreases if these activities are being conducted on Monday and Tuesday. In 

contrast it increases for Wednesday and weekend days. For Thursday and Friday, as 

mentioned, we couldn’t get significant results. Figure 5.12 demonstrates the changes on 

logarithmic function of the activity duration caused by the base preference of different 

day-of- week for discretionary scripts. 
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Table 5.8. The estimated utility function of discretionary script 

Variable Description Coefficient SE z p-value 

Constant  

Utility of the base 

alternative (not 

choice) 

-1.551 0.08195 -18.93 0.0000 

Day of the week 

preference 
𝛾𝑑 

Monday -0.04679 0.00708 -6.61 0.0000 

Tuesday -0.01364 0.00695 -1.96 0.0499 

Wednesday 0.01478 0.00687 2.15 0.0314 

Thursday -0.00659 0.00696 -0.95 0.3440 

Friday 0.00028 0.00668 0.04 0.9671 

Saturday 0.04069 0.00661 6.16 0.0000 

Time of day 

preference 
𝜆𝑡 

Before morning 

peak 

0.0052 

 
0.00071 5.01 0.0000 

Morning peak -0.3993 0.01679 -23.78 0.0000 

Cordon peak -0.5751 0.01407 -40.87 0.0000 

Afternoon peak -0.54290 0.01493 -36.37 0.0000 

Elapsed day 𝐻 - -0.01995 0.00060 -33.04 0.0000 

Weekly pattern 𝜑 - 0.65096 0.00681 95.59 0.0000 

Base preference of 

mode 

𝜂𝑚 

Bike 0.82160 0.07446 11.03 0.0000 

Car -0.04330 0.06873 -0.63 0.5287 

Public transport -0.76819 0.21516 -4.79 0.0000 

 Walking 0.2002 0.00449 45.02 0.0000 

Travel time 𝑇𝑅 

Bike -0.00328 0.00068 -4.11 0.0000 

Car -0.00985 0.00070 -13.07 0.0000 

Public  transport -0.00296 0.00071 -4.17 0.0000 

Walking -0.00985 0.00140 -7.05 0.0000 

Location LOC 
Inside the cordon 

area 
-0.02684 0.00264 -10.17 0.0000 

Current situation SC0 Existing script -0.00310 0.01516 -0.20 0.8377 

Script type ST Complex script -0.62418 0.06015 -10.38 0.0000 

Parking cost CP 
Monthly script 

cost 
-0.00444 0.00439 -1.04 0.3004 

Kilometer charge 

cost - All roads 
CKLA 

Monthly script 

cost 
-0.08213 0.00989 -8.31 0.0000 

Kilometer charge 

cost –Ring roads 
CKLR 

Monthly script 

cost 
-0.66318 0.10057 -6.59 0.0000 

Cordon cost CC 
Monthly script 

cost 
-0.06403 0.00912 -7.02 0.0000 

Public transport fee CPT 
Monthly script 

cost 
-0.00736 0.01620 -0.45 0.6498 

Interaction of 

kilometer charge in 

all roads and ring 

roads 

CKR 
Monthly script 

cost 
0.04314 0.00851 5.07 0.0000 

Interaction of 

kilometer charge all 

roads and  parking 

CKP 
Monthly script 

cost 
0.00149 0.00032 4.70 0.0000 
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. 

 
Figure 5.12. Base preference of day-of -week for discretionary script 

As can be seen, Monday has the highest disutility of executing discretionary 

activities. This disutility is, however, lower for Tuesday compared to Monday. Executing 

this script type on Wednesday, Saturday, and Sunday seems to have the positive utility. 

The highest utility can be seen on Saturday though. Thursday and Friday results are 

inconclusive.  

For the time of day, as Figure 5.13 demonstrates, executing discretionary activities 

at time span of after 6:00 pm has the highest utility compared to other times of the day. 

Utility of executing discretionary scripts during the working hours according to Figure 

5.13 is negative though. 

 
Figure 5.13. Base preference of time-of-day for discretionary script 
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Similar to the mandatory and maintenance scripts, same effects were captured for 

the elapsed day and weekly pattern effect. Figure 5.14 shows the base preference of 

different mode categories for discretionary script. The base utility is negative for trips by 

public transport and multimodal, and positive for walking and biking. For car, as 

mentioned before, the estimated coefficient is not significant. 

 

 
 

Figure 5.14. The base preference of different mode categories for discretionary script 

Figure 5.15 shows the effect of the travel time by different transport modes for 

discretionary script. 

 

 
Figure 5.15. The effect of travel time by different transport modes for before and after adaptation 
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According to Figure 5.15, for all transport modes, the slope of travel time is 

negative and therefore decreases the utility of scripts with main activity of recreation. The 

lowest and highest slopes can be seen for car and walking, respectively. The disutility of 

bike and public transport is remarkably lower than car and walking. Travelling to the 

location inside the cordon for executing discretionary activities seems to decrease the 

utility. This finding is similar to mandatory and maintenance scripts. The current situation 

doesn’t have significant effect on the utility of this script type, indicating flexibility for 

change in discretionary scripts.   

Again similar to the previous script types, performing complex discretionary script 

has negative utility compared to the simple one. Main effect of different transportation 

costs can be seen in Figure 5.16. Note that for the parking and public transport, we didn’t 

get any significant effects. Among other cots, the kilometer charge on ring roads has the 

highest disutility, while kilometer charge on all roads and cordon costs show quite the 

same disutility. For this script type, we could also get significant parameter estimates for 

interaction of different transportation costs.  

As Table 5.8 shows, the interaction between kilometer charge on all roads and ring 

roads, and also interaction between kilometer charge on all roads and parking cost are 

significant and positive. This indicates that, the disutility of these costs decreases if 

respondents face them as combination of pricing costs. Note that the combination of 

kilometer charge on all and ring roads seem to be more preferable compared to kilometer 

charge and parking. This result, however, is in contrast with our finding for maintenance 

script.  

 
Figure 5.16. Main effect of different pricing schemes plus public transport fee on discretionary 

scrip 
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4. SUMMARY AND CONCLUSION 

In this chapter, an activity-based model was proposed to estimate dynamics in repertoire 

of activity-travel patterns. A key assumption underlying this model is that activity 

agendas evolve dynamically as a function of time-depending needs, history and the usual 

opportunities and constraints.  However, in the current study, we firstly tried to estimate a 

simple case and, due to identification problems, we could not disentangle opportunities of 

cost and time from utility gains of spending these resources. 

Accordingly, the proposed modelling framework was used to capture the effects of 

exogenous changes or pricing policies in this study on individuals’ adaptive behaviour in 

case of habitual activity-travel patterns. For this reason we pooled the data from two parts 

(current situation and after adaptation) together and therefore reconstruct the data set to 

estimate the dynamic activity-based model in this part. We estimated the standard 

multinomial logit model using NLOGIT 5.0, and utility function was estimated for each 

activity type separately. Below, our main findings in this part are discussed.  

For all activity types, the effect of history was not as based on theory we would 

expect. However, we found a strong weekly pattern effect all script types. Regarding 

location, results show that the preference is negative if the location of executing activity 

is inside the pricing area and therefore is positive otherwise. For script type effects, 

results for all three script categories show that executing the complex script has negative 

utility compared to the simple script.  

Our results showed that the base preference for transport mode varies based on the 

activity type. The significant estimated slopes for travel time by different transport modes 

are negative indicating decreasing utility linearly by increasing travel time. However, the 

magnitude of disutility is different for mode categories again based on the activity type. 
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CHAPTER 6 

Traveller Response to Coexisting Multiple Pricing Schemes: 

Results of an Elaborated Mixture-Amount Experiment 

 

 
Many academics and transportation planners seem convinced that pricing schemes may 

be one of the most effective policy instruments to change travellers’ behaviour such to 

minimize congestion and/or emissions, or optimize system use otherwise. Consequently, 

a considerable amount of empirical work has been conducted, however primarily with 

respect to single pricing policies. Travellers’ adaptive behaviour to accumulated transport 

charges has not yet received much attention. Addressing this under-researched issue, this 

chapter documents the construction, implementation and analysis of a mixture-amount 

experiment involving three mixtures of pricing schemes: toll road, congestion pricing and 

parking price.  
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1. INTRODUCTION
1
 

Understanding behavioural response and attitudes of car users towards pricing policies 

and the public’s acceptance of new pricing schemes are of the highest priority for 

generating a successful policy. In recent years, various kinds of pricing strategies have 

therefore been studied in academia. Since decades, tolls have been charged on certain 

bridges, tunnels, and roads, not only to stimulate particular behaviour but also to finance 

the facility, reinvest in capacity expansion, pay for operations and maintenance of the 

facility or simply to generate general tax funds (Burris & Pendyala 2002; Dissanayake & 

Kouli 2007).  

In addition, various congestion pricing and value pricing strategies have been 

discussed at length and implemented in different cities in the world (Bhat & Castelar 

2002; Yan et al. 2002, Arentze et al. 2004, Keuleers et al. 2005, Peters et al. 2011). More 

recently, parking charges have become popular across the world, not only in 

commercially managed parking garages and public inner-city parking spaces, but also in 

and around shopping centers in neighborhoods and at peripheral locations (Guan et al. 

2005; Danwen et al. 2010). 

The vast literature on pricing policies in general and road pricing in particular 

indicates that most studies have focused on behavioural response to single policy, mostly 

in terms of changing time of day, switching route and/or switching mode of transport 

(Bianchi et al. 1998, Mahmassani 2000, Yamamoto et al. 2000, Ghosh 2001, Mastako et 

al. 2002, Ettema et al. 2004, Nielsen 2004, Olszewski & Xie 2005, Wen et al. 2006). 

Vehicle occupancy, willingness to pay (toll/non-toll), payment method, and toll 

facility/lane are other dimensions which have been considered, but these relate less to 

travel behaviour and more to the general acceptance of new technology related to road 

pricing. Socio-demographic variables and trip related characteristics are usually 

incorporated in the models and evaluation of results.  

As reviewed in chapter one, Vrtic et al. (2007) and (2008) are the few examples of 

studies that considered multiple policies instead of just the single one. They introduced 

                                                           

1
 This chapter is based on Khademi, E., Timmermans, H.J.P. & Borgers, A.W.J. (2013). Traveler response to 

coexisting multiple pricing schemes results of elaborated mixture-amount experiment. Transportation Research 

Record, (2345), 63-73. 
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the concept of mobility pricing that is more general than road pricing, as it integrates all 

types of mobility costs, rather than pricing only, including fuel taxes, parking costs, 

parking transport charges, and road pricing. Four different Stated Preference (SP) survey 

were included in their research: one about the political accessibility of mobility pricing 

and the other three about route, mode and departure time choice behaviour in the 

presence of mobility pricing. They noticed the strong impact of the political attitude of 

the respondents on their choices which could not be eliminated by the initial SP 

experiment about political preference. However, they used this preference to correct the 

results of the route, mode, and destination choice models. Also, they found that traveller 

behaviour under mobility pricing depends on socio-demographic, trip and transportation 

supply characteristics. Their results suggested that traveller’s non-linear Values of Time 

(VOT) savings are affected by their income, travel time and travel cost. Compared to the 

approach suggested in this paper, it should be noted that they did not consider any 

combinations of these pricing schemes to reduce the complexity for the participants. 

Moreover, they did not consider any budget constraints.  

Compared to the literature on the effects of observed socio-demographics, 

unobserved heterogeneity has been addressed considerable less in pricing policy studies. 

Some studies have identified latent classes, assuming a single average Value of Time 

(VOT) within each class (Vovsha et al. 2005). Recent advances in random coefficient 

(mixed) logit model estimation stimulated others to represent heterogeneity in terms of a 

distribution around the estimated parameter. For example, Bhat and Castelar (2002), also 

applied a unified Revealed Preference (RP)–SP mixed logit framework to examine travel 

behaviour response of San Francisco Bay Bridge users to changes in travel conditions, 

including changes in bridge toll, parking costs, travel times, transit fares, and transit 

service headway. Results indicated substantial heterogeneity across individuals in overall 

preferences for alternatives. Individual appeared to show more heterogeneity in time than 

in cost sensitivities.  

Likewise, Small (2005) estimated a binary model of choice between a toll and non-

toll route based on combined RP and SP data set of California State Route 91 and took 

heterogeneity of travellers regarding VOT in to account. He reported significant observed 

and unobserved heterogeneity among travellers that affects the forecast. 
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Thus, this brief review of the literature suggests that travellers’ adaptive behaviour 

to various transport charges has been subject of a considerable amount of empirical work, 

which has become increasingly more sophisticated. However, as this research has been 

concerned with a single pricing strategy, the relevance of the results is limited as over the 

years travellers have become increasingly faced with multiple pricing schemes, including 

carbon tax, environmental pricing, energy vouchers, expanding parking fees, public 

transport charges, road pricing, etc. The combined effect of these policies on travellers’ 

response and the evaluation of the effectiveness of combined policies have to the best of 

our knowledge not received much attention. Moreover, travellers face the problem how to 

allocate their limited available budget to alternative transport charges in an attempt to 

maximize their utility.  

To address this question, this chapter describes the development and application of 

an elaborated mixture amount experimental design approach to better understand how 

travellers respond to accumulated pricing schemes, subject to budget constraints. It also 

investigates the effects of socio-economic variables on respondents’ preferences. This 

chapter is organized as follows. First, we will discuss the basic principles of mixture and 

mixture-amount designs and how they can be applied to the research issue at hand. As 

part of this section, we will also explain the elaboration to the case which includes the 

trade-off between budget allocation and varying gains. Next, we will discuss operational 

decisions in the design of the experiment and sample characteristics. This chapter will be 

completed with results and conclusions.  

2. MODELING APPROACH: MIXTURE AND MIXTURE-

AMOUNT DESIGNS 

An elaborated Mixture-amount design is applied in this study to better understand how 

travellers respond to accumulated pricing schemes, subject to budget constraints. This 

type of design allows conclusions concerning questions such as (i) what is the travellers 

willingness to pay for different types of pricing policies, (ii) to what extent does 

this  depend their "travel budget", and (iii) how do they trade-off the expenditure  and the 

gain experienced in terms of time by choosing the priced choice alternative. In the 

following, we will briefly discuss the basic principles of mixture and mixture-amount 

models and how they can be applied to the research issue at hand.  
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2.1. Mixture Designs 

A mixture experiment involves mixing various proportions of two or more components to 

make different compositions of an end product (Raghavarao et al. 2010). In this design, 

response is a function of the proportions of the components present in the mixture. These 

proportions must be non-negative and if expressed as fractions of the mixture, they must 

sum to unity. Mixture components proportions xi are subject to the constraints, 

∑ 𝑥𝑖

𝑛

𝑖=1

= 1            𝑎𝑛𝑑       0 ≤ 𝑥𝑖 ≤ 1                  𝑖 = 1,2, … , 𝑛                                           (6.1)  

 

where n is the number of components.In a mixture problem, the purpose of the 

experiment is to model the blending surface using some mathematical equation, such 

that: 

 

1. The response for any mixture or combination of the components can be 

predicted, or 

2. Some measure of the influence on the response of each component singly and in 

combination with other components can be obtained. 

A mixture consists of n linearly independent attributes that are constrained to a (n-

1)-dimensional dependent space. Considering three independent attributes within the 

standardized independent space, the (n-1)-dimensional constrained space is represented 

by the triangle within the cube. This space is called a simplex space. All points on the 

surface or in the interior of the simplex sum to one. Figure 6.1 gives an illustration, 

showing three linearly independent attributes; x1, x2, and x3, with standardized ranges 

from 0 to +1 and the 2-dimensional simplex space. 
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Figure 6.1. (a) Mixture space for three variables and (b) 2-dimentional simplex space 

All points on the surface or in the interior of the simplex sum to one. It shows the 

typical simplex coordinates of the three vertices; (1, 0, 0), (0, 1, 0), and (0, 0, 1), and the 

center point; with coordinates (1/3, 1/3, 1/3). In addition, it shows the three edge 

midpoints; with coordinates (1/2, 1/2, 0), (1/2, 0, 1/2), and (0, 1/2, 1/2), and three interior 

points; with coordinates (2/3, 1/6, 1/6), (1/6, 2/3, 1/6), and (1/6, 1/6, 2/3). The 

components proportions are also often subject to single or multiple-components 

constraints. The constraints in equation 1 yield a simplex experimental region, while 

single or multiple-component constraints generally yield a polyhedral constrained space. 

Cornell 2002 discussed experimental design methods for simplex and constrained space 

mixture experiments. Simplex-Lattice and Simplex-Centroid are two designs used to 

provide design points in the mixture experiments.  

2.2. Simplex Lattice Design 

In 1958, Scheffe introduced simplex-lattice designs for mixture experiments and 

developed canonical polynomials (linear, second degree and full cubic) to be used with 

his simplex lattice designs. These polynomials are obtained by modifying the usual 

polynomial model in xi by using the constraint in Equation 1(for more details about 

different kind of canonical polynomials see Scheffe 1958 & Cornell 2002). The {n, m} 

simplex lattice designs are characterized by the symmetric arrangements of points within 

the experimental space and a well-chosen polynomial equation to represent the response 

surface over the entire simplex space. The polynomial has exactly as many parameters as 

there are number of points in the associated simplex lattice design.  

(a) (b) 
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The models, expressed in canonical form by Scheffe, are characterized by their 

relatively simple form and thus possess the property that they are easy to use for 

predicting the response over the simplex factor space. Corresponding to the points in a 

{n, m}-lattice, the proportions used for each of the n components have the m + 1 equally 

spaced values from 0 to 1, that is, xi = 0, 1/m, 2/m, ..., 1, and all possible mixtures with 

these proportions for each component are used. The number of points in a {n, m}-lattice 

is (𝑚+𝑛−1
𝑚

) and the lattice designs are characterized by their simplicity of construction. 

2.3. Simplex Centroid Design 

A second type of mixture design is the Simplex-Centroid design. With a simplex-

Centroid design, the design points correspond to n permutations of (1, 0, 0, ..., 0), (𝑛
2

) 

Permutations of (.5, .5, 0, ..., 0), (𝑛
3

) permutations of (1/3, 1/3, 1/3, 0, ..., 0), ...,  and 

finally the single (1/n, 1/n, ..., 1/n) mixture. The number of distinct points is 2
n
 –1 

(Raghavarao et al. 2010). Scheffe (1963) defined the special canonical polynomial for 

these designs which has the same number of terms (or parameters to be estimated) as 

there are points in the associated Simplex Centroid design (for more details see Scheffe 

1963). Figure 6.2 illustrates the simplex lattice and simplex Centroid design in two-

dimensional simplex space. 

 
Figure 6.2. (a) Simplex lattice design and (b) Simplex Centroid for three attributesMixture-

Amount Design 

As was mentioned above, in mixture experiments the measured response is assumed 

to depend only on the relative proportions of the components in the mixture and not on 

the amount of the mixture. However, the amount of the mixture (i.e. the total available 
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budget) can also be varied as an additional factor in the experiment. These are so-called 

mixture-amount experiments. In fact, a mixture-amount experiment describes the 

relationship between the values of one or more response variable and allocation of 

available budgets or resources to a group of attributes.  Equation 6.2 shows the mixture-

amount constraint, 

∑ 𝑐𝑖/𝑢

𝑛

𝑖=1

= 1                                                                                                                                (6.2) 

where ci is the cost of attribute i, u is the total amount to be spent across all 

attributes, and ci /u = xi. According to the simplex-lattice design, the canonical form of 

the second-degree mixture-amount model is defined: 

𝑈(𝑦) = 𝛼𝑢 + 𝛽𝑢2 + ∑ 𝛾𝑖𝑢𝑥𝑖

𝑛−1

𝑖=1

+ ∑ 𝛿𝑖𝑥𝑖 +

𝑛

𝑖=1

∑ 𝛿𝑖𝑗𝑥𝑖𝑥𝑗

𝑛

𝑖,𝑗=1
𝑖<𝑗

                                               (6.3) 

 

U(y) is the choice response of a mixture (x1, x2. . . xn) with given amount of u.  It 

may be noted that not all simplex mixtures of {n, m} are needed to estimate the 

parameters of a second-degree canonical model. As total amounts and their allocation can 

affect the response, different levels of total amount can be considered in a mixture-

amount experiment. It means for the total amount, U, that r different levels indicated by 

u1, u2, …, ur (r ≥2) may be considered (Raghavarao et al. 2009). 

In addition to different amounts, attributes may also have different gain levels and 

this point has to the best of our knowledge not received attention in mixture-amount 

experiments yet. As an illustration, in selecting between transportation modes for a trip to 

work, consider three different kinds of trains as our attributes. Each of these attributes is 

different in terms of safety, comfort, and travel time and so on. Moreover, benefits may 

have different levels. For example, travel time can have three different levels of t1, t2, and 

t3 minutes per day and low, medium and high can be defined as three levels of safety and 

comfort’s benefits. So, when people want to trade-off across attributes they may think 

about the amount they spend and the benefit (safety, comfort or travel time) they gain by 

choosing each attribute. Accordingly, the allocation of any amount may be influenced by 

varying attributes levels. We address this issue by attaching levels to the attributes and as 

a result, we go beyond a classical mixture-amount design.  
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3. MIXTURE-AMOUNT EXPERIMENT AND SAMPLE 

Stated preference experiments, commonly used in transportation research, systematically 

vary the levels of a set of attributes, according to an orthogonal fractional factorial design 

and ask respondents to rate the resulting attribute profiles on some preference scale. 

When the purpose of the study is to estimate a choice model, these attribute profiles are 

placed into choice sets and respondents are asked to choose the choice alternative they 

like best. The design strategy to create these choice sets depends on the choice model and 

the specific purpose of the analysis.  

In the current study, we assume a mixture-amount experiment with three attributes 

as pricing options which are toll road, congestion pricing and parking price and three 

different amounts as travel cost or expenditure, u1, u2, and u3, to be allocated. The 

mixture of the attributes is denoted by x1(toll road), x2(congestion pricing), and x3 

(parking price), (0≤ x1, x2, x3 ≤1 and x1+x2+x3=1). The simplex lattice design {3, 3} 

creates 10 mixtures. Using a Balanced Incomplete Block (BIB) design, seven mixtures 

were chosen to combine the mixtures with three amounts and form the choice sets of size 

3. Table 6.1 shows seven mixtures of the three attribute mixture design.  

Table 6.1. Three attribute mixture design 

 

 

 

 

 

 

 

 

 

 

 

 

 

Considering three amounts, a mixture design of 7 was used three times of each 

allocation which created 21 profiles. With v = 7 = b, r = k = 3,  = 1, 21 profiles were 

organized into 7 choice sets of 3 profiles, plus a no-choice option in each set. It means the 

utility of the base alternative is set to 0. The 7 choice sets with these 21 profiles are given 

in the Table 6.2. 

Mixture Attribute 1 Attribute 2 Attribute 3 

1 1 0 0 

2 0 1 0 

3 0 0 1 

4 2/3 1/3 0 

5 0 2/3 1/3 

6 1/3 0 2/3 

7 1/3 1/3 1/3 
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 Table 6.2. Choice Sets For Three-Attribute Mixture Design With Three Amounts (ui(t) 

Denoted The t-th Mixture With Amount ui, t=1,2,…,7; i=1, 2, 3) 

Choice Set Profile 1 Profile 2 Profile 3 Base Alternative 

1 u1(1) u2(2) u3(4) No Choice 

2 u1(2) u2(3) u3(5) No Choice 

3 u1(3) u2(4) u3(6) No Choice 

4 u1(4) u2(5) u3(7) No Choice 

5 u1(5) u2(6) u3(1) No Choice 

6 u1(6) u2(7) u3(2) No Choice 

7 u1(7) u2(1) u3(3) No Choice 

 

 

As can be seen in Table 6.2, the mixtures show the proportions of the amount 

allocation to the mentioned pricing policies and it’s important to note that profiles are not 

shown in any certain order in the choice sets. In each mixture, the sum of attributes 

should be equal to the constraints that are predefined amounts or travel costs (u1, u2, and 

u3). Furthermore, amounts to be allocated should be restricted not to dominate the other 

choice alternatives. Therefore, the restriction below was applied which depends on the 

mixture level used in the experiment. 

 

𝑥𝑚𝑎𝑥 ∗ 𝑢𝑚𝑎𝑥 ≤ 𝑢𝑚𝑖𝑛                                                                                                                   (6.4) 

 

where umax=max (ui), umin=min(ui), and xmax is the maximum mixture level and 

xmax<1. As three-attribute mixtures are considered, the restriction will be 2/3 * umax ≤ umin.  

Equation 6.3 is used to model how travellers allocate part of the predefined amounts 

to different types of pricing policies. In addition, to examine how these allocations may 

be influenced by corresponding benefits, captured in terms of attributes, the three 

attribute levels for each of the three pricing options should also be varied. These benefits 

are gained in the context of saving travel time. Often stated choice experiments are based 

on orthogonal fractional factorial designs, although more recently there have been an 

increasing number of studies based on D-efficient designs (Atkinson & Donev 1992; 

Bliemer & Rose 2009; Bliemer &Rose 2010). The issue of orthogonality, however, is 

problematic in the current situation. Since the mixture amount needs to meet the budget 

constraints, generally these are non-orthogonal. Likewise, due to the number of choice 
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sets, it is impossible to create an experimental design for the attribute levels which is 

orthogonal in its attributes and in relation to the mixture amounts. In the present study, it 

was therefore decided to create a Latin Square design for 3-level factors to attach saving 

travel time levels to the pricing policies. Equation 6.5 shows the assumed utility function 

for the attribute levels. 

 

𝑈(𝑡) = 1𝑡𝑡 + 2𝑡𝑐 + 3𝑡𝑝                                                                                                      (6.5) 
 

In equation 6.5, tt shows the effect of the saving time levels for toll road, tc is 

related to congestion pricing, and tp has the same definition for parking.  Accordingly, 

our final utility function is equal to: 

 

𝑈𝑇 = 𝑈(𝑦) + 𝑈(𝑡)                                                                                                                     (6.6) 

 

Since toll road and congestion pricing have not been introduced and implemented in 

The Netherlands yet, a stated choice survey had to be conducted to derive the willingness 

to pay for any combination of these policies, subject to budget constraints. An Internet-

based questionnaire was conducted in February 2012 to collect the data and estimate the 

model. The questionnaire was generated using PAULINE, a platform for the generation of 

Web-based questionnaires, created by and for our research group. The questionnaire 

consisted of two main parts. The first part consisted of a set of questions related to 

personal and household characteristics. The second part concerned the scenario and 

choice experiment. As we were interested in how sensitive travellers are to cost levels, 

and whether the same preferred mixture of allocations applies at different cost levels, we 

considered three levels of the amount in a day (u1, u2, and u3) which they are supposed to 

spend on these policies when implementing their daily travel patterns: €6, €7.50, and €9 

per day. We also considered three saving time levels 5, 10 and 15 minutes which they can 

save on their daily trips, according to their willingness to pay for the particular pricing 

policies. The no-choice option then refers to their unwillingness to pay at all considering 

the attached saving time. According to Table 6.2, we have 7 choice sets from which 

respondents were asked to choose their best option. Table 6.3 presents an overview of 

sample composition. 
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Table 6.3. Composition of sample 

Variable Sample Percentage 

Gender   

    Female 146 0.48 

   Male 158 0.52 

Age   

   Younger than 25 37 0.12 

    25-40 88 0.29 

    40-60 124 0.41 

   Older than 60 55 0.18 

Education   

  University Education 25 0.08 

   Higher professional education  78 0.26 

   Secondary vocational education  78 0.29 

   General and higher education  44 0.14 

   General secondary education  41 0.13 

   Other 38 0.13 

Income   

   No more than € 650 20 0.07 

   €625-1250 61 0.20 

  €1251-1875 88 0.29 

  €1876-2500 90 0.30 

  More than € 2500 45 0.15 

 

In total, 304 respondents participated in this survey. It should be noted that our 

sample are car owners and 60% of them have at least two cars in their household. In 

addition, 66% of the respondents have a paid job and almost half of the sample is flexible 

regarding their morning and afternoon rush-hour trip. Moreover, 60% mentioned that 

they have access to public transport for conducting their trips during peak hours, while 

half of the sample can make their trip by bike which is the most commonly used travel 

mode in the Netherlands. 44% of the sample has an average travel time of less than 20 

min for their rush-hour trip, whereas 35% has an average travel time between 20 to 40 

min. In the context of travel distance, 28% travels less than 5 kilometer, 34% between 5 

to 15 kilometer and 39% more than 15 kilometer. Also, 63% of the respondents 

mentioned that the main reason of their trip during the morning peak hours is going to 
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work. During the evening peak hours, 43% of them travel back directly from work to 

home and 24% conduct leisure and social activities.  

4. RESULTS 

A mixed logit (ML) model was used to capture unobserved heterogeneity in travel time 

savings and willingness to pay in the sample and the relationship between the observed 

choice probabilities and travel time savings. The second degree canonical form, Equation 

6.3, was used to test for and estimate any non-linear effects. The parameters of the utility 

function, defined by Eq. 6.6, were estimated using NLOGIT 4.0 (Greene 2007) in a 

stepwise manner. In order to keep the standard canonical form of the second degree 

model at a significance level of 95%, some parameters were removed from the estimation 

after the first run. Interaction terms between policies, x2x3 (congestion pricing and 

parking price), x1x3 (toll road and parking price) and also interactions between amounts 

and toll road and congestion pricing, ux1 and ux2, were highly insignificant and therefore 

removed from the base part of the model. The first and second-order amount or travel 

cost and saving travel time coefficients were specified as random parameters. There are 

many distributions that can be used for the random parameters in the mixed logit model; 

the normal distribution being the most commonly used form.  

Nevertheless, if a researcher wishes to restrict a particular coefficient in the model 

to be positive or to restrict the range of variation of a parameter, distributions other than 

the normal such as the lognormal and triangular distribution can be used. Lognormal 

distribution for first-order travel cost (u) and triangle distribution for second-order travel 

cost (u
2
), saving travel time related to toll road (tt) and congestion pricing (tc) provided 

the best results and were therefore used to capture significant unobserved heterogeneity 

in the sample. The numbers of Halton draws was set to 1000 to estimate the final model. 

The estimated utility function is summarized in Table 6.4. 
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Table 6.4. Estimated utility function 

Variable Description β P{׀Z׀>z} St. dev. P{׀Z׀>z} 

u First-order travel cost 0.563 0.1161 0.3552 0.0038 

u2 Second-degree travel cost -0.224 0.0000 0.1823 0.0000 

tt 
Travel time savings related to  toll 

road 
0.0483 0.0055 0.2925 0.0000 

tc 
Travel time savings related to 

congestion pricing 
0.132 0.0000 0.1638 0.0000 

tp 
Travel time savings related to 

parking price 
0.026 0.0501   

x1 Toll road -6.183 0.0044   

x2 Congestion pricing -7.263 0.0010   

x3 Parking price -5.950 0.0069   

x1x2 
Interaction between toll road and 

congestion pricing 
-5.436 0.0004   

Log-likelihood=-1491.965 

ρ 2 =0.494 

 

The goodness-of-fit of the model in terms of Rho-square is 0.494. The p-value for 

all random parameters is less than alpha equal to 0.05, except for the first-order travel 

cost parameter. Thus, the mean of each random parameter is statically different from 

zero. Significant parameter estimates for the estimated standard deviations of the random 

parameters show the existence of significant heterogeneity in these parameters estimates 

across the sample around the mean parameter estimate. The first-order term of the travel 

cost has a positive sign, while the quadratic term has a negative sign, which is the 

expected form for the second-degree canonical model. It suggests a decreasing utility 

with increasing amounts. 

The negative effects of toll road, congestion pricing and parking price in the model 

shows that utility decreases if the share in the mixture for each of these policies increases 

and this reduction is higher for congestion pricing compared to other policies. The 

negative sign of the interaction term between toll road and congestion pricing shows 

respondents’ extra negative tendency to the combination of those two policies. This 

finding strongly suggests that respondents are not willing to pay for pricing policies. The 

choice probability of the base alternative increases with increasing amount.  

In the context of time gained by choosing the priced choice alternatives, 

respondents showed similar patterns for all policies. The positive slopes for the travel 

time savings attributes indicate that respondents’ utility increases for increasing savings 
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in travel time associated with the various pricing policies. It should be noted that 

heterogeneity in the sample for saving time related to toll road and congestion pricing 

was captured but saving time related to parking was specified as a non-random 

parameter. The relative size of estimated coefficients suggests that respondents are more 

sensitive to the benefits of travel time savings related to congestion pricing compared to 

savings related to toll roads and parking. This may be due to the fact that they are more 

familiar with the two others policies which have been implemented in practice in The 

Netherlands for some time while they know less about congestion pricing and its effects.  

Figure 6.3 shows the relationship between total utility and cost levels for each 

profile defined in Table 6.1. It shows that, as expected, utility decreases with increasing 

travel cost that should be spent on the pricing schemes. In general, the second profile 

which reflects congestion pricing seems to have the lowest and the sixth profile which 

shows the combination of toll road and parking has the highest utility compared to the 

other profiles. However, the lowest and highest utility for the lowest cost level (€6) are 

attributed to the first (toll road) and sixth profiles (combination of toll road and parking), 

respectively. Also, respondents attached the lowest and highest utility for the highest cost 

level (€9), to the forth (combination of toll road and congestion pricing) and again the 

sixth profile (combination of toll road and parking). 

4.1. Effects of Socio-Economic Variables  

Socio-economic variables were taken into account at the next step in the analysis to test 

how results are affected by respondent characteristics. It should be noted however that the 

introduction of such variables will generally change the estimated parameters of the other 

variables due to the non-orthogonality of mixture-amount design. Therefore, in the 

current study it was decided to capture the effects of socio-economic variables, 

separately. That is, each variable was added individually to the base part of the utility 

function that was estimated in the previous section. Gender, income, average travel time 

of the rush-hour trip, average travel distance, accessibility to public transport for 

conducting the rush-hour trip and the possibility of using bicycle (common mode of 

transport in The Netherlands) for the rush-hour trip were the dimensions that we 

considered in this step.  
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Figure 6.3. Relation between UT and cost levels for each profile 

Results indicate that gender, travel time of the rush-hour trip, travel distance, and 

possibility of using bicycle for the rush-hour trip did not have significant effects on 

respondents’ choices. In contrast, income and public transport accessibility had 

significant effects on respondents’ choice probabilities. Table 6.5 shows the estimated 

model for the income effect. It should be noted that as we did not have detailed 

information about the exact monthly income of respondents, we used the average of five 

predefined income levels as shown in Figure 6.4. Similar to the base part of the model 

that was estimated in the previous section, estimation involved a stepwise process during 

which some parameters such as x1I (interaction between toll road and income), x2I 

(interaction between congestion pricing and income), x3I (interaction between parking 

and income), and x1x2I (interaction between combination of toll road and congestion 

pricing and income) were removed in the first step as they were highly insignificant in 

the model. Again, the number of Halton draws was set to 1000 to estimate the final 

model. 
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Table 6.5. Utility function of income effect 

Variable Description β P{׀Z׀>z} St. dev. P{׀Z׀>z} 

u First order travel cost 0.591 0.1046 0.3486 0.0041 

u2 Second-degree travel cost -0.237 0.0000 0.1834 0.0000 

tt 
Travel time savings related to  

toll road 
0.086 0.0235 0.2921 0.0000 

tc 
Travel time savings related to 

congestion pricing 
0.111 0.0031 0.1678 0.0000 

x1 Toll road -5.818 0.0082   

x2 Congestion pricing -6.886 0.0021   

x3 Parking price -5.552 0.0130   

x1x2 
Interaction between toll road 
and congestion pricing 

-5.457 0.0005   

tp 
Travel time savings related to 

parking 
-0.039 0.1234   

uI 
Interaction term between 

income and first-order travel cost 
-0.923D-04 0.3925   

u2I 
Interaction term between 

income and second-order travel cost 
0.112D-04 0.4355   

ttI 
Interaction term between 

income and travel time savings 
related to toll road 

-0.214D-04 0.2748   

tcI 
Interaction term between 

income and travel time savings 
related to  congestion pricing 

0.127D-04 0.4226   

tpI 
Interaction term between 

income and travel time savings 
related to  parking 

0.371D-04 0.0007   

Log-likelihood=-1485.624 

ρ2 =0.496 
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Figure 6.4. Relation between the UT and profile for three levels of travel cost 
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As can be seen in Table 6.5, Rho-square of the model is 0.496. However, not all 

estimated coefficients are significant at alpha equal 0.05. Signs and significance of 

coefficients related to the base part of the previous model did not change much, except 

for travel time savings related to parking. Effects of u, tt, x1, x2, and x3 increase 5, 79, 6, 

5, and 7 percent, respectively, compared to the previous model. In contrast, a 6 and 16 

percent decline can be seen in the impact of u
2
, and tc. The effect of the interaction term 

is not that much different from the base model. Moreover, none of the interaction terms 

of income and other variables meet the predefined significance level, except the 

interaction term between income and travel time savings related to parking (tpI). It seems 

this interaction term captured all variation of income on tp. Consequently, the single 

effect of tp is not significant. Figure 6.4 shows the bar chart of total utility and profiles 

for three travel cost levels. It demonstrates changing utilities for each income group.   

According to Figure 6.4, for all travel cost levels, total utility increases as income 

levels increase. It suggests that higher income groups tend to pay more for pricing 

schemes. For all three levels like the previous model, profile 6 (combination of toll road 

and parking) has the highest utility and this utility is more for the second level (€7.50) 

compared to the two other levels. However the lowest utility is different for different 

levels similar to the base model. For the lowest travel cost level, profile 1 (toll road) has 

the lowest utility while profiles 2 (congestion pricing) and 4 (combination of toll road and 

congestion pricing) have the lowest utility for the second and highest travel cost levels. 

Moreover as cost level increases, more fluctuation can be seen in the profiles’ utilities. 

Table 6.6 shows the impact of accessibility to public transport for conducting the 

rush-hour trip on respondents’ preference. This variable was coded as 1 (PA=1) for 

respondents who have access to public transport for their rush-hour trip and 0 (PA=0) for 

others who don’t have. The Rho-square of the model is 0.495. However, like in the case 

of the previous models, not all estimated coefficients are significant at the predefined 

level. The parameters of base part of the model remain significant and have the same sign 

as in the base model. The significance level of the first-order term for travel cost 

increases.   

Figure 6.5 shows the changes in base utility of the both groups for each profile. The 

first seven profiles (A1-A7) are related to the first level of the travel cost, while the 
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second (B1-B7) and third (C1-C7) set of seven profiles show the changes for the second 

and third levels, respectively. 

 

Table 6.6. Estimated utility function of public transport accessibility effect 

Variable Description β P{׀Z׀>z} St. dev. P{׀Z׀>z} 

u First order travel cost 0.657 0.0558 0.3244 .0031 

u2 Second-degree travel cost -0.239 0.0000 0.1872 .0000 

tt 
Travel time savings related to  toll 

road 
0.042 0.0341 0.2924 .0000 

tc 
Travel time savings related to 

congestion pricing 
0.137 0.0000 0.1598 .0000 

x1 Toll road -6.679 0.0034   

x2 Congestion pricing -7.811 0.0008   

x3 Parking price -6.434 0.0056   

x1x2 
Interaction between toll road and 

congestion pricing 
-5.429 0.0006   

tp 
Travel time savings related to 

parking 
0.024 0.0457   

uPA 
Effect of public transport 

accessibility on first-order travel 
cost 

-0.039 0.6236   

u2PA 
Effect of public transport 

accessibility on second-order travel 
cost 

0.017 0.0503   

ttPA 
Effect of public transport 

accessibility on travel time savings 
related to  toll road 

0.016 0.3123   

tcPA 
Effect of public transport 

accessibility on travel time savings 
related to  congestion pricing 

0.001 0.8987   

tpPA 
Effect of public transport 

accessibility on travel time savings 
related to  parking 

0.008 0.2453   

Log-likelihood=-1489.348 

ρ2 =0.495 
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Figure 6.5. The relation of total utility and profiles for both groups of respondents who have and 

don’t have access to public transport for their rush-hour trip 

As demonstrates by Figure 6.5, total utility increases for travellers who do not have 

access to public transport for their rush-hour trip and this impact is the same for all travel 

cost levels. In contrast, utility decreases for travellers who have access to public 

transport. Again like the previous models order of the profiles has remained the same, as 

the profile 6 has the highest utility for all travel cost levels and the lowest utility varies 

for different cost levels. 

 

5. SUMMARY AND CONCLUSION 

In this chapter, we have discussed how travellers respond to accumulated pricing 

schemes, subject to budget constraints. More specifically, we applied a mixture-amount 

design to study the effect of changing both the amount and the mixture of attributes. 

Moreover, by considering the effect of varying attributes levels, we extended the classical 

mixture-amount design. Formally, the choice problem addressed above was a 

combination of (i) a travel budget allocation task, repeated for (ii) multiple amounts in 

which (iii) the allocations for any amount may be influenced by varying attributes levels. 
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In the present study, we assumed a mixture-amount experiment with 3 attributes: toll 

road, congestion pricing, and parking price and three different daily travel budget levels. 

In addition, each pricing policy had three levels of saving travel time. Seven mixtures of 

the simplex lattice design {3, 3} were used for the allocation process and a second-degree 

polynomial model was estimated using the ML model.  

Results supported the potential of the proposed approach and also showed that 

respondents were not overly willing to pay for pricing policies, although the effect of 

travel time savings is positive. Unobserved heterogeneity is however substantial. In 

general, this willingness to pay does not seem to vary much with a selected set of socio-

demographic variables. Only income and public transport accessibility had significant 

effects on respondents’ preferences. For all amounts or travel cost levels, total utility 

increased with increasing income levels. In addition, total utility increased for travellers 

without access to public transport for their rush-hour trip and this impact is same for all 

travel cost levels. Conversely, utility decreases for travellers who have access to public 

transport. 

Overall this study has some interesting policy implications. First, the study reveals 

that considering effects of just single policy represents a very limited view of the problem 

of consumer response to pricing policies. Results indicate that response to a single policy 

depends on other charges in light of a budget constraints and the amount of money people 

are willing to spend on transportation. Models based on responses to single policies thus 

likely over-predict willingness-to-pay and consumer acceptance and response to pricing 

schemes. Second, the evidence on differential responses of different socio-demographic 

segments in the population challenges policy-makers when addressing the issue of social 

equity. Depending on how equity is measured and segments are defined, different 

decisions can be made and will result in varying utility effects for the segments. In any 

case, our study suggests that both the accumulated effects of multiple pricing schemes 

and social equity should be considered when assessing the effects of pricing policies. 
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CHAPTER 7 

Temporal Effects in Adaptations of Daily Commuter Trip 

Choices in Response to Reward Scheme: A Panel Effects 

Mixed Logit Model Allowing for Covariance between 

Adaptation Strategies 

 
Several reward-scheme based projects have been implemented in the Netherlands, 

stimulating car users to avoid using certain links of the network during peak hours. This 

chapter reports the findings of a model, which was formulated to analyse temporal effects 

of the Dutch SpitsScoren reward scheme. On the one hand, one might expect that reward 

schemes lose their effectiveness over time as individuals tend to fall back in their old 

habits. On the other hand, by changing their routines, individuals may enjoy their new 

travel experience, which in turn may lead to positive reinforcement and ultimately to new 

habitual behaviour. On balance, the impact of these opposite processes may work out 

differently for different segments of travellers. To disentangle these effects, result of a 

panel effects mixed logit model, predicting the probability of applying different 

adaptation strategies is presented in this chapter. 
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1. INTRODUCTION
1
 

Pricing policies aim at reducing congestion by encouraging the use of transportation 

modes such as transit, generating transportation revenues and decreasing air pollution. 

Fuel tax, carbon tax, kilometer charge, parking, toll roads and road pricing, sometimes 

called congestion pricing or value pricing, are the most commonly applied forms of 

pricing policies. Since decades, tolls have been charged on certain bridges, tunnels, and 

roads (Burris & Pendyala 2002; Dissanayake & Kouli 2007). Various congestion pricing 

and value pricing strategies also have been introduced or discussed at length in different 

cities in the world (Bhat & Castelar 2002; Yan et al. 2002; Arentze et al. 2004; Keuleers 

et al. 2005; Peters et al. 2011). The assumption underlying these policies is that travellers 

will adapt their current behaviour when faced with increasing variable costs of car use. In 

The Netherlands, however, the vast public resistance against the implementation of road 

pricing has led to the implementation of alternative transportation management policies, 

based on reward schemes.  

Prospect theory as a behavioural economic theory states that people make decisions 

based on the potential value of losses and gains rather than their final outcome. 

Consequently, people react differently in response to financial gains versus losses 

(Kahneman & Tversky 1979). Many psychological theories (Skinner 1953; Bandura 

1977), educational theories, socio-cognitive oriented theories (Festinger 1962), and 

various subjective utility theories (Gilovich & Griffin 2010) claim that rewards (financial 

and non-financial) are more powerful instruments for influencing behaviour than 

increased costs. Although the arguments are compelling, the effects of reward schemes 

have not received much attention in the context of travel behaviour and there is not much 

international experience about the effects of reward schemes on individuals’ travel 

behaviour.  

                                                           

1
 This chapter is based on Khademi, E., Timmermans, H.J.P. & Borgers, A.W.J. (2014). Temporal Effects in 

Adaptations of Daily Commuter Trip Choices in Response to Reward Scheme: A Panel Effects Mixed Logit 

Model Allowing for Covariance between Adaptation Strategies. Transportation Research Record, (2412), 57-

66. 

http://en.wikipedia.org/wiki/Gain_(finance)
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Reward schemes have been mostly investigated in the context of safety. Some studies 

claimed that rewarding can be effective for accident-free driving (Wilde 1982; Janssen 

1990; Hagenzieker 1999; Haworth et al. 2000), wearing seatbelts and non-speeding 

behaviour (Twilhaar et al. 2000; Mazureck & Hattem 2006; Harms et al. 2008; Huang et 

al. 2005). Temporary free bus tickets as a reward scheme have been investigated in a few 

short-term studies but without strong conclusions (Fujii et al. 2001; Bamberg et al. 2003; 

Fujii et al. 2003; Bamberg et al. 2003). 

In the Netherlands, the potential impact of rewards on travel behaviour to avoid rush-

hour trips has been explored by designing and conducting a pilot experiment called 

“Spitsmijden” or “peak-avoidance” in 2006. 340 participants from the vicinity of The 

Hague in the west of The Netherlands were invited to participate in this pilot experiment. 

They could gain a reward in the form of money or credits to keep a Smartphone, by 

changing their departure time for their work trips outside the morning rush-hour, 

switching to another travel mode, and teleworking. The pilot lasted for 13 weeks. 

Various research projects have been conducted based on this pilot experiment. Ettema 

and Verhoef (2006), using a stated preference study, concluded that the project affected 

travellers’ preferences, work and family constraints, current habitual travel patterns and 

awareness of alternatives (Ettema & Verhoef 2006). Tillema et al., (2010) compared two 

congestion management schemes: road pricing (a time differentiated kilometer charge) 

and peak avoidance reward (Spitsmijden), and their impacts on changing commuter 

behaviour based on two very different Dutch studies. Their results suggest that a reward 

scheme can be more effective than a pricing scheme and that both measures show the 

same influence regarding the alternatives chosen (Tillema et al. 2010). Using the same 

pilot project, Ben-Elia and Ettema (2009, 2010, and 2011) identified the most important 

factors influencing travel behaviour in response to reward stimuli. They concluded that 

the reward scheme is effective in the short-term. They also emphasized that although the 

reward results in changing travel behaviour, avoiding peak trips is related to socio-

economic characteristics and constraints.  

Ben-Elia et al. (2011) address the process of behavioural change using qualitative 

research methods. Considering the existence of heterogeneity in the process of 

behavioural change, they divided twelve participants of the Spitsmijden pilot project into 

four different categories based on motivation sustainment, importance of reward, options 
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for travelling, use of information sources, and long-term behaviour. These four categories 

are: (i) Stabilizers (refers to a group who continue their adapted behaviour after the 

reward scheme.); (ii) Flexibles (this group continue their adapted behaviour in absence of 

reward and optimize their choices using dynamic traffic information.); (iii) Relapsers 

(refers to a group who fall back to their old behaviour when the reward scheme stopped); 

(iv) Floaters (represents a group who make their travel decisions on a daily basis when 

the scheme is finished). In addition, they found that the reward system appears to trigger 

experimentation, resulting in updating beliefs, changing attitudes toward travel 

alternatives, and eventually behavioural change, at least in the short run. Effort 

perception and habits also seem to play an important role in the travel decision making 

process (Ben-Elia et al. 2011). Bliemer and Amelsfort (2010), and Knockaert et al., 

(2012) are two other examples of similar studies. 

These studies seem to suggest that the reward schemes have been a useful solution in 

the short run especially in specific local situations. However, the long-term effects of 

such schemes are still uncertain. One may argue that the reward schemes lose their 

effectiveness over time as individuals tend to fall back in their old habits. On the other 

hand, by changing their routines, individuals may enjoy the new travel experience, 

leading to positive reinforcement and ultimately new habitual behaviour. To clarify the 

long-term effects of reward schemes, this chapter investigates the impact of a reward 

scheme on travellers’ behaviour over time. The analysis is based on the Stated Intention 

(SI) data from the Dutch “SpitsScoren” reward scheme, another project in The 

Netherlands, which has not been analyzed yet. It should be emphasized from the outset, 

that this data collected by a consultant was not gathered with academic research in mind. 

Consequently, as we will see later, the design of the study created some difficulties of 

interpretation.  

The chapter is organized as follows. First, the SpitsScoren project and the data are 

described in more detail. Changes in travel behaviour over time are studied in the next 

section. Then, the modeling approach and estimated results are discussed. The paper is 

completed with an interpretation and conclusion.  
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2. SPITSSCOREN OR “PROFIT FROM THE PEAK” PROJECT 

AND DATA 

Based on the results and success of the “Spitsmijden” pilot project, three new reward 

projects were designed and implemented, “SpitsScoren”, “Spitsvrij”, and more recently 

“Spitsmijden”, in different provinces of The Netherlands. It should be noted that there are 

some differences in terms of design, implementation and the used technologies. The data 

used in the present study were collected in the “SpitsScoren” or “profit from the peak” 

project. “SpitsScoren” is the first large-scale mobility project in operation with a total 

budget of approximately 9 million euro. The project started on October 26, 2009, and 

aimed at 5% reduction of the congestion on the Dutch A15 motorway corridor during 

extensive construction works that started in 2011. Figure 7.1 shows the A15 corridor.  

The A15 corridor consists of the A15 motorway between Vaanplein and Rozenburg 

center (in both directions), the N492, the N218 (Hartel Bridge - crossing N57) and the 

road parallel to the A15 from Charlois to the Caland Bridge (Vondelingenweg, Old 

Maasweg, Botlekweg and Droespolderweg).  In fact, this project was designed as a 

service to support participants in their daily mobility behaviour by rewarding, 

monitoring, assisting, and keeping them involved. Thus, compared to other similar 

projects in The Netherlands, it has developed a different structure regarding performance 

and risks (Palm et al. 2012). Because of the considerable success, 7% reduction in 

morning peak trips, the project was extended until December 21, 2012.  

Around two thousands regular users of the A15 motorway were identified by 

collecting license plate information to identify those vehicles that travelled at peak hours 

at least 5 times in four consecutive weeks. The drivers were then approached and invited 

to participate in the project. Similar to the other reward projects in The Netherlands, the 

basic idea was to pay participants not to drive on the mentioned corridor during morning 

(6-9 am) and afternoon (3-6 pm) rush-hours, thereby reducing their usual number of 

commuter trips during peak hours. During the project, which thus lasted for three years, 

the reward scheme was changed several times. It started with €5 for avoiding the morning 

peak in the direction of the harbor. From May 2011, participants could earn €1.5 for 

avoiding the afternoon peak in addition to the morning reward, from August 2012 to the 
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end of the project, the reward level decreased to €3 for the morning peak and increased to 

€3.50 for the afternoon peak.  

 

 
Figure 7.1. A15 corridor in SpitsScoren project 

The participants received a smart phone to provide information on travel 

alternatives, and to keep track of their trips. They were supposed to indicate their daily 

decision for the next day using a special application on the smart phone. The possible 

alternatives were: driving to work before or after peak hours; using mass transportation; 

using slow mode; working from home (teleworking); carpooling; using alternative routes 

outside of the corridor; using group transport; special situation which indicates they are 

on holiday and do not travel to work; and other options. GPS signals from smart phones 

and camera detection were used to enforce and verify the participant stated intention. A 

fraud prevention protocol including a set of fraud detection and prevention measures was 

also drafted.  

Three additional services called ‘Value-Added-Service’ were added to the phone to 

encourage and assist participants to choose the predefined alternatives and change their 

departure time and travel mode appropriately. The first one included a Web-based multi-

modal trip planner to help participants in choosing relevant departure times and travel 

modes. Carpool planner was the second service and the third one concerned the provision 
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of an office near the A15 corridor where participants could work during the peak hours 

and continue their working trip afterwards. These services make participants aware of 

different available alternatives to avoid travelling by car during peak hours (Palm et al. 

2010 & 2012). Behavioural changes could not be identified as the number of participants 

using VAS services was too low. 

The data is unique because of (i) the nature of the data -Stated Intention (SI)- 

collected in a real world project; (ii) the large geographical coverage; (iii) the large 

number of participants, and (iv) the duration (2010-2012). Unfortunately, it lacks 

sufficient variation in reward levels in each year and also in general. In addition, due to 

strict privacy issues, it does not come with much background information related to the 

activity program of participants and their residence. Another important limitation is that 

the participants in this project are not a representative sample of all travellers on the A15 

corridor as they were selected according to the specific target of the project. 

A total of 380 participants of the “SpitsScoren” project with socio-economic, 

situational, and reference information was selected for our analysis. To answer the 

question about the long-term impact of the reward scheme, three similar periods of four 

consecutive weeks (September-October) in the years 2010-2012 were used. The 

September-October time period is more regular than other period because it has less 

holidays and days-off.  Moreover, access to the full dataset was not provided. Therefore, 

mentioned periods were chosen as representative of participants’ behaviour in each year. 

Table 7.1 presents the socio-economic, reference and situational variables, and sample 

composition. In addition to these variables, weather information including weather type, 

wind speed and precipitation, was extracted for that area for different years.  

As Table 7.1 shows, male car owners make up the majority of the sample. 

Interestingly, 34% have more than 2 cars in their household. This can be explained as a 

proxy of the income level of the household or may indicate the presence of children older 

than 18 in the household. Almost 85% of the sample is married and half of them have 

children. Information about the number and age of the children is not available. 

Regarding education level, 45% of the participants are highly educated and 42% have 

middle level education. The average age is 46, the lowest 26 and the highest 66. As 

mentioned before, participants’ current travel behaviour in terms of number of morning 

peak trips in four consecutive weeks, called reference number, was recorded before the 
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start of the project using camera detection. According to Table 7.1, more than half of the 

sample makes between 15-20 morning peak trips in the four consecutive weeks. Also, 

almost half of the participants have the possibility of teleworking. Variation can be seen 

in terms of flexible work hours.  

 

3. CHANGES IN TRAVEL BEHAVIOUR OVER TIME 

As we are interested in long-term effects of the reward scheme, changes in participants’ 

travel behaviour over time are explored in more detail in this section. There are three 

types of data in the “SpitsScoren” project, Stated Intention (SI) of the participants, GPS 

traces and camera detection data. Because of privacy issues, we only have access to the 

SI data. This data is called Stated Intention (SI) in “SpitsScoren” project and also this 

study because travellers were supposed to give their intention regarding their change for 

the day after using the smart phone. But their recorded stated preferences would be 

checked the day after using the GPS traces. So, the nature of data is actually revealed 

preference (RP). However, because the term SI has been used in the project’s reports, we 

decided to use the same term to refer to this data.  In this study, we only consider 

participants’ SI for the morning peak trips. Excluding holidays, there are 10 predefined 

alternatives (including driving during the peak that can be interpreted as “no change”) to 

avoid morning peak trips.  

Because of the low percentage of some alternatives, we aggregated the options into 

five alternatives: (i) Driving off-peak or changing departure time; (ii) Changing route 

outside the corridor; (iii) teleworking; (iv) Other, including slow modes, group 

transportation, carpooling, and public transportation, and (v) Driving during the peak or 

no change. Figure 7.2 shows the shares of these aggregated alternatives across the three 

years. 
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Table 7.1. Variables and Sample Composition 

Type variable Category Percentage 
S

o
ci

o
-e

co
n
o

m
ic

 

Gender G 
Male 85% 

Female 15% 

Marital Status 
 

MS 
Married 84.6% 

Single 15.4% 

Having Children 

 
HC 

Yes 51.8% 

No 48.2% 

Number of cars in the 

household 

 

NC 

One car 27.3% 

Two cars 38.5% 

More than two cars 34.1% 

Income  

(per year, in €) 
IN 

IN1= <30000; 5.7% 

IN2 = 30001-60000; 33.9% 

IN3 = 60001-90000; 18.2% 

IN4 => 90 001; 7.8% 

IN5 = I prefer not to answer 34.4% 

Education 
 

ED 

No schooling / education 0.8% 

VMBO (Preparatory Vocational Secondary 

Education) 
6.5% 

HAVO (Senior General 

Secondary Education )/ VWO (University 

Preparatory Education) 
9.9% 

MBO (Senior Secondary Vocational 

Education and Training) 
32.3% 

HBO (Master's degree) 31.5% 

WO (doctor's degree) 13.5% 

Age AG 

AG< 40 25.3% 

40<=AG<55 52.3% 

AG>=55 22.4% 

R
ef

er
en

ce
 

Number of morning 

peak trips in four 

consecutive  

PT 

6<= PT<10 12.2% 

10<= PT<15 31.5% 

15<= PT<=20 56.5% 

S
it

u
at

io
n
al

 

Possibility of  
teleworking 

 

PH 

Yes 47.4% 

Yes, but in practice it never happens 7.3% 

yes but my activities will not allow it 3.9% 

No 27.6% 

No, but in practice it is possible 13.8% 

Flexibility of  working 
hours 

 

FH 

every day same start  time  28.1% 

shift with fixed times 7.3% 

can decide myself on start and end times 14.3% 

can decide myself but within certain 

time window 
47.1% 

Other 3.1% 
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Figure 7.2. Travellers’ behaviour regarding alternative chosen over time 

As can be seen from Figure 7.2, the most popular alternative for all three periods is 

“driving off-peak” or “changing the departure time of the trip”, although its popularity 

decreases over time. An increase can be observed in the percentage of the “changing 

route” alternative from 2010 to 2011, with the same reward level. As the reward level 

decreased from €5 to €3 in the third period, the percentage for this option decreases, but it 

is still higher than in the first period. For “teleworking”, the percentage increases from 

2010 to 2012, although the reward level decreased in the last period. Participants have a 

higher tendency to change from 2010 to 2011, but this tendency decreases from 2011 to 

2012 with a lower reward level. In addition, the tendency to shift to the “other” 

alternative decreases over time. 

Another interesting point concerns the number of alternatives that participants 

chose to avoid their morning rush-hour trips and receive the reward. Figure 7.3 shows the 

number of chosen alternatives across the three years.  

 

Figure 7.3. Number of chosen adaptation alternatives during three periods 
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According to Figure 7.3, participants used multiple options: 30% used, 2 options; 

around 40% used 3 options, while around 20% used 4 different options. Palm et al. 

(2010) stated that most participants did not experience and used these adaptation 

alternatives before the project. Thus, the project increased their awareness of different 

travel options. There seems to be no correlation with the reward level. This type of 

behaviour has also been documented in previous Spitsmijden studies. 

4. MODEL ESTIMATION 

In order to analyze the long-term effectiveness of reward, a two-stage data analysis was 

conducted. The analysis started with cross-sectional models, estimated from annual data, 

before more complicated dynamic analysis were conducted. Since each participant 

indicated his intention for the next working day across four consecutive weeks (up to 20 

working days), panel effects were estimated. A Mixed Logit (ML) formulation was used 

to estimate cross-sectional models (Greene 2012). Using a normal distribution, 

alternative-specific constants for “changing route” and “other” alternatives provided the 

best results and were therefore used to capture significant unobserved heterogeneity in 

the sample. The base utility of “driving during the peak” or “no change” was assumed to 

be 0. The numbers of Halton draws was set to 1000 to estimate the models.  

Results indicate that respondents tended to change their decisions from “driving 

off-peak” to “teleworking” and “changing route” options. Income and number of peak 

trips for “no change”, household status and flexibility of working hours for “driving off-

peak”, education for “changing route”, and possibility of teleworking for “teleworking” 

showed strong effects for all three years. However, their effect changed over time. It 

should be noted that we could not consider the effects of reward levels directly in this 

cross-sectional analysis as the project lacked variation in each year (for more detail see 

Khademi & Timmermans 2013).   

In the second stage, the information of the three years was combined to estimate the 

effect of time (three periods: 2010, 2011, and 2012) and reward level (two levels: €5 and 

€3) directly and capture the dynamics in the utility function. Note that the term dynamic 

in this chapter refers to the changes in individuals’ adaptations over time and it is 
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different from previous chapters. Equations 7.1, 7.2 and 7.3 show the formulated ML 

model: 

𝑈𝑛𝑖𝑡 = 𝛼𝑛𝑖 + 𝜏𝑖1𝑇1+𝜏𝑖2𝑇2 + 𝛽𝑖𝑘𝑋𝑛𝑘𝑡 + 휀𝑛𝑖𝑡                                                                          (7.1) 
 

𝑃𝑛𝑖 = ∫ 𝐿𝑛𝑖 (𝛼)𝑓(𝛼)𝑑𝛼                                                                                                            (7.2) 

where, 

𝐿𝑛𝑖 = ∏
𝑒𝛼𝑛𝑖+𝜏𝑖1𝑇1+𝜏𝑖2𝑇2+𝛽𝑖𝑘𝑋𝑛𝑘𝑡

∑ 𝑒𝛼𝑛𝑗+𝜏𝑗1𝑇1+𝜏𝑗2𝑇2+𝛽𝑗𝑘𝑋𝑛𝑘𝑡𝐽
𝑗=1𝑡

                                                                               (7.3) 

   
Unit is the utility of alternative i for individual n in choice situation t and Pni   and Lni 

are the probability and logit probability of individual n choosing alternative i, 

respectively. t in the logit probability, Lni, run across days (up to 60 working days, 20 in 

each year). αni represents the constant for alternative i that varies across individuals n. 

𝑋𝑛𝑘𝑡 represents the explanatory variable k of individual n in choice situation t and 𝛽𝑖𝑘 is 

an alternative specific coefficient for variable k. 휀𝑛𝑖𝑡 is the error term that is iid extreme 

value distributed. Normal distributions were used to specify the constants, αni , as random 

parameters with mean values α0 and covariance matrix ∑α in the utility function. Thus, 

covariances between random parameters were also estimated. It should be noted that 

time-dependent dynamics were captured in the utility function for each alternative i by 

defining two time correction parameters, 𝜏𝑖1 and 𝜏𝑖2. T1 and T2 represent the years 2012 

(T1 =1, T2 =0), 2011 (T1 =0, T2 =1), and 2010 (T1 =-1, T2 =-1). 

One of the important issues in estimating mixed logit models is parameter stability. 

This issue has to the best of our knowledge not received much attention.  Parameter 

stability depends on the choice of method and number of draws from the distributions of 

random parameters. Hensher and Greene (2001) stated that as the model specification 

becomes more complex in terms of the number of random parameters, a treatment of 

heterogeneity around the mean, and correlation of attributes and alternatives, the number 

of required draws increases (Hensher & Green 2001). So far, the Halton-method has been 

the most intelligent sampling method used. However, studies reported by Train and 

Sandor (2004), and Bhat (2001) indicate the need for further research regarding the type 

of draw (Sándor & Train 2004; Bhat 2003). “Bhat on the type of draws vis-a-vis the 

dimensionality of integration suggests that uniformity of the standard Halton sequence 

breaks down in high dimensions because of the correlation in sequences of high 
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dimension” (Hensher & Green 2001). This issue has been experienced in our estimation 

as well. Different numbers of Halton draws were tested ranging from 100 to 2000. 

However, stability of random parameters was not achieved. It should be noted that the 

“no change” alternative was defined as the base alternative. The estimated model based 

on 1500 Halton draws is summarized in Table 7.2. 

The goodness-of-fit of the model in terms of Rho-square relative to the null-model 

is 0.41. The p-value for all random parameters is less than alpha equal to 0.05. Thus, the 

mean of each random parameter is statistically different from zero. Parameter estimates 

for the estimated standard deviations of the random parameters show the existence of 

significant unobserved heterogeneity in these parameters. High standard deviations of 

these parameters are also remarkable. 

Time-dependent dynamics were captured for all alternatives, except the “no 

change” alternative. However, the second level of time correction variable (2011) for 

“driving off-peak” alternative and the first level (2012) for “teleworking” do not meet the 

significance level of 95%. It should be noted that we could not estimate any significant 

effect for reward level (€5 and €3) 7 nor for any interaction between time and reward 

variables.  

The number of morning peak trips plays an important role in the participants’ 

decision to change their current pattern. We also found the effect of age on this 

alternative, but the first level that reflects the youngest age group (younger than 40) is not 

significantly different from zero. For “driving off-peak” and “changing departure time”, 

having children and flexibility of working hours show significant effects. This adaptation 

option is more chosen by travellers who have more flexible working hours and do not 

have children. The number of morning peak trips or reference number, and education 

levels influence participants’ choice of changing route. The possibility of teleworking and 

precipitation affect the “teleworking” alternative to avoid rush-hour trips. For the last 

option, that represents the aggregation of other mentioned options, the mean parameter is 

the lowest and heterogeneity highest across all alternative-specific constants.  
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Table 7.2. The estimated utility function 

Alt. Variable & Description Β SE P{׀Z׀>z} 
St. 

dev. 
P{׀Z׀>z} 

N
o

 c
h

an
g

e 

PT1 
First level of number of morning peak trips 

(6<= PT<10) 
-0.51 0.171 0.003   

PT2 
Second level of number of morning peak trips 

(10<= PT<15) 
0.30 0.132 0.023   

AG1 Age (first level: AG< 40 ) 0.13 0.990 0.321   

AG2 Age (second level: 40<=AG<55 0.44 0.102 0.000   

D
ri

v
in

g
 O

ff
-P

ea
k
 

D0 Constant 1.25 0.142 0.000 2.713 0.000 

𝜏11 Time correction 1 for driving off-peak -0.13 0.038 0.001   

𝜏12 Time correction 2 for driving off-peak 0.03 0.038 0.447   

FH1 Flexibility of working hours (first level=no) -0.53 0.119 0.000   

FH2 
Flexibility of working hours (second 

level=yes) 
0.48 0.106 0.000   

HC Having children -0.14 0.072 0.046   

C
h

an
g

in
g
 R

o
u

te
 

Co Constant -2.44 0.258 0.000 4.046 0.000 

𝜏21 Time correction 1 for changing route -0.12 0.050 0.014   

𝜏22 Time correction 2 for changing route 0.12 0.051 0.015   

PT1 
First level of number of morning peak trips 

(6<= PT<10) 
-0.50 0.156 0.001   

PT2 
Second level of number of morning peak trips 

(10<= PT<15) 
1.02 0.146 0.000   

ED1 Education (first level=low educated) 0.56 0.285 0.049   

ED2 Education (second level= middle educated) 0.79 0.186 0.000   

ED3 Education (third level= high educated) 2.24 0.170 0.000   

T
el

ew
o

rk
in

g
 

Ho Constant 0.71 0.139 0.000 2.493 0.000 

𝜏31 Time correction 1 for teleworking 0.05 0.043 0.215   

𝜏32 Time correction 2 for teleworking 0.18 0.044 0.000   

PH Possibility of teleworking 0.44 0.70 0.000   

P Precipitation (continuous) 0.03 0.010 0.000   

O
th

er
 

O0 Constant -2.90 0.245 0.000 4.255 0.000 

𝜏41 Time correction 1 for other -0.30 0.052 0.000   

𝜏42 Time correction 2 for other -0.25 0.052 0.000   

Log-likelihood=-20353.53879, ρ 2 =0.4096 , ρ 2 Adj=0.4094 
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Permitting correlated random parameters results in dependent standard deviations. 

To investigate this dependency, Cholesky decomposition was used to decompose the 

standard deviations into attribute-specific and attribute-interaction standard deviations. 

The diagonal values of the Cholesky matrix represent the amount of variance attributed to 

that random parameter when the covariance with other random parameters has been 

removed. The non-zero off-diagonal elements of this matrix carry the cross-parameter 

correlations. The Cholesky matrix is obtained from the variance-covariance matrix. To 

demonstrate, assume the variance-covariance matrix in which the variances are 

represented as the diagonal values aij where i=j and the covariances are represented as the 

off-diagonal aij values where i≠j. The Cholesky decomposition matrix is a matrix (bij) in 

which the upper off-diagonal values are all equal to zero, and other elements of the 

matrix are calculated as follows (Hensher et al. 2005): 

 

𝑏𝑖𝑗 = √𝑎𝑖𝑗                                                for i=j=1 (the first diagonal element) else (7.4) 

𝑏𝑖𝑗 = √𝑎𝑖𝑗 − ∑ 𝑏𝑖𝑗2

𝑖−1

𝑖

 if i=j≠1 (all other diagonal elements) else    (7.5) 

𝑏𝑖𝑗 =𝑎𝑖𝑗 
𝑏𝑖𝑖⁄

 
for j=1 and i≠j (lower off-diagonal elements in 

the first column) else 

   (7.6) 

𝑏𝑖𝑗 =
(𝑎𝑖𝑗 − ∑ 𝑏𝑗𝑘𝑏𝑘𝑖)𝑖−1

𝑖
𝑏𝑖𝑖

⁄  for j≠1 and i≠j (lower off-diagonal elements not 

in the first column) 

   (7.7) 

 

Figures 7.4 and 7.5 show the Cholesky matrix and the estimated correlation 

(standardized covariance) between the random parameters, respectively. Because the 

alternative-specific constants were specified as random variables in the model, Figure 7.5 

reflects the covariances between the adaptation alternatives.  
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variable D0 C0 H0 O0 

D0 2.7127 0.0000 0.0000 0.0000 

C0 -1.7053 3.9970 0.0000 0.0000 

H0 -3.7116 4.0391 1.9260 0.0000 

O0 0.6618 1.4995 4.5367 3.5098 

Figure 7.4. Cholesky decomposition matrix 

 
Figure 7.5.  Correlation between random parameters 

As Figure 7.5 demonstrates the highest negative correlation is found between the 

“driving off-peak” and “teleworking” alternatives, implying that if the probability of 

choosing one of these options increases, the probability of choosing the other option 

strongly decreases. “Teleworking” has a high positive correlation with “changing route 

“and “other” alternatives. It means that an increase in the probability of choosing the 

‘other” alternatives leads to an increase in the probability of choosing the “teleworking” 

alternative. The lowest positive correlations can be seen between “driving off-peak” and 

“other” alternatives.  
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5. INTERPRETATION 

In this section, the effects of different variables used in the utility function are described 

and interpreted in more detail. 

5.1. Dynamics of Adaptation Behaviour 

As mentioned before, the project lasted three years, which is quite unique compared to 

the “Spitsmijden” project that lasted for only 13 weeks. This provides the chance of 

capturing time-dependent dynamics of behavioural change over a long period of time. 

Figure 7.6 shows the base utility of the different alternatives and time-dependent 

dynamics. As mentioned before, the utility of the “no change” option was set to zero.  

According to Figure 7.6, in all three periods, the “driving off-peak” and 

“teleworking” alternatives have a higher base utility than the “no change” alternative. 

These options are relatively easy to implement. In contrast, the “changing route” and 

“other” alternatives have a lower utility compared to the “no change” alternative. 

Difficulties in finding alternative routes outside the SpitsScoren corridor, lack of good 

public transport towards the harbor, and long travel distance for slow modes increase the 

effort needed to adapt in case of these alternatives. 

In 2010, after one year experiencing the benefits of rewards and exploring the 

different alternatives, “driving off-peak” is the most and the “other” alternative the least 

popular option. In the second period (2011), the base utilities of “driving off-peak” and 

“other” alternatives decrease. The base utility of “changing route” and “teleworking” 

alternatives, however, increase during this period. Considering that the reward level is the 

same (€5) in these two periods, these changes can be interpreted to reflect the time effect.  

Ben-Elia et al. (2011) state that reward raises individuals’ awareness about their 

flexibility to use different adaptation options. Our findings are in line with this statement. 

The increasing trend of the “teleworking” and “changing route” alternatives after two 

years implies that participants became more aware of their possibility to “telework” and 

learned about alternative routes outside the corridor. Nevertheless, effects of other 

changes in workplace policies and household situation cannot be neglected. 

After three years of experiencing and exploring the different alternatives in 2012, 

the base utilities of all alternatives show a decreasing pattern except for teleworking, 

implying that “no change” might become more popular. It should be emphasized, 
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however, that these dynamics may be associated with time, but may also be explained by 

the reduced reward level. Again the effect of other changes such as household and work 

constraints cannot be ruled out. 

  

  

Figure 7.6.  The time-dependent dynamics of the base utility of different alternatives 

5.2. Choice of Adaptation Alternatives 

Prior studies concluded that other variables can influence the choice for an alternative 

except the rewards. Especially, Tillema et al. (2010) and Ben-Elia and Ettema (2010) 

asserted that rewards can decrease the number of peak hour trips but that socio-economic 

variables, situational factors such as household and work constraints,  habitual behaviour 

and experience, beliefs, attitude and perceptions, travel information and weather may be 

effective variables as well. The effect of such variables was tested in our study as well.  
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5.3. Effect of Usual Travel Behaviour or Reference Travel Behaviour 

Participants are car users who travel at least 5 times in the four consecutive weeks for 

their work activity in morning rush-hours. In order to study the effect of number of 

morning peak trips on participants’ decisions regarding “no change” and “changing 

route” alternatives, this variable was classified into three categories: (i) between 6 to 10 

peak trips, (ii) between 10 to 15, and (iii) between 15 to 20 morning peak trips. The first 

category is assumed to have the highest and the last one the lowest flexibility.  

Regarding the “no change” alternative, participants in the first category have a 

higher tendency to change while this tendency decreases for the second and third 

category with higher number of peak trips. Interestingly, participants with 10 to 15 peak 

trips are less likely to change their usual travel behaviour compared to the last category. 

Gärling et al. (2004) and Cao and Mokhtarian (2005) found travellers preference of low 

effort responses over high effort responses. As higher frequency requires more effort, 

fewer changes can be expected. It means the rewards cannot overcome the disutility of 

effort. Ben-Elia et al. (2011) also referred to the idea of satisfying behaviour as another 

reason of this effect. They state that “the extra rewards gained by high frequency drivers 

will have a lower impact on behaviour”.  

For “changing route”, the first and the last category show a negative utility to 

choose this option while the second group shows a positive tendency to that. Participants 

with the lowest frequency have more flexibility and as a result prefer to choose other 

alternatives compared to changing route. The issue of effort also can be a reason of lower 

utility of this option for participants with highest frequency. 

5.4. Effect of Socio-Economic Variables 

Age, education and having children show significant effects on participants’ decision. 

Age and education influence on “no change” and “changing route” alternatives, 

respectively. Three categories were considered for age. According to the results, the 

young age (26-40) and middle age (40-55) groups are not inclined to change their current 

travel behaviour but participants who are older than 55 are more willing to change. This 

result may come from the fact that older participants face less constrained compared to 

two other categories. Thus, the required effort is less and probability of change is higher. 



  

184 

 

Education plays an important role in participants’ decision to change route. The 

utility of choosing this option increases as the education level increases. It may 

demonstrate that high-educated people have a higher ability to search a new route 

through internet or other navigation devices. From another point of view, education is 

considered as a proxy for income. In this case, results indicate that as income increases 

the utility of the “changing route” alternative increases. According to previous studies, 

higher education shows a lower tendency of behaviour change in case of reward. The 

“changing route” alternative has not been investigated in the “Spitsmijden” project. 

Therefore, higher educated participants might find changing routes more attractive as 

they are less sensitive to the extra travel costs cause by changing their usual route. 

5.5.  Effects of Constraints and Flexibility in Work and Family Schedule 

According to Table 7.1, 85% of the participants are married and 52% of them have 

children. Having children restricts the choice of “driving off-peak”. Consequently, as 

expected, “driving off-peak” is less chosen by participants who have children. In contrast, 

participants without children tend to choose this option more often. Flexibility of working 

hours strongly influences the “driving off-peak” decision. This variable was aggregated 

into three categories: participants who have flexibility, those who do not have, and the 

group who prefers not to answer. The utility of this alternative is negative for participants 

without flexibility and positive for flexible participants.  

As expected, the possibility of “teleworking” has a significant effect on 

participants’ decision regarding this alternative. This effect is positive for participants 

who have this possibility and is negative for the other group. 

5.6. Weather Effect 

Precipitation affects the choice of “teleworking”. In contrast to other explanatory 

variables,   precipitation is not constant over the studied period. The average amount of 

precipitation   across the period (September to October) was 1.63, 0.85, and 1.57 mm in 

2010, 2011, and 2012, respectively. As expected the utility of “teleworking” increases 

with higher   precipitation. According to the observations (Figure 7.1), the highest 

percentage of choosing teleworking is related to 2012. Figure 7.6 shows that the base 

utility of this alternative did not increase from 2011 to 2012. This means that 
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precipitation could capture part of the dynamics of the utility of the teleworking 

alternative over time. Knockaert et al. and Ben-Elia and Ettema have also found the 

significant influence of weather. 

6. SUMMARY AND CONCLUSION 

Several fascinating reward projects have been suggested and implemented in The 

Netherlands because of massive public resistance against the implementation of road 

pricing. Based on Stated Intention data from the Dutch “SpitsScoren” reward scheme, we 

studied the long-term effectiveness of reward scheme as an alternative to pricing policy. 

A panel effects mixed logit model that allows for covariance between the adaptation 

options, was used to capture the temporal effects of the reward scheme. The estimated 

model showed evidence of covariances between adaptation strategies.  

Results indicated that from 2010 to 2012, “driving off-peak” and “teleworking” 

alternatives have the higher and “changing route” and “other” alternatives, have the lower 

base utilities compared to the “no change” alternative. However the effectiveness of the 

reward scheme changes over time and affects the various adaptation options differently. 

The number of peak trips, socio-economic and situational variables and weather 

conditions affect travellers’ adaptation strategies. In general, our findings were in line 

with the previous studies in this regard. 

Results of this study show that reward scheme lose its effectiveness over time. As 

Figure 7.2 demonstrates, in 2012, three years after start of the project, the percentage of 

“no change” increases implying that people stop adapting and fall back in their old habits 

under the scheme after three years. However, we cannot still make a strong conclusion 

about long-term effects and feasibility of large scale, region or even country-wide 

applications based on this data set. The effects of effort, experiencing and learning, and 

fatigue or motivation in long-term on travellers’ adaptive behaviour, also cannot be 

neglected. Although their long-term influences need to be more specifically explored. 

Our findings also indicate that long-term reward scheme results in awareness of people 

about their possible adaptation options. This can be seen in Figure 7.2. 

Finally, we emphasize that considering the success of the Dutch reward projects in 

the short term, the long term effectiveness of such schemes relies on the design of the 

scheme such as scale, target group, feedback, available or provided supply especially in 
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terms of public transport, carpooling, feedback, combination with other schemes and type 

of reward. The combination of charging and rewarding simultaneously is also an open 

discussion in The Netherlands now.  
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CHAPTER 8 

Conclusions & Future Work 
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1. SUMMARY 

Reducing congestion and improving the financial and environmental sustainability of 

urban transport represent new challenges for urban and transportation planners alike. It 

requires, for example, a better understanding of the impact of various pricing schemes on 

travel behaviour.  In the past, hundreds of studies have been conducted on the effects of 

pricing strategies. Although these studies have increased our understanding of the 

effectiveness of pricing, at least two limitations of such prior research should be 

mentioned 

First, pricing studies have tended to be concerned with single trips. However, trips 

are just a part of how individuals organize their daily life. Therefore, an activity-based 

approach, which takes that perspective, would be important, but unfortunately the number 

of such studies is very small indeed. Second, previous research has predominantly 

examined to effects of single pricing policies. In reality, however, travellers are 

potentially confronted with the accumulated effects of multiple pricing policies. Thus, 

examining the accumulative effects would make a contribution to the literature.  

Thus, the aim of this thesis has been to fill some gaps in pricing policy analysis and 

therefore contribute in the literature. Based on the fact that the structural components of 

daily activity-travel patters reflect scripts that individuals and households tend to apply, 

the core of this thesis developed a particular data collection protocol and the underlying 

technology, and a modelling approach to predict the likely effects of accumulating 

pricing policies on the dynamics in scripts-based activity-travel patterns. 

 In addition, as a prelude to the integrative model system, an innovative mixture 

amount experimental design approach has been implemented to study the effects of 

accumulated pricing strategies on travel behaviour, and an empirical study on long-term 

dynamic impacts of a bonus scheme has been conducted. Some interesting results were 

obtained that will be discussed in the next section. 

2. MAIN FINDINGS 

There is quite vast literature on the effect of single policy on travel behaviour. However, 

we think that studying the effects of single policies may produce biased results as 

consumer response to one policy may depend on other charges. Therefore, a mixture-
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amount experiment was designed to explore the effects of accumulated policies versus 

the single policy.  

First, the result of mixture-amount suggests that traveller response to pricing 

schemes depend on any other schemes that have been implemented. The accumulated 

policies matter, implying that if this result is generalizable, the results of much previous 

research has been biased and has likely over-estimated the effect of single pricing 

policies. As our results demonstrate, travellers’ reaction and willingness to pay vary for 

different policy packages considering different gained levels. 

 It also appeared that travellers are even more willing to pay for combination of 

policies rather than the single policy. However, choice of policy combination seems to be 

sensitive to travel cost levels. For policy makers, this approach can be useful to test 

travellers’ intention to the different packages of policies and also to explore their choice 

sensitivity to various charges and gains. In general, this approach (considering single and 

combination of policy packages) can give them better insight into policy acceptance. 

Considerable success in the Netherlands regarding the innovative rewarding scheme 

could not be neglected in this research. The scheme has been shown to be successful in 

the short run. However, the long-term effect of this scheme is still questionable. In order 

to explore the sustainable effects of this scheme, a time-dependent analysis was done on 

the stated intention data from Dutch “SpitsScoren” project.  

The results of this study on bonus schemes show that the effects, which are small to 

start with, rapidly fade over time. Arguably, this implies that even rewarding cannot 

make sustainable behavioural changes and cannot defeat the mental effort required to 

change behaviour. It also emphasizes the strong effect of the individuals’ current or 

habitual travel behaviour.  Behaviourally then, there seems to be no difference between 

punishing and rewarding over time. Policy makers, therefore, should be more cautious in 

designing and implementing such schemes if the long-term effects matter.    

The theoretical reasons for these findings, which are antagonistic to what 

propagators of pricing policies, have argued is that daily activity-travel patterns are 

strongly founded in scripts that people have gradually built up over time. Scripts reflect 

inertia in behaviour, but also the fact that a lot of mental effort is required under 

conditions of uncertainty to explore new options. The question then is whether the often 

small amounts of money that are often implied outweight the costs of extra mental effort. 
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Moreover, changing behaviour also implies that the lower costs should be higher than the 

loss in utility that often comes with these pricing policies. 

An innovative and dynamic stated adaptation experiment was designed, developed, 

and implemented to study how individuals respond to accumulated pricing policies in the 

context of their habitual scripts. Arguing the fact that considering the adaptive response 

just for single trip makes biased in the results, script as the context-dependent activity-

travel profiles seems to be a relevant unit of analysis. The first insight into habitual 

activity-travel patterns indicated that individual’s habitual activity-travel patterns are 

simple, and individuals rarely combine their habitual activities. Another finding of this 

initial insight showed that the combination of pricing policies succeeded to stimuli more 

than half of the sample to adapt their repertoires under exogenous changes. At the script 

level, as expected, the percentage of change was low indicating the strong effect of 

current situation. Interestingly, travel cost trade-off between entire repertoires (between 

scripts) was observed which led to increasing travel costs in some scripts and decreasing 

costs in others in a way that the total cost of repertoires decreases. Respondents also 

showed the simple adaptation choice for their simple repetitive patterns. 

Using activity-based approach, the results of the model of change in scripts as a 

function of pricing policies further amplifies the conclusion that their effect on daily 

scripts is relatively limited. In addition, the estimated results showed that for all activity 

types, the effect of history was not as based on theory we would expect. However, a 

strong weekly pattern effect was found for all script types. For script type effects, results 

for all three script categories indicated that executing the complex script has negative 

utility compared to the simple script. Our results also showed that the base preference for 

transport mode varies based on the activity type. The significant estimated slopes for 

travel time by different transport modes were negative indicating decreasing utility 

linearly by increasing travel time. However, the magnitude of disutility is different for 

mode categories again based on the activity type. 

There are some theoretical and methodological issues in the proposed approach that 

also need to be discussed. The first issue is how well a set of scripts represents behaviour. 

In other words, to what extent individuals’ travel-behaviour is repetitive. The current 

approach models adaptation of scripts, implying that non-regular activity and travel is not 

considered and assumed not to be affected in any systematic manner. Because the data 
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collection in the current study prompts respondents to elicit their repetitive pattern or 

scripts, it does not provide much evidence. However, panel data and multi-day GPS data 

indicates strong habitual and repetitive activity-travel patterns (e.g., Bayarma et al., 2007 

& Kitamura et al., 2006). 

Another issue to debate is in this context is how well individuals can assess the 

frequency script activation. Because scripts are repetitive by definition (weekly or 

monthly), it is expected that individuals are more aware of these patterns and therefore 

should be expected to provide valid information about the frequency of their activation. 

However, the fuzzier the script, the more difficult is to provide reliable information about 

their properties. 

The last issue concerns the question what effects can and cannot be accounted for in 

this approach compared to conventional approaches. By using an activity-based 

approach, our focus was on a complete activity repertoire of individuals rather than on an 

activity schedule for a certain day or week. One might argue that in case of long-term 

policies, focusing on individuals’ dominant behaviour, which is quite repetitive, seems 

realistic. If, on the other hand, the focus is on short term policies, this approach may lead 

to biased results.  

By considering the impact of existing choice on adaptation choice, we assumed that 

individual’s adaptation may be sub-optimal. This effect is hardly captured in the 

conventional approaches. Another point to rise up is addressing the potentially complex 

interdependent response patterns which may include multiple adaptation choices. The 

modeling framework in this approach allows individuals to adapt choice facets of their 

activity-travel pattern simultaneously. This allows capturing the effects of primary and 

secondary responses under exogenous policies.  

3. LIMITATIONS & FUTURE WORK 

This thesis has focused on developing the concepts, their measurements, and the model 

specification of a script-based Accumulated system that considers dynamics and is 

focused on the notion of scripts. It assumes that daily activity-travel behaviours show a 

considerable amount of repetition. It also assumes that behavioural change is therefore 

related to changing these scripts, subject to inertia.  
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To apply this model system to transportation management issues, in addition to for 

further elaboration and validation along the lines mentioned, it should be applied to a 

synthetic population of the study area. Each member of this population should be defined 

in terms of a script, similar to what currently is done for current thesis project. The model 

that can be used to estimate how people adapt their scripts and the travel demand that 

engage to quantify the effects of any combination of pricing policies. 

However, for using this model some points need to be further explored. First of all, 

strong simplifying assumptions were made regarding choice set composition that might 

affect the estimated results. Because choice sets were constructed to only include used 

scripts, the results are basically related to this condition. 

Another point to look at is the observed and unobserved heterogeneity (taste 

variations). The observed heterogeneity could be considered by taking into account socio-

demographic characteristics of the sample. The unobserved heterogeneity in estimation 

could be captured by using Mixed Logit models. In addition to improving overall results, 

results could also be used to identify different segments in the population, with different 

response patterns to accumulated pricing strategies. 

The next point relates to the assumption regarding the effect of history. In theory it 

was assumed that needs increase continuously meaning as the need-growth parameter 

increases (time ago that an activity is conducted), the utility of executing that activity 

increases as well. However, as our results show, choice probabilities do not change 

continuously and the response seems to be more discrete than continuous. Therefore, in 

future research, it is recommended to consider alternative specification of dynamic needs 

and how it is related to choice behaviour. 

Specifying interaction terms between certain pricing policies and timing variables is 

also strongly recommended and would reveal the major behavioural effects of pricing 

policies. In the current framework, however, the terms like day-of-week and time-of-day 

are only consider additively. More specifications for location of activity and also route as 

one of adaptation choice alternatives could also be extracted from data and included in 

the analysis. 

Another issue for future work is improving SINA system and collecting data about 

time and budget constraints for scripts. This will allow us to test and develop the entire 

dynamic activity-based framework introduced in chapter 5. The system can also be 



 

193 

 

improved by adding more checks for activity frequencies. This will improve the 

reconstruction of monthly activity-travel pattern and prevent having overlapped episode 

on the same day of the week. 
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Summary 

 

Considering the ever-increasing rate of road congestion worldwide on one hand and 

limited infrastructures and resources to improve supply on the other hand, predicting the 

impact of different transportation pricing strategies on travel behaviour represents new 

challenges to transportation researchers. An exploration of the existing literature suggests 

that stated preference and choice (SC&P) models have been the most popular modeling 

techniques in transportation research and policy analysis to assess the impact of pricing 

policies. However, most studies in the context of policy analysis are restricted to single 

trips, single-faceted choice of travel in isolation or limited to the primary responses. They 

also do not include trip generation components, and are often limited to congestion 

pricing.  

As an alternative to the current state of the art in the application of experimental-

design methods and SC&P modeling techniques in travel behavioural research in general 

and pricing studies in particular, the ultimate goal of this PhD thesis is to design a new 

data collection system and modeling approach to study the impact of external policies on 

changes in current activity-travel patterns. The proposed approach differs from existing 

approaches in the following ways. First, using the activity-based approach, the focus is on 

complete activity repertoires of individuals, rather than on single facets. The underlying 

assumption here is that individuals change their behavior by reconsidering each activity 

in terms of a script that defines the ways habitual activities are usually conducted. 

Secondly, rather than estimating the part-worth utility of single facets, the focus of 

attention is on the overall utility of an activity. Thirdly, rather than assuming that 

individuals will maximize the utility of choice alternatives when faced with exogenously 

triggered behavioural change, we assume that their adaptation may be sub-optimal in the 

sense that individuals may be reluctant to change. Finally, considering three policies and 

their combinations, we focus on behavioural changes under influence of a multitude of 

policies. 

To collect the relevant data, a Scrip-based Interactive dyNAmic data collection 

system called SINA is designed and developed. This web-based questionnaire consists of 

three separate parts. In the first part, respondents are asked to report their socio-
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demographic profile. The second part involves recording their current activity-travel 

repertoires. In the third part, respondents are faced with exogenous changes and asked if 

and how they would adapt their current repertoires in response to these described 

policies. An application of SINA is tested in Rotterdam and Eindhoven. The results of 

descriptive analysis of the data indicate that more than half of the sample adapted their 

repertoires under hypothetical scenarios. However, the adaptations mostly include minor 

changes in the entire repertoires. 

 

In the next step, an activity-based model is proposed to estimate dynamics in 

repertoires of activity-travel patterns. A key assumption underlying this model is that 

activity agendas evolve dynamically as a function of time-depending needs, history and 

the usual opportunities and constraints. The proposed modelling framework is used to 

capture the effects of pricing policies on individuals’ adaptive behaviour. Results show 

respondents’ inertia.  

In addition to the development and test of the dynamic activity-based model, two 

other studies are discussed. The first study explores travellers’ adaptive behaviour to 

accumulated transport charges using a mixture-amount experiment involving three 

mixtures of pricing schemes: toll road, congestion pricing and parking price. Results 

supports the potential of the proposed approach and reveal that considering the effects of 

a single policy represents a very limited view of the problem of consumer response to 

pricing policies.  

The second study explores the long-term effects of one of the reward projects called 

“SpitsScoren” in The Netherlands. All previous studies concluded that reward schemes 

are successful in the short run. Based on Stated Intention data from the Dutch 

“SpitsScoren” reward scheme, the long-term effectiveness of reward scheme was studied. 

A panel effect mixed logit model that allows for covariance between the adaptation 

options is used to capture the temporal effects of the reward scheme. Results of this study 

reveal that the reward scheme loses its effectiveness over time. 
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