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CHAPTER1 
INTRODUCTION 

1.1 BACKGROUND 

Over the past decades, travel demand models have been developed and become the 

professional standard for supporting infrastructure planning decisions. These models 

allow planners and engineers to forecast the impact of new infrastructure and 

behavioral response to changes in the attributes of the transportation system. The 

increased importance of transportation management relative to transportation 

planning triggered shifts from evaluating long-term investment-based capital 

improvement strategies to understanding travel behavior in response to short and 

mid-term traffic management, such as congestion policies, environment tax and 

alternate work schedules. The behavior inadequacy of the trip-based approach, and 

the consequent limitations of the approach in evaluating demand management 

policies, has led to the emergence of the activity-based approach in travel demand 

analysis.  

Activity-based modeling of transport demand was officially put on the policy and 

research agenda in the mid-1990s, reflecting the need to develop improved 

instruments for assessing sustainable urban development and transport management 

initiatives. Since then, activity-based models of travel demand have gradually replaced 
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the traditional four-step models by embedding spatial and temporal 

interdependencies in predicting travel characteristics and usage of transport services 

under alternative socio-economic scenarios. During the last twenty years, a number of 

operational travel demand forecasting systems has been developed. Some notable 

examples include ALBATROSS (Arentze & Timmermans, 2000, 2005); CEMDAP (Bhat, 

et al., 2004); MATSIM (Balmer, et al., 2009) and TASHA (Miller & Roorda, 2003). More 

recently, the research focus in activity-based modeling has shifted from static to 

dynamic models to embed different planning horizons in scheduling decisions and 

avoid limitations of single day models. A more detailed discussion of progress in the 

formulation of activity-based approaches and operational forecasting systems is 

provided in Henson, et al. (2009) and Rasouli & Timmermans (2014).  

The last decade has witnessed a trend towards more integral policy assessment. 

Travel demand and the amount of emissions generated by vehicles are two essential 

and controversial issues faced by many governments. Integral policy assessment 

meant that transportation management decisions are not only evaluated in terms of 

transportation objectives, but also in terms of their economic, social and 

environmental impact. Energy price is one of the essential links among energy price 

policy, travel demand, energy consumption and environment impact. It exists as a 

combination of market price and tax. Transport tax, as a major source of government 

revenue, is an important policy instrument that influences travel demand and 

transportation infrastructure. A significant increase in energy prices may have a 

considerable effect on people’s daily activities and travel behavior. Due to energy 

scarcity and the need to reduce greenhouse emission, many researchers believe that 

energy prices will dramatically increase, both from the market price and taxation 

perspectives, in the future (Wegener, 2013; Fatmi, et al., 2014). It is necessary to 

investigate consumers’ responses to changes in energy price policies, particularly 

energy price spikes in both the short and long-term.  

Although activity-based models have been extended, the current generation of 

activity-based travel demand forecasting systems still does not fully address the 

relationships between energy price and activity-travel behavior. Yet, the activity-

based approach provides a platform to investigate both the effects of energy price 

and add an important performance indicator – energy consumption – by linking the 

duration of activities and travel to energy consumption. The impact of fuel price could 

cause individuals to re-schedule their activities and related trips. The accumulation of 

re-scheduling of activities and household interactions will influence the travel demand 

and related energy consumption. However, there is a significant lack of empirical 

studies to bridge the gap between activity-based modeling and models of energy price 

policy effects and energy consumption performance. This thesis will contribute to this 
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recent trend by expanding the activity-based approach to include energy price, energy 

policy and energy consumption.  

1.2 MOTIVATION 

Although the activity-based approach has been considered as a more sophisticated 

platform to understand individual’s activity-travel adaptations to fluctuations in real 

energy price and potential taxes enforced by energy policies, the dominant approach 

thus far to investigate the effects of energy price is to estimate functional 

relationships in aggregate data or disaggregate cross-sectional data and assuming 

these estimated relationships are invariant across time. Over the years, an abundant 

body of knowledge on the responsiveness of traffic demand focusing on aggregate 

level changes in fuel prices has emerged (Goodwin, 1992; Oum et al., 1992; Graham & 

Glaister, 2002; Hanly, et al., 2002; Graham & Glaister, 2004). Several authors have 

analyzed the effects of price fluctuations on fuel consumption, vehicle miles travelled 

and vehicle stock. Results of these studies indicate that high fuel price causes a 

combination of travel miles reduction and increased fuel efficiency. In addition, tax 

incentives, if properly structured, can play a valuable role in stimulating the 

introduction and initial sales of important energy efficiency technologies such as 

hybrid and fuel cell vehicles. Several notable literature reviews and a number of meta-

analyses of travel demand elasticities have provided evidence to that effect (e.g., 

Espey, 1998; Brons et al., 2008; Wardman & Grant-Muller, 2011). 

These studies, due to their focus on aggregate level effects of energy price on 

travel demand, did not consider the heterogeneity of individual’s car use decisions 

and could not capture the impact of key variables on such decisions. To add detail to 

the understanding of the temporal nature of consumer response, individual and 

household behavior has received increasingly more attention recently. The analysis of 

fuel demand from a micro perspective has intensified in the last two decades. The 

growing interest of economists for this approach can be explained by the fact that 

micro-data allow capturing the heterogeneity of households’ VMT (vehicle miles 

travelled) decisions and the impact of key variables on such decisions. The majority of 

these studies is based on individual’s static activity-travel behavior to investigate the 

influence of energy price. These studies include individual attributes and suggested 

that a small increase in gas price can cause changes in travel decisions, which are 

influenced by socio-demographic variables and the surrounding built environment 

(Kayser, 2000; Bomberg, 2007; Bhat et al., 2009).  

However, these studies are still limited in scope. The existing studies lack 

comprehensive choice modeling of behavioral changes in relation to traveler’s 

attributes, land use, and neighborhood characteristics. Moreover, most studies did 
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not consider the nature of different types of activities and trips, and neglected the 

connections among them. Further, there is only a very limited literature on individual 

adaptations of travel behavior for mainly two reasons: lack of appropriate models and 

lack of appropriate data. Although many studies on gasoline demand models indicate 

that major changes occur more than one year after the energy price spikes by 

calculating elasticities, long-term adaptation in response to energy price spikes 

received less attention (Goodwin, 1992; Kayser, 2000; Graham & Glaister, 2002). 

This thesis will contribute to the expansion of the activity-based approach to 

bridge the gap between activity-based modeling, and models of energy price effects 

and energy consumption performance. More specifically, the thesis will contribute to 

the state of the art from two relevant perspectives, which are investigating the 

impacts of energy price increases on travel demand and including energy 

consumption as a performance indicator in activity-based models. Detailed activity-

travel trajectories constitute the basis for an extended set of performance indicators 

and useful prediction output for different domains of application, e.g. travel demand, 

energy consumption and emission.  

To contribute to the increasing literature on dynamic activity-based models by 

embedding energy price effects, two general ways to study behavior adaptations 

caused by exogenous factors will be followed: 1) to identify and study trends with 

panel data; 2) to collect stated adaptation data of behavioral change, which allows 

investigating whether change will occur after the implementation of some 

hypothetical transportation schemes. This thesis will investigate the influence of 

energy price from both ways to understand how individual’s activity-travel behavior 

reacts to changes in energy price and energy price spikes.  

Both panel data and stated adaptation data were collected for this project to 

answer the following questions. How will individuals change their behavior in 

response to dramatically increasing energy prices? How will this affect mobility and 

location choice behavior? Will individuals and households reduce their travel distance 

for daily activities? Will there be a renaissance of public transport, walking and cycling? 

Will frequency of activities at distant locations be reduced? Will individuals replace 

cars for reducing the extra cost? Will there be a trade-off between in-home energy 

costs and out-of-home energy costs? One of the challenges of this thesis and the 

concerned academic communities is to progress from static activity-based approaches 

to dynamic activity-based models, focusing on behavioral change at various time 

horizons in response to specific energy price or related energy policies.  

The objective of the thesis is to develop models based on the activity-travel 

modeling approach and different types of data to investigate the complicated multi-

level (from static to dynamic, from short-term to long-term perspectives) effects of 

energy prices, and compare the results. The ultimate goal is to develop a 
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comprehensive dynamic model of activity-travel patterns, expanding and integrating 

concepts and partial approaches that have been suggested over the last few years to 

predict consumer behavioral adaptations and energy consumption in reaction to 

energy price spikes. 

1.3 RESEARCH QUESTIONS 

In this thesis, two main research questions and six sub-questions are addressed. 

 

Q1: How do individuals and households adapt to energy price fluctuations by changing 

their activity travel behavior? 

 

This research question aims to determine the effects of real fuel price fluctuation on 

individual’s out-of-home activity-travel behavior. It will be based on revealed data. 

This question can be broken down into four sub-questions, which are:  

1) What are the static effects of fuel price fluctuation on individual’s travel 

time? 

2) Do these effects differ between population segments and types of 

neighborhoods?  

3) What are the short-term and long-term dynamic fuel price effects on 

individual’s activity-travel behavior in terms of elasticities and cross-

elasticities of vehicle miles traveled, public transport miles traveled and 

slow mode miles traveled? 

4) Are individual’s car use patterns significantly influenced by fuel price and 

other contextual variables, such as weather type and days of week? If so, 

how do these influences vary across the population? 

 

Q2: What are the effects of dramatically increasing energy prices on dynamic 

repertoires of individual’s activity-travel behavior and residential energy consumption? 

 

The second research question aims to investigate the mid-term and long-term effects 

of increasing energy prices on individual’s adaptation of habitual activities and 

potential investment in new energy products. This part will be based on stated choice 

data – script data (a set of one or more multi-faceted activities that are routinely 

conducted with some degree of regularity). This question can be broken down into 

three sub-questions, which are: 

1) Considering respondents’ fixed budget, how do they adjust their current 

behavior to potential restricted energy conservation options (both in-home 

and out-of-home) to compensate for dramatically increasing energy prices? 
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2) Considering respondents’ current repertories of out-of-home energy 

consuming behavior, how do respondents adapt their existing scripts in 

response to different hypothetic energy price/tax scenarios according to 

their real situation and existing knowledge of the urban environment? 

3) Considering respondents’ current out-of-home scripts and in-home energy 

consumptions situation, how do respondents invest in new energy-efficient 

cars or even become energy producers in long-term in reaction to energy 

price spikes?  

1.4 DATA  

As we mentioned above, the lack of appropriate data is one of the major reasons why 

only few individual travel behavior adaptation studies have been conducted to date. 

The validation and verification of static and dynamic activity-based models requires 

data covering detailed activity-travel behaviors, in-home energy consuming behavior 

over a sufficiently long time period. In addition, the approach requires data of 

individual and household responses to specific energy price/policies along different 

time horizons. Therefore, to fill this research gap and answer the research questions 

mentioned above, individual panel data using GPS devices, scripts data, and stated 

adaptation data in reaction to energy policies were collected in the context of this 

PhD project. In addition, the Dutch National Travel Survey Data (MON) were used to 

investigate individual activity-travel behavior changes triggered by average fuel price 

data. For testing specific hypothetic energy price policies based on individual current 

behavior, mixture-amount adaptation data was collected. Moreover, in the context of 

the larger U4IA project, an interactive computer experiment system (SINA) was 

developed to collect individual script data, in-home energy use data and behavior 

adaptation data in response to multiple energy policies.  

The structure and relationship among the four data sets are described in Figure 

1-1. In general, MON and GPS panel data are revealed preference data, while mixture-

amount stated adaptation data and script data are stated choice data. The MON data 

are cross-sectional data in the sense that every year’s data concern a different sample. 

The stated choice data include multiple samples of the same individual. To the extent 

that unobserved variables influence these responses, a model should account for 

these effects. The GPS data are the true panel data. As seen from Figure 1-1, GPS 

panel data cover short-term behavioral adaptation in response to fuel price, while the 

mixture-amount stated adaptation data and computerized stated adaptation script 

data cover mid-term and long-term behavioral adaptation in response to energy price 

tax and emission tax. Detailed information of each type of data is presented in 

relevant chapters. 
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MON Data
Year: 2004-2009

Size: 23025-38130
(individual)

GPS Panel Data
Year: 2012-2013
Size: 250 (cohort)

Mixed-amount 
stated adaptation 

Data
Year: 2012-2013

Size: 317 (individual)

Computerized 
stated adaptation 

Data
Year: 2014

Size:572(individual)

Revealed preference data Stated preference data

Pseudo Panel data/ Panel data

Out-of-home activity-travel pattern

Residential energy consumption pattern

Short-term adaptation

Mid-term adaptation

Long-term 
adaptation

Cross-
sectional data

 
FIGURE 1-1 DATA SOURCES AND RELATIONS 

1.5 THESIS OUTLINE  

The structure of the thesis is shown in Figure 1-2. The thesis starts with revealed 

preference analysis using the 2004-2009 national travel survey data (MON) of the 

Netherlands. Chapter 2 addresses research question R1.1 and R1.2 – “what are the 

static effects of fuel price fluctuations on individual travel times and what are the 

differences, if any, between population segments and types of neighborhoods?”. It 

describes the estimation results of the impact of fuel price on people’s activity-travel 
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patterns with a focus on day of the week differences. A simultaneous equation model 

system is formulated to estimate the relationships between duration of activity 

participation, travel time expenditure, fuel price and a set of socio-demographics and 

spatial variables. Seemingly unrelated regression analysis is applied to estimate the 

system.  

 

 
FIGURE 1-2 RELATIONS BETWEEN CHAPTERS, RESEARCH QUESTIONS, 

METHDOLOGIES AND DATA 
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Revealed preference of individual’s 

activity-travel adaptation to energy price fluctuation

RQ 1.1 Static effects of energy price
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Chapter 3

RQ 1.3 Dynamic effects of transport mode choice and VMT

Chapter 4
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Stated preference of individual’s 
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Given the importance of behavioral adaptation and the non-existence of long-

term (a few years) panel data in the Netherlands, a pseudo-panel approach is used in 

Chapter 3 to estimate the long-term dynamic effects of energy price on Dutch 

residents. A pseudo panel data set is constructed using the 2004 to 2009 MON to 

answer research question R1.3 – the short-term and long-term dynamic fuel price 

effects on individual’s activity-travel behavior in terms of elasticities and cross-

elasticities of vehicle miles traveled, public transport miles traveled and slow mode 

miles traveled. A generalized least squares model (GLS) is estimated to study the 

effects of fuel price fluctuation on individual travel distance by car, public transit and 

slow modes.  

Although pseudo panel data constructed by MON allow exploring behavioral 

adaptation in relatively long-term, the panel data is considered as the most suitable to 

model the dynamic effects on travel behavior at the individual level. To further 

explore how individual’s activity-travel behavior is influenced by fluctuations in real 

fuel price, one year GPS panel data, daily weather data and daily fuel price data are 

collected to answer research question R1.4 - Are individual’s car use patterns 

significantly influenced by fuel price and other contextual variables, such as weather 

type and days of week? If so, how do these influences vary across the population? 

Sample selection models for panel data are used to investigate Individual’s car use 

decisions and car use patterns. 

The second part of the thesis takes up the challenge to build dynamic activity-

based models focusing on complex behavioral adaptation in response to budget 

constraints and multiple energy policies. The focus moves from only out-of-home 

activity-travel behavior adaptations to both activity-travel behavior and residential 

energy-related behavioral adaptations. To answer research question R2.1 “how 

individuals adjust their current behavior considering their fix budget to potential 

restricted energy conservation options (both in-home and out-of-home) to 

compensate for dramatically increasing energy prices?”, Chapter 5 proposes an 

extended context-dependent mixture-amount model to study the problem of energy 

saving strategies (combinations of transportation-related options and technology) 

under hypothetic increased prices scenarios. A mixed logit model is used to analyze 

energy-saving choice panel data, collected from 317 respondents. In this chapter, it is 

argued that so-called mixture amount designs may be a highly relevant class of 

designs to study the trade-off energy conservation problem, subject to budget 

constraints and context dependency.  

To further study research question R2.2 – “Considering respondents’ current 

repertories of out-of-home energy consuming behavior, how do respondents adapt 

their existing scripts in response to different hypothetical energy price/tax scenarios 

according to their real situation and existing knowledge of the urban environment?”, 
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a dynamic model of activity-travel behavior to predict effects of energy price policies 

on people’s activity-travel demand is developed in Chapter 6. In contrast to existing 

approaches, the model imposes virtually no restrictions on the level of detail to 

construct scripts. It simultaneously deals with multiple choice facets such as location, 

departure time, activity duration, transport mode, and travel company. With dynamic 

utility thresholds regarding the use of money and time, it allows simulating how facets 

of particular scripts, making up the activity-travel repertoire of an individual, may 

change across multiple time horizons in response to different energy price policies, 

including fuel tax, fuel emission tax and public transport fare tax.  

To answer research question R2.3 – “Considering respondents’ current out-of-

home scripts and in-home energy consumption situation, how do respondents invest 

in new energy-efficient cars or even become energy producers in the long-term in 

reaction to energy price spikes?”, a portfolio choice problem is conceptualized to 

understand how consumers respond to increasing fuel price as a result of 

accumulated price policies by investing in portfolios of house and transport-related 

options. It overcomes the restriction of single strategy choice and allows estimating 

the effect of the composition of the portfolio on the utility of a choice option and 

corresponding choice probabilities. To allow for heterogeneity, a random parameters 

logit model of portfolio choice was formulated to estimate the effects of the 

attributes of the choice options, the cross effects of portfolio composition, the effects 

of socio-demographic variables and the effects of policies on individuals’ portfolio 

choice.  

To validate the rich model structure proposed for research questions R2.2 and 

R2.3, a new data collection system - SINA – was developed. It uses spatial information 

to support the data collection on repertoires of habitual activity-travel patterns. It also 

supports collecting data on adaptation by allowing a complete restructuring of scripts 

and data on long-term investment strategies, based on a cross effects design.  

Chapter 7 tests the adaptation modeling approaches proposed in Chapter 6 by 

estimating and analyzing the supposed relationships using the empirical data 

collected using SINA. It starts with description of data collection process and 

descriptive analysis of socio-demographics variables of the sample collected by SINA. 

Then the maximizing log likelihood method is used to estimate the parameters for the 

dynamic model of activity-travel scripts to predict effects of energy price policies on 

people’s activity-travel behavior. Finally, a random parameters logit model is applied 

to explore individual’s preference on long-term energy conservation strategies. 

Finally, main conclusions and a discussion of future work are presented in 

Chapter 8. 
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CHAPTER2 
EFFECTS OF FUEL PRICE ON INDIVIDUAL TRAVEL 

TIME 

2.1 INTRODUCTION 

The impact of fuel price on travel behavior has gained considerable attention in 

transportation research for several decades. Many authors have analyzed the effects 

of price fluctuations on fuel consumption, vehicle miles travelled and vehicle stock 

based on aggregated level data (e.g., Oum et al., 1992; Goodwin, 1992; Graham & 

Glaister, 2002, 2004; Hanly, et.al. 2002). A few studies used disaggregate individual or 

household level data to explore the effects. Examples include Hensher et al. (1990) 

and Greening et al. (1995). Several meta-analysis were conducted recently to 

summarize the abundant body of empirical results (e.g., Brons, et al., 2008; Wardman 

& Grant-Muller, 2011). In general, these studies have found that fuel price has 

significant negative effects on people’s vehicle miles travelled, fuel consumption and 

vehicle stock. Moreover, the effects varied from country to country and from time 

period to time period.  

                                                                 
 This chapter is based on Yang, D. & Timmermans, H.J.P. (2013), Analysis of the influence of 
fuel price on individual activity-travel time expenditure, Transport Policy 30, pp. 40-55. 
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The effects of fuel price have been extensively explored in terms of vehicle miles 

travelled, fuel consumption and vehicle stock. However, little is known about the 

effects of changing fuel price on time expenditure in activity-travel patterns. Travel 

time has always been considered as a key issue for activity-travel scheduling problems. 

As activity participation and scheduling decisions are influenced by space-time and 

temporal constraints, it is reasonable to expect that travel time may vary across travel 

purposes and space-time constraints at individual level. To further investigate the 

energy price fluctuation effects on travel time, this chapter seeks to answer the 

following questions. First, does fluctuation in fuel prices have an impact on people’s 

activity-travel time expenditure? If so, does the impact differ between population 

segments and types of neighborhoods? To answer these questions, a literature review 

about effects of fuel price on vehicle miles travelled is conducted. The sample used in 

this chapter will be introduced in section 3, and a descriptive analysis will be 

presented. The data for this analysis was derived from a national activity-travel diary 

dataset, collected in the Netherlands (MON). This is followed by an explanation of the 

design of the study and the conceptual framework. A multi-group structure 

simultaneous equations model was formulated. Seemingly unrelated regression 

analysis was used to allow for the possibility that the error terms of the various 

equations may be correlated. The results are discussed in section 2.4. The chapter 

concludes with a discussion of main findings. 

2.2 LITERATURE REVIEW 

Fuel price elasticity of travel demand has been the most widely estimated parameter 

in empirical studies on the effects of fuel price fluctuation on activity-travel behavior. 

Economists have highlighted the role of economic instruments, such as fuel taxes, on 

the grounds of economic efficiency. Many previous studies have argued that an 

increase in fuel price will induce consumers to directly reduce their energy 

consumption by reducing vehicle miles travelled, buying more efficient vehicles, and 

implementing a fuel-efficient driving style. Price elasticities of fuel demand indicate 

the percentage reduction in fuel demand as a result of a percentage increase in fuel 

prices. Literature reviews and a number of meta-analysis of demand elasticities (e.g., 

Oum et al., 1992; Goodwin, 1992; Graham & Glaister, 2002, 2004; Hanly, 2002; 

Kremers et al., 2002; Wardman & Shires, 2004; Holmgren, 2007; Brons et al., 2008; 

Hensher, 2008; Wardman & Grant-Muller, 2011) indicate that vehicle miles travelled 

is reduced in the short run if the real price of fuel increases. This reduction builds up 

to higher reduction rates in the longer run.  

Most studies have typically estimated aggregate elasticities of transportation 

demand with respect to fuel price and compared these elasticities both at the 
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national and international level with urban and rural data. This is understandable in 

the sense that most published data relate to that level of aggregation. However, to 

add detail to the temporal nature of consumer response, individual and household 

behavior has received increasing attention recently. The analysis of fuel demand from 

a micro perspective has intensified in the last two decades. Examples include Hensher 

et al. (1990) and Greening et al. (1995). The growing interest of economists in this 

approach can be explained by the fact that micro-data allow one to capture the 

heterogeneity in households’ VMT decisions and the impact of key variables on such 

decisions. However, the number of such studies is still limited. 

Hensher et al. (1990) developed a model to explain vehicle kilometers per 

annum for households in the Sydney Metropolitan area in terms of a range of vehicle 

characteristics and household consumption and income attributes. Based on a sample 

of 1172 households, collected between 1981 and 1982, they found evidence of a 

substantial price effect on vehicle use. The estimated short-run price elasticities of 

vehicle use were -0.26 for 1-vehicle households, -0.33 for 2-vehicle households and -

0.39 for 3-vehicle households.  

Rouwendal (1996) analyzed fuel efficiency of private cars in relation to both the 

technical characteristics of cars and socio-economic characteristics of the drivers. He 

obtained data of 300 participants from the Dutch Private Car Panel. The data refer to 

the year 1986, when fuel prices changed significantly. He investigated the 

relationships between fuel use car information and drivers characteristics in the short 

run. With respect to the car, he used information about car weight, cylinder volume, 

year of construction and type of fuel. Driver’s personal characteristics considered in 

this study were sex, age, income, total number of kilometers driven each year by the 

main car user, information about their business, type of work, whether they receive 

compensation for the cost of the car, and travel distance between residential and 

work location. He also included monthly average temperature in order to take into 

account the influence of weather on fuel consumption. Monthly information about 

fuel prices in the Netherlands was given by Shell. He presented OLS estimates for 

specifications that were linear in parameters with the logarithm of the number of 

kilometers driven per liter of fuel as the dependent variable. His results showed that 

people who are unemployed, managers and self-employed persons all have a less 

efficient driving style. No gender effect was found but age had a significant effect. 

Older drivers were in general less fuel-efficient drivers. The monthly temperature had 

significant effects on fuel consumption at the 10 per cent level. However, he did not 

found a significant effect of the logarithm of income of the main driver. When regard 

to fuel prices, he found that the petrol elasticity of fuel use is 0.15 in short run. The 

compensation for driving costs did not have a significant effect on fuel efficiency. 
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After separating the drivers who do and who do not receive compensation, the 

regression results showed a slightly larger coefficient for the latter group.  

Puller & Greening (1999) examined the dynamics of household adjustment to 

changes in the real price of gasoline using micro level data. They examined household 

non-business gasoline demand to changes in the real price of gasoline using 9 years of 

panel data (1980-1981 & 1984-1990). The panel data consisted of three micro level 

data sets. The base is the Consumer Expenditure Survey data, which collects 

information on household consumption, demographic characteristics and durables 

ownership for five consecutive quarters. In order to obtain the fuel efficiency of each 

vehicle in a household, EPA (US Department of Energy) data on efficiency rates in lab 

tests was merged based on the car information (e.g. model, year, type of vehicle, 

number of cylinders and type of transmission). Finally, monthly average nominal 

prices of all types of gasoline for various regions from the Bureau of Labor Statistic 

was been deflated and merged with the household data using a combination of region 

and size criteria. Similar to previous studies, they estimated long-run change in vehicle 

stock over time, and decomposed demand into a vehicle usage and a vehicle stock 

component. They applied lag structures to their data in a pooled model. Using one-

year lags, they found an elasticity of -0.35 in line with previous research. However 

when they used quarterly lagged prices, price elasticity is much bigger (-0.8) than 

before. The two equation results suggested that households reduce both VMT and 

MPG in the year after a price change. When using quarterly lags, they found that both 

VMT and household MPG fall in the quarter of a price increase, but in subsequent 

quarters VMT snaps back while household MPG gradually declines.  

Later, Kayser (2000) estimated short-term gasoline demand elasticities, which 

included elasticity of household miles, travelled, household fuel efficiency and car 

stock by using household-level data from the US. The main data used is different from 

the data used by Puller & Greening. Kayser used 1981 household data from the Panel 

Study of Income Dynamics (PSID) and gasoline consumption from the Survey of 

Consumer Finances (SCF) and the annual Gas Mileage Guides for New Car Buyers 

(Environmental Protection Agency). Monthly average nominal gasoline prices for 

various regions were from the Bureau of Labor Statistic. He modeled the demand for 

automobiles and gasoline as a joint decision. He simultaneously estimated the binary 

decision about whether or not to own a car, and the continuous demand for gasoline 

using. A two-stage Heckman model was applied. He found a significant positive 

relationship between income and fuel efficiency. Further, high income households 

were likely to purchase more fuel efficient cars to replace their current car when 

gasoline prices are high, and households with several cars will likely shift from less fuel 

efficient cars to more fuel-efficient ones. The results of short-term price elasticity of 

vehicle miles travelled were not significant, which indicates that higher gasoline prices 
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will not lead to a substantial reduction in the amount of gasoline consumed by 

households in the short-run.  

More recently, Frondel & Vance (2010) applied a Two Part Model, which 

consisted of a Probit and OLS estimators to the German Mobility Panel (MOP, 2007) to 

incorporate both the discrete and continuous choices. They positioned this paper as 

the first paper, which estimates the elasticity using weekly data, which allowed 

differentiating estimated effects by work and non-work days, and also enabled the 

estimation of the lower bound of the short-run elasticity. They used 3031 

observations, spanning 1996 through 2005, limited to household members who 

possess a driver’s license. They used kilometers driven over a 5-day week, kilometers 

driven over weekends and kilometers driven per liter as dependent variables, 

socioeconomic profiles, car information and accessibility as independent variables. 

They found that compared with U.S.-based studies, fuel elasticity is substantially 

larger (-0.42 and -0.48). In addition, results indicated that the estimated fuel price 

elasticity is slightly higher on weekend. Women had less access to the car than men, 

who had a higher need of access to the car. The number of children had a highly 

significant positive effects on car use. Individuals with high school education and 

employed drive more, while older individuals drove less.  

Romero-Jordán et al. (2010) estimated price and income elasticities in Spain. The 

estimation period runs from the first quarter of 1998 to the fourth quarter of 2001 

using a continuous family budget survey dataset. The observed heterogeneity is 

captured through a vector of socio-economic variables such as living environment, 

number of household members, economic situation of the household, occupation and 

education level. They found a relative low price elasticity and high-income elasticity.  

Hollander (2010) considered home-based commuting and used a pragmatic 

approach to estimate travel demand for the population of Dublin. He found that fuel 

price elasticities differed from 7am to 10am; elasticities were also less negative for 

commuter trips than for discretionary trips. In addition to trip purpose, social-

demographic variables such as income, and urban density were studied. Wang & Chen 

(2012) studied variation in fuel price elasticity of VMT across different income groups, 

based on a sample of 105,372 households from the 2009 National Household Travel 

Survey. They found that the higher income groups showed greater fuel price elasticity 

than lower income groups and that the rebound effect was found to be only 

significant for the lowest income quintile. They used a polynomial distributed lag 

model to discern the reaction rates of fuel price and transit patronage in different 

cities of the US. They concluded that, in large cities, the response to fuel price change 

was rapid, occurring within one to two months. In medium-sized cities, a less intense 

response occurred immediately after price increase, drawn out over a period of up to 
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seven months. In the smallest cities, any transit ridership response to increased fuel 

prices took place between five to seven months following the change.  

Although these previous studies have found evidence of fuel price fluctuation 

effects, some questions have remained unanswered. First, almost all these studies 

only investigated the effects of fuel price fluctuations on travel distance, car 

ownership and fuel consumption (e.g. Brons et al., 2008; Hensher & Li, 2010). Despite 

more than two decades of travel demand analysis, there has been less research on 

travel time expenditure as a demand variable to reflect effects of behavioral change 

due to increasing fuel prices. However, when faced with increasing energy prices for 

fuel, besides choosing an energy-saving transport mode to reduce fuel consumption, 

individuals who usually use the car as their transport mode also need to decide 

whether they should adapt the duration of one or more activities. In turn, changes in 

activity duration may affect travel time, as we know that willingness to travel longer 

distances is influenced by activity duration. Individuals may even decide to become 

less involved in out-of-home activities and spend more time at home to reduce fuel 

consumption. However, the latter strategy may increase their in-home energy 

consumption.  

The study of travel time expenditure is especially relevant because several 

authors have found evidence of a stable time budget (e.g., Bieber et al., 1994; 

Vilhelmson, 1999; Schafer & Victor, 2000). Empirical evidence to that effect, however, 

has been concerned with the aggregate level; at the same time there is evidence of a 

high degree of inter-personal variation in travel time budgets. Moreover, little is 

known about the effects of changing fuel price on time expenditure in activity-travel 

patterns. If individuals need to adapt to changing prices, they should consider 

dependencies between travel time and activity duration, which play an important role 

in people’s activity-travel scheduling decisions. Moreover, individuals have some 

sense of priority when deciding on activity participation and other choice facets 

underlying activity-travel schedules. Finally, activity participation and scheduling 

decisions are influenced by space-time and temporal constraints. Thus, one may 

expect that the effect of increased fuel prices is more complex than previous studies 

may have unraveled in the sense that the effect may vary between activity-travel 

patterns involving different purposes and varying time and space-time constraints. 

The first issue requiring further study concerns the question how fluctuations in fuel 

prices co-vary with the different activity-travel patterns and underlying purposes. 

Few prior studies have examined time expenditure differences between 

weekdays and weekends when comparing fuel consumption in the context of a 

person’s activity-travel patterns. Competition for the car and allocation of household 

responsibilities matter more on weekdays. Often, the day-of-week variable is treated 

as an exogenous variable and does not play any role in determining the causal 
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structure of the activity duration or time use model. However, this could be 

problematic as the effects may differ between weekdays and weekends, reflecting the 

fact that time use substantially varies by day of the week (e.g., Yun & O’Kelly, 1997; 

Sugie et al., 2003). Therefore, it is reasonable to hypothesize that there is significant 

day-of-the-week effect in the impact of fuel price on people’s activity-travel patterns. 

This chapter seeks to investigate the effects of fluctuation in fuel prices on 

people’s activity-travel time expenditure and examining the difference between 

weekdays and weekends. To answer these questions, first a description of the study 

area and dataset will be provided in section 2.2. It will be followed by the 

methodology and estimation results. Conclusion will be presented in the end of the 

chapter. 

2.3 DATA 

2.3.1 DATA SOURCES 

The dataset used in this study was assembled from two sources. The main part of the 

dataset stems from the Dutch National Travel Survey (MON = Mobiliteit Onderzoek 

Netherlands). The survey covers 2004 to 2009 with almost equal sample sizes for 

every year. An observation in this dataset is a trip conducted by a household member. 

Overall, this is a comprehensive cross-sectional data source for analyzing activity-

travel behavior of Dutch residents. It consists of household samples, covering all 

provinces in the Netherlands. Besides household, individual, and transportation 

ownership information, the survey includes a single-day activity-travel diary. The diary 

contains details about all trips made on the designated day and about the activities 

conducted at trip destinations, such as start time, start point, transport mode, type of 

fuel used (the main car used by the household member), travel purpose, activity type, 

activity duration, etc. It should be noted that the data does not contain any 

information to distinguish cars between private and company cars. Therefore, we 

could not exame any relationship between ownership type and fuel consumption.  

The primary research question driving this study is how people respond to fuel 

price fluctuation. Since information on fuel prices is not available from the national 

travel survey, it is necessary to use national average price data. Fuel prices for diesel 

and petrol were derived from the energy publication website of AA 

(http://www.aaireland.ie). The AA Public Affairs Fuel Price Report uses data sources 

from Experian Catalist (www.catalist.com). The fuel prices are an average of mid-

month prices from 28 different countries. The data for fuel prices per liter for the 

Netherlands could be dated back to 2000.  

http://www.aaireland.ie/
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Figure 2-1 presents fluctuations in fuel price between 2002 and 2009. Inflation 

was not taken into account since it was close to zero during the observation period. 

Overall, diesel price increased from 0.7 euro per liter to 1.5 euro per liter, and peaked 

in July of 2008. From March 2002 to July 2008, petrol prices in the Netherlands 

increased at an average rate of about 10% per year, and dropped to 1.2 euro per liter 

at the end of 2008. Next, another round of price increases can be observed. Petrol 

prices climbed to 1.5 euro/liter and then became stable.  

Next, the fuel price data were merged with the MON data. Because different 

types of fuel used for travel are recorded in the MON data, the prices for different 

types of fuel were linked to the travel data. The sample chosen for this study is the 

individual who used the car for travelling. Data were constructed as follows. First, the 

eight trip purposes distinguished in MON (work, business visits, services/ personal 

care, shopping, study, social or recreational trip, tours or hiking, and other trips) were 

classified into three broad categories: compulsory (study and work-related trips), 

maintenance (services/personal care, shopping, delivery persons and goods), and 

leisure (social or recreational trip, tours or hiking). Next, transport modes were 

classified into three categories: car (car driver or car passenger), public transport (bus, 

train, tram/metro), and slow transport mode (bike or on foot). Then, each individual’s 

daily diary was processed to identify the duration of the three kinds of trips 

(compulsory, maintenance and leisure) by the three transport modes (car, public 

transport and slow transport mode) and duration of three kinds of activities 

(compulsory activities, maintenance activities and leisure activities). Finally we used 

the 2004-2009 MON data for analysis. There are around 177,593 individuals in this 

dataset. The sample chosen in this study is the individual who could be car driver. 

There is one variable which indicates whether the person in the household could use 

the car or not. After eliminating individuals who could not use the car, 124,710 

persons’ diaries were used for fuel price analysis.  

 
FIGURE 2-1 MONTHLY AVERAGE FUEL PRICE FROM 2002 TO 2009 
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2.3.2 SUMMARY STATISTICS 

FUEL PRICE 

To allow the identification of seasonal effects, all six years of MON data were used for 

estimation. Table 2-1, showing average diesel and petrol prices from 2004 to 2009, 

demonstrates that diesel and petrol prices were the highest in 2008. The difference 

between the maximum and minimum price is also at its maximum in 2008. 

Country-level, monthly average retail fuel prices in the Netherlands were used in 

the analysis. The Y-axis of Figure 2-2 shows the difference against the average fuel 

price over the 6 year time period (euro/liter). It shows that both petrol and diesel 

price went up between January and July and reached their highest price in July. After 

September, the price decreased significantly and reached at the lowest level in 

January. As shown in Figure 2-3, fuel price is not always higher in warm seasons and 

lower in cold seasons. 

TABLE 2-1 FUEL PRICE SUMMARY FROM 2004 TO 2009  

Year 
Mean Max-Min 

Petrol Diesel Petrol Diesel 

2004 1.24 0.89 0.14 0.19 

2005 1.35 1.03 0.21 0.20 

2006 1.42 1.08 0.19 0.11 

2007 1.46 1.10 0.18 0.23 

2008 1.53 1.29 0.44 0.48 

2009 1.41 1.06 0.20 0.09 

 

 

FIGURE 2-2 MONTHLY AVERAGE FUEL PRICE FROM 2004 TO 2009 
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FIGURE 2-3 MONTHLY FUEL PRICE RELATIVE TO THE 12-MONTH MOVING AVERAGE 

FROM 2004 TO 2009 
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on these activities and travel is significantly different between weekdays and 

weekends for all three types of activities. 

TABLE 2-2 ENDOGENOUS VARIABLES AND SUMMARY STATISTICS 

 
Name 

Mean 
(Minutes/per 
respondent) 

Std. 
deviation 

Minimum Maximum 

Travel 
time 

Cctraveltime 27.69 53.598 0 1079 
Cptraveltime 2.10 18.449 0 900 
Cetraveltime 2.45 11.342 0 568 
Mctraveltime 13.16 27.439 0 540 
Mptraveltime 0.41 7.785 0 900 
Metraveltime 4.51 13.163 0 270 
Lctraveltime 20.16 48.614 0 1025 
Lptraveltime 1.10 16.754 0 1005 
Letraveltime 10.54 32.065 0 659 

Activity  
duration 

Cduration 226.68 266.646 0 1055 

Mduration 74.86 134.005 0 990 

Lduration 103.23 167.550 0 1045 
Hduration 593.11 257.974 0 1079 

Note: Cctraveltime: Travel time for compulsory trips by car; Cptraveltime: Travel time for compulsory trips 
by public transit; Cetraveltime: Travel time for compulsory trips by slow mode; Mctraveltime: Travel time 
for maintenance trips by car; Mptraveltime: Travel time for maintenance trips by public transit; 
Metraveltime: Travel time for maintenance trips by slow mode; Lctraveltime: Travel time for leisure trips by 
car; Lptraveltime: Travel time for leisure trips by public transit; Letraveltime: Travel time for leisure trips by 
slow mode; Cduration: Duration for compulsory activity; Mduration: Duration for maintenance activity; 
Lduration: Duration for leisure activity; Hduration: Duration for in-home activity 
 

 
FIGURE 2-4 MONTHLY TRAVEL TIME RELATIVE TO THE 12-MONTH MOVING 

AVERAGE 
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TABLE 2-3 T-TESTS OF ENDOGENOUS VARIABLES 

Time use category 
Mean (minutes/per person) T-value (p-

value) Weekdays(n=16546) Weekends (n=4593) 

Travel time for compulsory trips 39.95 5.72 -92.961 (0.00) 

Travel time for maintenance trips 18.47 16.72 -8.307 (0.00) 

Travel time for leisure trips 23.74 59.52 90.614 (0.00) 

Duration of compulsory activities 279.92 43.57 -140.435 (0.00) 

Duration of maintenance activities 75.58 72.36 -3.542 (0.00) 

Duration of leisure activities 75.84 197.43 112.076 (0.00) 

 

Figure 2-4 shows the monthly travel time by different transport modes relative 

to the 12-month moving average. It indicates that people spend more time on 

travelling in good weather. Travel time by all transport modes decreased in winter, 

especially in December and January. The decrease in travel time in July, August, 

December and January can be explained by the holiday season especially for travel 

time by slow mode. Comparing Figures 2-4 and Figure 2-2, similar trends can be 

observed in certain months. However, travel time especially by car is not always lower 

in holiday months (July, August, December and January) and bad weather conditions.  

EXOGENOUS VARIABLES 

Table 2-4 gives an overview of the exogenous variables used in the analysis. Following 

prior research, two sets of exogenous variables were used: personal characteristics 

and external variables. The reason for including Child ratio which is equal to the 

number of children divided by the number of adults in the household, instead of 

numbers of household members is based on the results of previous studies, which 

found that child ratio is a superior measure of household responsibilities compared to 

the number of children (Kwan, 1999; Ren & Kwan, 2009). Households with a higher 

child ratio are expected to have more maintenance activities and trips as more 

household tasks need to be performed. A higher ratio also tends to increase the 

number of out-of-home leisure activities and trips. 

For external variables, we included fixed season effects, days of week effects and 

energy price effects. As shown in Figures 2-2 and 2-3, the fuel price is affected by 

season, which is lower in cold season and higher in spring and summer. The travel 

time by different transport modes is influenced both by season and holiday. To 

capture this fluctuation, two typical seasons in the Netherlands (warm weather 

season and cold weather season) and holiday period will be included in the analysis. 

Due to opening times of facilities in the Netherlands, which differ between Saturdays 

and Sundays, days of the weekend (Saturdays or Sundays) were also considered. 



 
 

23 
 

TABLE 2-4 EXOGENOUS VARIABLES 

 Name Description  Type  

Personal 
character
istics 

Gender Gender  Binary: 0-men/1-woman 
Age Age classification Ordinal  

Child ratio 
Ratio of number of children 
under 18 to number of adults 

Continuous 

Net income Personal net-income in 6 levels Ordinal 
Living environment Urbanization in 5 levels Ordinal 

External 

Season Season classification Binary: 0-warm/1-cold 

Holiday month Whether it is holiday month Binary: 0-no/1-yes 
DOW Days of the weekend Binary: 0-Sat./1-Sun. 

TABLE 2-5  SUMMARY OF SOCIO-DEMOGRAPHIC VARIABLES 

 Mean Std. Dev. Minimum Maximum N 

Gender -- -- 1(Female) 2(Male) 124710 

Child-ratio 0.33 0.53 0 7 124710 

Age 48.15 14.86 18 99 124710 

Net-income 3.68 -- 1(None) 6(>30,000) 124710 

Living environment 3.14 -- 1 5 124710 

Note: living environment 1 means more than 2500 addresses per km2; 5 means less than 500addresses per 

km2. 

 

 
FIGURE 2-5 AVERAGE DAILY TOTAL CAR TRAVEL TIME PER PERSON BY AGE 
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year. The sample includes more people with more than 7500 euros net-income per 

year and who live in less urbanized areas. The child-ratio indicates that most 

respondents do not have children.  

In the MON data, the age variable is continuous. Several studies, however, found 

that people’s travel times are not linearly nor monotonically related to age. For 

example, Colia et al. (2003) found that older Americans travel extensively, and that 

they rely on personal vehicles as heavily as their younger counterparts. However, 

when compared to younger adults, they tend to make fewer trips, travel shorter 

distances, and have shorter travel times. Dargay & Clark (2012) found the over 60s 

travel more by coach and less by car than those under 60, and less for leisure and 

visiting friends and relatives but more for holidays. Zheng et al. (2007) analyzed and 

compared individual travel characteristics between the elderly and people between 

19 and 60 years old in China. They found that the travel ratio of the elderly is slightly 

lower than the average of the population. To find the best categorization of age, we 

therefore explored the relationship between age and travel time. As shown in Figure 

2-5, a significant change in travel time by car is observed after 58 years of age. 

Consequently, age was divided into two categories: between 18 to 57 years old 

(coded as 0) and older than 57 (coded as 1).  

2.4 METHODOLOGY 

An activity-based framework was adopted in this study to examine the effect of gas 

prices on travel behavior. The main reason for adopting an activity-based approach is 

the lack of integrity and interdependencies in classical modeling of different facets of 

travel behavior. The activity-based approach is based on the assumption that 

transport demand is derived from participation in activities. Daily activity schedules 

are used as a means of integrating interrelated activity participation, scheduling and 

travel decisions. Various models of how people organize their activities have been 

developed over the years. Examples include Albatross (Arentze & Timmermans, 2000; 

Arentze & Timmermans, 2005), CEMDEP (Bhat et al., 2004), and Famos/PCATS 

(Pendyala et al., 2005). Figure 2-6 explains some key concepts of this approach. 

Activity engagement is assumed to generate travel demand, which in turn, if the 

activity is conducted out-of-home, will lead to travel engagement. However, travel 

engagements may also influence activity engagement, due to time constraints (Golob, 

1998).  

Based on this framework, we argue that in order to understand the possible 

effects of fuel price on activity-travel patterns, we should focus on both the duration 

of activities and travel time expenditures associated with different transport modes. 
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FIGURE 2-6 CONCEPTUAL FRAMEWORK 

 
FIGURE 2-7 STRUCTURE OF ACTIVITY-TRAVEL BEHAVIOR SIMULTANEOUS EQUATION 

SYSTEM 
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activity duration and travel time expenditure in the analysis, we can better assess the 

impact, if any, of fuel prices and differentiate between activity engagement and travel 

time expenditure. In this context, the distinction between compulsory, maintenance 

and leisure activities is relevant as this distinction implies a priority ranking, reflecting 

the flexibility of changing activity and trip schedules. Compulsory activities and trips 

have the highest priority, followed by maintenance activities and leisure activities.  

Figure 2-6 depicts the assumed relationships. In addition to assessing the effects 

of fuel prices, three hypothesized interrelationships among these variables make up 

this framework. The first hypothesis is an assumed relationship between fuel price 

and the travel time spent on various types of trips by three transport modes. We 

assume that an increase in fuel price tends to have a negative influence on travel 

times by car. Furthermore, a decrease in travel time by car may have a positive 

influence on travel time by other transport modes. These effects depend on the kind 

of trip. Moreover, besides the relationships shown in Figure 2-6, we assume 

differences between weekdays and weekends and between Saturdays and Sundays 

because these days play a different role in the scheduling of different kinds of 

activities. More specifically, fuel price may have a greater impact on travel times for 

compulsory travel on weekdays, whereas leisure travel times is more likely affected 

on weekends (especially on Saturdays) because of the opening times for shops in the 

Netherlands. 

The second hypothesis concerns the interdependencies between various types 

of activities. As time is limited, different activities will compete for the available time 

budget. We differentiate between out-of-home activities and in-home activities. 

Causal relationships among engagement in out-of-home activities, expressed in terms 

of their duration, are assumed. Since work and study-related activities are compulsory, 

they have the highest priority compared to other kinds of activities. Moreover, we 

assume that an increase in fuel price tends to have a positive effect on in-home 

activity duration.  

Third, we hypothesize relations between duration and travel time. As shown in 

Figure 2-7, in particular, we hypothesize that duration has a positive effect on travel 

time, assuming that people would not prefer to conduct a short activity when 

travelling for a long time. Moreover, we expect that travel time expenditures have 

feedbacks on the duration of activities because of the competition for limited time. 

For example, compulsory trips may have a negative impact on the duration of 

maintenance and leisure activities due to differences in priority. So does time for 

maintenance trips, which is expected to have a negative impact on the duration of 

leisure activities as well.  

Based on these hypothesized relationships, the causal structures of two baseline 

models, one weekdays and the other for weekends, were specified. After separating 
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the data set into two parts (weekdays and weekends), we obtained 96,149 

observations for weekdays, and 27,959 for weekends. Since our model contains 13 

linear equations, it is unrealistic to expect that equation errors would be uncorrelated. 

To gain efficiency in estimation by combining information on different equations and 

imposing and testing restrictions on parameters of different equations, seemingly 

unrelated regression (SUR) system was used for the analysis and estimation. 

Considering the conceptual framework depicted in Figure 2-6, the following 

simultaneous equations were derived.  

𝑐𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

𝑓𝑢𝑒𝑙𝑝𝑟𝑖𝑐𝑒, 𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑐𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇1    2.1 

𝑐𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑐𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇2     2.2 

𝑐𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑐𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇3                2.3 

𝑚𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑚𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

 𝑚𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇4 2.4 

𝑚𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑚𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

𝑚𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇5 2.5 

𝑚𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑚𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

 𝑚𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇6 2.6 

𝑙𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑙𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

 𝑙𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑙𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇7  2.7 

𝑙𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑙𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

 𝑙𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑙𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇8 2.8 

𝑙𝑒𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑙𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

 𝑙𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑙𝑝𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇9   2.9 

𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒,

𝑐𝑡𝑟𝑎𝑒𝑣𝑙𝑡𝑖𝑚𝑒
) + 𝜇10                          2.10 

𝑚𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒,

𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇11                         2.11 

𝑙𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛,

𝑐𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒, 𝑚𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑚𝑡𝑟𝑎𝑣𝑒𝑙𝑡𝑖𝑚𝑒
) + 𝜇12             2.12 

ℎ𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑓 (
𝑠𝑜𝑐𝑖𝑜𝑑𝑒𝑚𝑜𝑔𝑟𝑝ℎ𝑖𝑐, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒,

𝑐𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑚𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑙𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
) + 𝜇13                         2.13 

where, the socio-demographic variables refer to gender, age, child-ratio, net-income 

and living environment. The external variables include season, holiday month and 

days of the weekend (Saturday or Sunday). However, due to memory limitations, the 

amount of data for weekdays was too big for the software to estimate the model. 

Therefore, we randomly selected 5 subsamples of the same size for weekends to 

estimate the SUR model. Comparing the parameters of 5 subsamples, the results were 
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quite stable, especially for endogenous variables and significant exogenous variables. 

Thus, we argue that the results of the whole weekday dataset would be similar to 

those obtained from the subsample used for the estimation.  

2.5 RESULTS OF THE NATIONWIDE ANALYSIS 

2.5.1 THE IMPACT OF FUEL PRICE ON ENDOGENOUS VARIABLES 

First, and most central to this chapter, we discuss the effects of fuel price. As shown in 

Table 2-6 and Figure 2-8, general speaking, most of the effects of fuel price are 

significant at the 5 per cent level, except the effect of fuel price on maintenance trips 

during weekends which is insignificant. It should be emphasized here that these 

signifcances may be inflated due to the aggregation of fuel prices data. It indicates 

that people’s travel time will decrease with increasing fuel price , while people’s in-

home duration will increase at the same time. But fuel price does not have a 

significant negative effect on people’s travel time by car for maintenance trip on 

weekends. 

Comparing weekdays and weekends, fuel price unequally influences travel 

patterns across the days of week. Results show that it has a greater negative impact 

on trips for compulsory activities by car during weekdays compared to weekends, 

while it has significant positive effects on the duration of in-home activities during 

weekdays. It indicates that people may substitute their travel time by car to in-home 

activities when fuel price increases. When comparing the impacts on leisure trips, 

travel patterns during weekends are more influenced. 

TABLE 2-6 EFFECTS OF FUEL PRICE ON CAR TRAVEL TIME VARIABLES 

Group  Cctraveltime SE Mctraveltime SE Lctraveltime SE 
In-home 

duration 
SE 

Weekdays -52.945** 1.746 -1.073** 0.554 -1.537** 0.572 49.467** 1.727 

Weekends -5.818** 0.620 -1.030 0.853 -10.798** 1.791 13.666** 1.720 

One month lag 

Weekdays -60.150** 1.805 -1.168** 0.575 -1.557** 0.594 55.937** 1.785 

Weekends -6.063** 0.643 -0.809 0.885 -12.705** 1.856 15.322** 1.783 

Note: *variable: p < 0.1; **variable: p<0.05; Cctraveltime: Travel time for compulsory trips by car; 

Mctraveltime: Travel time for maintenance trips by car; Lctraveltime: Travel time for leisure trips by car. 

TABLE 2-7 ESTIMATED SHORT TERM ELASTICITIES 

Group Compulsory trip by car Maintenance trip by car Leisure trip by car In-home duration  

Weekdays -0.750 -0.033 -0.039 0.112  

Weekends -0.150 -0.035 -0.215 0.028  
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TABLE 2-8 EFFECTS OF FUEL PRICE ON WEEKDAYS (EXCLUDE HOLIDAY MONTH) 

VARIABLES 

Group Cctraveltime SE Mctraveltime SE Lctraveltime SE 
In-home 

duration 
SE 

Weekdays -55.446** 2.027 -1.215* 0.642 -1.084 0.667 51.484** 2.001 

Note: *variable: p < 0.1; **variable: p < 0.05. 

 

 
FIGURE 2-8 EFFECTS OF FUEL PRICE ON TRAVEL TIME OF DIFFERENT ACTIVITY 

CATEGORIES 
 

Moreover, the impact of fuel price is different for travel time expenditures with 

different purposes during weekdays and weekends. For instance, fuel price has the 

biggest impact on the duration of compulsory trips during weekdays. Increasing prices 

coincide with decreasing travel times expenditures for compulsory trips by car. 

Further, leisure trips are influenced more strongly by fuel price during weekdays 

compared to maintenance trips. People seem to prefer reducing travel times 

expenditures for leisure trips more than reducing travel time expenditures for 

maintenance trips with increasing fuel prices. During weekends, as people spend 

more time on leisure activities, the impact of fuel price on leisure trips is higher than 

on compulsory trips.  

Figure 2-8 shows more clearly the effects of fuel price increase (0.1 euro) on 

travel time and in-home duration. For weekdays, it illustrates that if the fuel price 

increases by 0.1 euro, people will travel around 5.2 minutes less for compulsory trips, 

0.1 minutes less for maintenance trips and 0.15 minutes less for leisure trips by car on 

weekdays. They will also stay 4.9 minutes more at home. For weekends, the result 
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shows that with a 0.1 euro fuel price increase, people spend 0.6 minutes less on 

compulsory trips, 0.1 minutes less on maintenance trips and 1.1 minutes less on 

leisure trips. They stay 1.4 minutes more at home. People will travel around 55 

minutes less on weekdays and 18 minutes less on weekends for trips by car if the fuel 

price increases with 1 euro. 

Further, as pointed by Goodwin (1992), it may take time for people to respond 

to changes in fuel price. Therefore, we estimated one month lag fuel price effects on 

travel time for different purposes to examine whether there is significant difference 

or rebound. The results are also shown in Table 2-6. They indicate that one month lag 

fuel prices still have negative effects on travel time by car and positive effects on in-

home duration. However, there are some differences compared with current month 

effects, as shown in Figure 2-9. For weekdays, the one month lag fuel price effects on 

travel time are stronger on weekdays. For weekends, the one month lag fuel price 

effects on travel time for leisure trip by car and in-home duration are stronger, but for 

travel time by compulsory and maintenance trips by car, the results show some 

rebounds for one month lag effects. The effects of fuel price decreased after one 

month. 

The short-term elasticity results for all trip purposes are shown in Table 2-7. It 

shows that the elasticities are negative for all three kinds of trips, which indicates that 

people will reduce their travel time when faced with increasing fuel prices. Their 

weekday elasticities are always higher than weekend elasticities. Elasticities also differ 

substantially for different kinds of trips. The elasticity of travel time for maintenance 

trips is the lowest as indicated by an elasticity of -0.109 for weekdays and elasticity of 

-0.035 for weekends. It means that travel time for maintenance trips is the least 

sensitive to fuel price. Moreover, it shows that travel time for compulsory trips is 

more sensitive to changes in fuel price during weekdays, compared to other trip 

purposes, while travel time for leisure trips is more sensitive to change during 

weekends. 

Comparing the effects of fuel price on travel time for different purposes trip by 

car, the effect on compulsory trips during weekdays is much higher than on others. 

Considering holiday months, however, people do not work or study during their 

holiday month which may introduce some bias on the results. Thus, we further 

estimate the effects of fuel price on their compulsory travel time by car on weekdays 

of non-holiday months. We excluded the data of month 1, 7, 8 and 12 and estimated 

the model again. As shown in Table 2-8, the effect of fuel price on compulsory travel 

time by car increased. However, the effect on maintenance and leisure trip decreased. 

It indicates that if fuel price increases, people reduce more the travel time by car for 

their compulsory trips, but less the travel time for leisure and maintenance trips on 

weekdays of non-holiday months. 
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FIGURE 2-9 EFFECTS OF FUEL PRICE (1 EURO) ON TRAVEL TIME (MINUTES) FOR 
DIFFERENT ACTIVITY CATEGORIES 

2.5.2 THE IMPACT OF ENDOGENOUS VARIABLES  

The results of endogenous variables are presented in Tables 2-9 and 2-10, showing 

the estimated coefficients for the given variables for different assumptions. The R 

squared and adjusted R squared shown at the bottom of each table suggest that the 

goodness of fit of the weekday model is a little better than that of the weekend model.  

Further, the goodness of fit for the car trip is much better than that for public 

transport and slow mode trips. This may be influenced by the fact that compulsory 

trips contain much fewer zero values.  

Looking closely at these two tables, the bold figures denote parameters that are 

significant at the 5 per cent level. Although some equations have a very low R squared, 

almost all the assumed relationships are significant. It indicates that some dependent 

variables could not be explained very well by the independent variables included in 

the model, but there are still significant effects among endogenous variables. The 

results support the second and third hypothesis and indicate that the causal 

structures underlying people’s activity-travel behavior are significantly different 

between weekdays and weekends.  
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TABLE 2-9 RELATIONSHIPS AMONG ENDOGENOUS VARIABLES (WEEKDAY) 

Variables 
Compulsory trips Maintenance trips 

Car SE public SE Slow SE car SE public SE slow SE 

Cctraveltime 
  

-0.165 0.002 -0.153 0.002  
  

  
 Cptraveltime -0.444 0.002 

  
-0.117 0.003  

  
  

 Cetraveltime -1.025 0.006 -0.195 0.009 
  

 
  

  
 Mctraveltime 

      
 

 
-0.008 0.001 -0.148 0.002 

Mptraveltime 
      

-0.159 0.008 
 

 -0.002 0.012 

Metraveltime 
      

-0.496 0.003 0.011 0.003  
 Lctraveltime 

      
 

  
  

 Lptraveltime 
      

 
  

  
 Letraveltime 

      
 

  
  

 Ctraveltime 
      

-0.004 0.002 0.000 0.000 -0.006 0.001 

Mtraveltime 
      

 
  

  
 Ltraveltime 

      
 

  
  

 Cduration -0.035 0.002 -0.008 0.001 -0.003 0.001  
  

  
 Mduration 

      
0.128 0.001 0.003 0.000 0.053 0.001 

Lduration 
      

 
  

  
 R2 0.199 

 
0.018 

 
0.028 

 
0.222 

 
0.004  0.150 

 Adjusted R2 0.198 
 

0.018 
 

0.028 
 

0.221 
 

0.003  0.149 
 Note: Cc: Compulsory trip by car; Cp: compulsory trip by public transit; Ce: compulsory trip by slow modes; 

Mc: Maintenance trip by car; Mp: Maintenance trip by public transit; Me: Maintenance trip by slow modes; 
Lc: Leisure trip by car; Lp: Leisure trip by public transit; Le: Leisure trip by slow modes; Ctraveltime: travel 
time for compulsory trip; Mtraveltime: travel time for maintenance trip; Ltraveltime: travel time for leisure 
trip; Cduration: compulsory activity duration; Mduration: maintenance activity duration; Lduration: leisure 
activity duration. 

TABLE 2-9 CONTINUED 

Variables 
Leisure trips  Duration  

car SE public SE Slow SE CA MA SE LA SE HA SE 

Cctraveltime 
      

 
 

  
 

  

Cptraveltime 
      

 
 

  
 

  

Cetraveltime 
      

 
 

  
 

  

Mctraveltime 
      

 
 

  
 

  

Mptraveltime 
      

 
 

  
 

  

Metraveltime 
      

 
 

  
 

  

Lctraveltime 
  

-0.014 0.002 -0.155 0.002  
 

  
 

  

Lptraveltime -0.252 0.011 
  

-0.064 0.012  
 

  
 

  

Letraveltime -0.261 0.002 -0.004 0.002 
  

 
 

  
 

  

Ctraveltime 0.013 0.002 0.001 0.000 0.002 0.001  
 

-0.144 0.007 0.029 0.008  

Mtraveltime 0.032 0.003 0.001 0.001 0.022 0.003  
 

  -0.191 0.026  

Ltraveltime 
      

 
 

  
 

  

Cduration 
      

 
 

-0.160 0.003 -0.053 0.003 -1.033 

Mduration 
      

 
 

  -0.111 0.008 -1.104 

Lduration 0.148 0.001 0.008 0.000 0.070 0.001  
 

  
 

 -0.928 

R2 0.297 
 

0.014 
 

0.117 
 

0.091 
 

0.170  0.031  0.877 

Adjusted R2 0.296 
 

0.013 
 

0.116 
 

0.091 
 

0.169  0.030  0.876 
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TABLE 2-10 RELATIONSHIPS AMONG ENDOGENOUS VARIABLES (WEEKEND) 

Variables 
Compulsory trips Maintenance trips 

Car SE Public SE Slow SE Car SE Public SE Slow SE 

Cctraveltime 
  

-0.060 0.002 -0.075 0.001  
  

  
 Cptraveltime -0.271 0.005 

  
-0.046 0.004  

  
  

 Cetraveltime -0.735 0.009 -0.053 0.008 
  

 
  

  
 Mctraveltime 

      
 

 
-0.048 0.002 -0.171 0.002 

Mptraveltime 
      

-0.249 0.005 
 

 -0.096 0.007 

Metraveltime 
      

-0.557 0.005 -0.036 0.004  
 Lctraveltime 

      
 

  
  

 Lptraveltime 
      

 
  

  
 Letraveltime 

      
 

  
  

 Ctraveltime 
      

-0.046 0.006 -0.004 0.002 -0.024 0.003 

Mtraveltime 
      

 
  

  
 Ltraveltime 

      
 

  
  

 Cduration 0.094 0.001 0.010 0.000 0.014 0.000  
  

  
 Mduration 

      
0.102 0.001 0.010 0.000 0.033 0.001 

Lduration 
      

 
  

  
 R2 0.359 

 
0.011 

 
0.054 

 
0.252 

 
0.008  0.098 

 Adjusted R2 0.359 
 

0.010 
 

0.054 
 

0.252 
 

0.008  0.097 
 Note: Cc: Compulsory trip by car; Cp: compulsory trip by public transit; Ce: compulsory trip by slow modes; 

Mc: Maintenance trip by car; Mp: Maintenance trip by public transit; Me: Maintenance trip by slow modes; 
Lc: Leisure trip by car; Lp: Leisure trip by public transit; Le: Leisure trip by slow modes; Ctraveltime: travel 
time for compulsory trip; Mtraveltime: travel time for maintenance trip; Ltraveltime: travel time for leisure 
trip; Cduration: compulsory activity duration; Mduration: maintenance activity duration; Lduration: leisure 
activity duration. 

TABLE 2-10 CONTINUED 

Variables 
Leisure trips  Duration  

Car SE Public SE Slow SE CA MA SE LA SE HA SE 

Cctraveltime 
      

 
 

  
 

  

Cptraveltime 
      

 
 

  
 

  

Cetraveltime 
      

 
 

  
 

  

Mctraveltime 
      

 
 

  
 

  

Mptraveltime 
      

 
 

  
 

  

Metraveltime 
      

 
 

  
 

  

Lctraveltime 
  

-0.017 0.002 -0.165 0.002  
 

  
 

  

Lptraveltime -0.205 0.009 
  

-0.084 0.010  
 

  
 

  

Letraveltime -0.259 0.002 -0.008 0.002 
  

 
 

  
 

  

Ctraveltime -0.174 0.008 -0.012 0.005 -0.133 0.009  
 

-0.140 0.039 -0.163 0.011  

Mtraveltime -0.149 0.006 -0.020 0.004 -0.122 0.007  
 

  -1.217 0.046  

Ltraveltime 
      

 
 

  
 

  

Cduration 
      

 
 

-0.134 0.006 -0.320 0.011 -1.020 

Mduration 
      

 
 

  -0.498 0.064 -1.045 

Lduration 0.092 0.001 0.005 0.001 0.026 0.001  
 

  
 

 -1.077 

R2 0.184 
 

0.010 
 

0.087 
 

0.034 
 

0.184  0.127  0.933 

Adjusted R2 0.183 
 

0.010 
 

0.086 
 

0.034 
 

0.184  0.126  0.933 
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Generally speaking, activities compete for the limited time budget. Compulsory 

activities have negative impacts on the duration of both maintenance and leisure 

activities, whereas maintenance activities have a negative impact on the duration of 

leisure activities. Activity engagement has a positive impact on travel engagement. In 

addition, the inter-relationships between transport modes suggest that, generally, 

travel time expenditures by different travel modes have negative impacts on each 

other. 

Comparing the causal structure of weekdays and weekends, it suggests that time 

spent on compulsory trips has a stronger negative effect on maintenance and leisure 

activity-travel time expenditures in weekends. In addition, compulsory activity 

duration has stronger negative impacts on leisure duration during weekends, while, 

compulsory trips and maintenance trips have stronger negative impacts on leisure 

trips during weekends. On weekdays, travel time for leisure activities is more strongly 

influenced by leisure activity duration. 

2.5.3 THE IMPACT OF EXOGENOUS VARIABLES  

The impact of exogenous variables is summarized in Tables 2-11 and 2-12. The bold 

figures denote parameters that are significant at the 5 per cent level. There are more 

significant exogenous variables in the weekday model than in the weekend model. To 

interpret the results, we will mainly focus on the significant coefficients. 

Several interesting results were obtained. First, gender, which is a binary variable 

with 0 representing men and 1 representing women, has significant negative effects 

on compulsory travel time expenditure and compulsory activities on weekdays, while 

gender has significant positive effects on maintenance activity duration and trips. This 

suggests that, on average, travel time expenditure for the compulsory activity 

categories by women in the sample is less than that of men. This is also observed for 

the duration of compulsory activities, reflecting task allocation in households. 

As Tables 2-11 and 2-12 show, with increasing age, there are significant negative 

effects on out-of-home activity duration and positive effects on in-home activity 

duration. There is also a decrease of travel time expenditure for compulsory trips, 

especially by car on weekdays. In addition, older people (>57) prefer to spend less 

time on out-of-home activities especially after they retired. Instead of on travel time 

for compulsory activities, they spend more time on maintenance and leisure trips. 

The child ratio as a surrogate measure of the number of household tasks in a 

household also has an effect. Persons in households with a high child-ratio tend to 

spend less time on all out-of-home activities. Furthermore, on weekdays, child-ratio 

has a strong negative impact on the duration of compulsory activities. As for travel 

time expenditure, there is some difference between weekdays and weekends. For 

example, households with a high child-ratio spend significantly more time on 
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maintenance activities but less time on compulsory and leisure activities. Further, the 

child ratio has significant negative effects on all transport modes for leisure activities. 

TABLE 2-11 EFFECTS OF EXOGENOUS VARIABLES ON ENDOGENOUS VARIABLES 

(WEEKDAY) 

 

Variables 

compulsory maintenance 

car SE public SE slow SE car SE public SE slow SE 

Gender -17.40 0.75 -3.00 0.35 -2.96 0.21 1.95 0.23 0.08 0.04 0.91 0.09 

Age -0.11 0.03 -0.08 0.01 0.11 0.01 -0.01 0.01 0.00 0.00 0.03 0.00 

Child ratio -1.23 0.61 -1.20 0.29 0.14 0.17 1.28 0.19 -0.01 0.04 0.68 0.08 

Net income 

1 -13.89 2.00 -0.14 0.95 -0.33 0.56 -0.38 0.61 0.26 0.11 0.82 0.25 

2 -8.71 1.27 -3.31 0.60 -0.81 0.36 0.28 0.39 -0.06 0.07 0.13 0.16 

3 -0.73 1.04 -1.15 0.49 0.05 0.29 1.27 0.32 0.14 0.06 0.34 0.13 

4 3.99 1.04 1.45 0.50 0.72 0.29 1.09 0.32 0.07 0.06 0.11 0.13 

5 17.10 1.00 5.09 0.48 2.19 0.28 1.64 0.30 0.04 0.06 0.22 0.13 

Living environment 

1 -1.21 1.29 4.45 0.61 2.60 0.36 0.92 0.39 0.36 0.07 1.62 0.16 

2 1.93 1.02 3.38 0.48 1.71 0.29 -0.09 0.31 0.13 0.06 0.68 0.13 

3 0.34 1.05 0.74 0.50 0.85 0.30 -0.41 0.32 0.05 0.06 0.43 0.13 

4 0.89 1.02 0.12 0.48 0.88 0.29 -0.50 0.31 0.07 0.06 0.11 0.13 

Holiday season 2.66 1.39 -0.53 0.37 -0.64 0.22 0.59 0.43 -0.03 0.04 -0.07 0.10 

Note: Net-income- base (no income), 1(<7500 euros/year), 2(7500-15000 euros/year), 3(15000-22500 
euros/year), 4(22500-30000 euros/year) and 5( >30000 euros/year); Living environment- base (very 
strong>2500 addresses per km2), 1(Strong = 1500 to 2500 addresses per km2), 2(Moderately = 1000 to 
1500 addresses per km2), 3(Few = 500 to 1000 addresses per km2), and 4(Non = no less than 500 addresses 
per km2); Season-1(winter); Holiday season: 1(holiday). 

TABLE 2-11  CONTINUED 

 

Variables 

leisure activity duration 

car SE public SE slow SE C SE M SE L SE H SE 

Gender 0.45 0.23 0.12 0.06 0.31 0.18 -53.30 2.00 11.19 0.91 4.65 1.08 12.91 0.82 

Age -0.01 0.01 0.00 0.00 0.08 0.01 -2.63 0.08 0.17 0.04 -0.15 0.04 0.11 0.03 

Child ratio -0.77 0.19 -0.10 0.05 -0.33 0.15 -13.82 1.69 10.76 0.75 -9.10 0.89 0.84 0.68 

Net income 

1 -0.66 0.62 -0.07 0.17 0.45 0.49 -104.35 5.47 13.01 2.46 17.86 2.88 10.59 2.20 

2 0.30 0.40 0.03 0.11 0.70 0.31 -32.49 3.50 8.63 1.56 8.23 1.83 7.24 1.40 

3 0.18 0.33 0.08 0.09 0.73 0.25 8.36 2.87 4.46 1.28 9.56 1.50 -2.41 1.15 

4 0.98 0.33 0.07 0.09 0.45 0.25 19.85 2.87 4.88 1.28 10.61 1.50 -8.52 1.15 

5 1.00 0.32 0.18 0.09 0.55 0.25 19.09 2.75 2.76 1.23 12.61 1.45 -22.90 1.10 

Living 

environment 

1 -0.07 0.41 0.53 0.11 0.18 0.32 -3.53 3.55 -0.26 1.58 -2.02 1.86 -3.78 1.42 

2 -0.51 0.32 0.13 0.09 0.02 0.25 0.41 2.79 0.41 1.25 -0.31 1.46 -3.76 1.12 

3 -0.16 0.33 0.01 0.09 -0.15 0.26 6.66 2.89 0.74 1.29 -2.24 1.51 -0.33 1.16 

4 -0.25 0.32 -0.10 0.09 0.28 0.25 5.55 2.80 1.57 1.25 -0.07 1.46 -0.66 1.12 

Holiday season -0.07 0.45 -0.04 0.07 0.08 0.19 -0.33 2.13 -2.73 0.95 -2.26 1.11 -2.01 1.43 
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TABLE 2-12 EFFECTS OF EXOGENOUS VARIABLES ON ENDOGENOUS VARIABLES 

(WEEKEND) 

 

Variables 

compulsory maintenance 

car SE public SE slow SE car SE public SE slow SE 

Gender -0.50 0.23 -0.06 0.08 -0.10 0.05 0.34 0.32 0.32 0.10 0.65 0.13 

Age 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.05 0.00 

Child ratio -0.12 0.21 0.06 0.07 0.09 0.05 0.26 0.29 -0.20 0.09 0.00 0.12 

Net income 

1 -0.27 0.54 0.51 0.19 0.36 0.13 1.10 0.75 -0.15 0.24 0.17 0.32 

2 0.23 0.35 0.17 0.12 0.04 0.08 -0.38 0.48 -0.01 0.16 0.37 0.20 

3 0.30 0.33 0.14 0.12 0.04 0.08 0.65 0.45 -0.01 0.15 0.59 0.19 

4 0.39 0.34 0.23 0.12 0.06 0.08 1.28 0.46 0.30 0.15 0.80 0.20 

5 1.01 0.32 0.22 0.11 0.04 0.08 3.16 0.45 0.07 0.15 1.24 0.19 

Living 

environment 

1 -0.44 0.42 0.13 0.15 0.12 0.10 0.10 0.58 1.28 0.19 2.74 0.24 

2 -0.38 0.34 0.15 0.12 -0.07 0.08 -0.75 0.47 0.49 0.15 1.00 0.20 

3 -0.27 0.35 0.13 0.12 -0.12 0.08 -1.07 0.48 0.40 0.16 0.63 0.20 

4 -0.11 0.34 0.02 0.12 -0.11 0.08 -1.24 0.47 0.20 0.15 0.07 0.20 

Holiday season 0.15 0.44 0.06 0.08 0.01 0.06 0.21 0.61 0.04 0.11 0.17 0.14 

Days of weekend 0.37 0.21 -0.12 0.07 0.07 0.05 5.72 0.32 0.40 0.10 3.59 0.13 

Note: Net income, living environment, season and holiday season have the same coding as Table 2-11. 

TABLE 2-12 CONTINUED 

 

Variables 

leisure activity duration 

car SE public SE slow SE C SE M SE L SE H SE 

Gender 2.78 0.67 1.01 0.24 -1.03 0.54 -14.69 1.83 11.13 1.55 -11.08 2.55 -2.19 0.86 

Age 0.10 0.02 0.03 0.01 0.31 0.02 -1.53 0.06 -0.04 0.05 -1.34 0.09 -0.28 0.03 

Child ratio -2.72 0.61 -0.54 0.22 -1.18 0.49 -8.09 1.68 7.02 1.43 -9.20 2.34 3.92 0.79 

Net income 

1 -0.15 1.58 -0.58 0.57 -1.95 1.28 13.10 4.37 -1.02 3.70 6.28 6.08 0.66 2.05 

2 -0.63 1.01 -0.13 0.36 -1.02 0.82 5.29 2.80 -0.77 2.37 4.82 3.89 1.03 1.31 

3 1.64 0.95 0.24 0.34 1.20 0.77 2.71 2.64 3.49 2.23 21.25 3.67 -4.17 1.23 

4 3.30 0.97 0.82 0.35 2.75 0.79 2.21 2.70 5.75 2.29 18.30 3.76 -7.97 1.26 

5 8.00 0.94 0.75 0.34 3.28 0.76 -7.03 2.60 14.49 2.20 18.45 3.62 -13.97 1.22 

Living 

environment 

1 3.72 1.21 2.25 0.44 -2.76 0.98 -4.44 3.36 9.90 2.84 -10.45 4.67 -4.21 1.57 

2 3.03 0.99 0.82 0.35 -3.54 0.80 -7.41 2.73 4.58 2.31 -10.90 3.79 -0.07 1.28 

3 1.52 1.02 0.70 0.37 -2.05 0.82 -6.21 2.82 4.90 2.39 -9.37 3.92 0.42 1.32 

4 -0.26 0.99 0.09 0.36 -1.30 0.80 -1.82 2.75 7.62 2.33 -2.15 3.83 1.76 1.29 

Holiday season 0.35 1.28 -0.30 0.24 0.10 0.55 -2.31 1.89 1.17 1.60 -1.63 2.63 -0.41 1.37 

Days of weekend -6.51 0.62 0.42 0.23 -10.67 0.51 29.49 1.68 107.27 1.43 -12.56 2.60 3.84 0.80 

 

As for net income (no-income group as the base), Tables 2-11 and 2-12 suggest 

that the average duration of in-home activities for the lower income group is much 

higher than for the higher income group 5. Correspondingly, duration of out-of-home 

activities of the lower income group is generally lower than that of the higher income 
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group. However, there are some exceptions. On weekdays, the lower income group 

spends more time on maintenance and leisure activities. Duration of compulsory 

activities of the lower income group is higher on weekends. For travel time by car, 

high-income groups tend to use the car more than lower income groups for all 

different kinds of trips. Moreover, differences in travel time by car between the 

highest income group and the low-income group are higher during weekdays 

compared to weekends. The high-income groups spend more time on out-of-home 

activities and drive more for leisure during weekends.  

As for living environment (urban density), the differential effects on activity-

travel patterns between weekdays and weekends are more complex. This variable 

describes urbanization in terms of five levels, with 0 representing highest density as 

the base (more than 2500 addresses per km2) and 4 representing the lowest density 

(less than 500 addresses per km2). The function includes four dummy variables to 

represent these 5 levels of urban density. 

The coefficients of living environment indicate that it has a significant small 

positive effect on the duration of maintenance activities during weekdays of people 

who live in middle-level density areas. Moreover, it has relative strong negative 

effects on duration of compulsory and leisure activities, and a positive effect on the 

duration of maintenance activities during weekends of people who live in lower 

density areas. The living environment does not show many significant effects on 

activity travel time. For compulsory and maintenance trips, we can only conclude that 

people living in low density areas spend more time on public transport and slow 

modes. For leisure trips, people living in lower density areas spend more time by car 

and public transit but less time on leisure trips by slow modes. 

Season has a significant influence on activity-travel behavior. We used binary 

coding to present typical seasons in the Netherlands: 0 representing the good 

weather season and 1 representing the cold weather season. The results show that 

the cold season has significant negative effects on travel time by car and slow mode 

on weekdays. It also has significant negative effects on leisure trips for all transport 

modes on weekends. As for activity duration, results indicate that people spend less 

time on leisure activities and more time at home during the cold weather season. The 

holiday season was expected to have significant effects on people’s activity-travel 

behavior. The results do not show many significant effects on weekends except for 

the negative effect on travel time by car for leisure trips and the positive effect on the 

duration of in-home activities. These results indicate that during the holiday season 

people spend less time on compulsory and maintenance activities and associated trips, 

but more time at home.  

Days of the weekend also have significant effects on people’s travel-behavior. 

Usually shops only open on Saturdays in weekends in the Netherlands. Therefore, the 



 
 

38 
 

average out-of-home duration for compulsory and maintenance activities and trips 

decreases on Sundays, whereas In-home duration increases. People are also shown to 

travel by environmentally friendly transport modes for leisure activities on Sundays. 

2.6 CONCLUSIONS 

This chapter has sought to examine the impact of fuel price on people’s activity-travel 

patterns with a focus on day of the week differences. To achieve this research goal, a 

simultaneous equation model system was formulated to estimate the relationships 

between duration of activity participation, travel time expenditure, fuel price and a 

set of socio-demographics and spatial variables. Seemingly unrelated regression was 

applied to estimate the system.  

The results can be summarized as follows. First, the results show the relationship 

between fuel price and travel times spend on three types of trips on weekdays and 

weekends. More specifically, fuel price fluctuation has a negative influence on travel 

time by car, with the specific effects depending on the kind of trip. Furthermore, the 

reduction of travel time by car is substituted by travel by other transport modes. The 

results also indicate that the causal structures underlying people’s activity-travel 

Behavior are significantly different between weekdays and weekends and between 

Saturdays and Sundays. More specifically, fuel price has a greater impact on travel 

times for compulsory travel on weekdays, whereas leisure travel times are more 

affected on weekends (especially on Saturdays). Second, given time constraints, 

activities compete for limited available time. Compulsory activities have considerable 

negative impacts on the duration of maintenance and leisure activities, while 

maintenance activities have a negative impact on the time expenditures of leisure 

activities, suggesting a hierarchy in the decision making process. Third, the results of 

the model provide empirical evidence that activity engagement has a positive impact 

on travel engagement. Moreover, travel time expenditures also have feedbacks on 

the duration of activities. For example, compulsory trips have a negative impact on 

the duration of maintenance and leisure activities due to the differences in priority. So 

does time for maintenance trips, which has a negative impact on the duration of 

leisure activities as well. 

These findings elaborate earlier studies on the impact of fuel price fluctuations 

on travel behavior in that the detailed activity-based conceptualization allows 

breaking down general effects into activity-type and day-of-the-week effects. In 

particular, if the purpose of the study is to assess behavioral change, this more 

detailed conceptualization is more valuable as it allows a better prediction of travel 

demand generation. 
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However, when judging these findings, some limitations of the present study 

should be kept in mind. First, the fuel price data used in the current study represent 

an average for the Netherlands, and therefore these data do not reflect local 

differences. Second, public transport ticket prices and parking prices were not 

controlled for the analysis. Third, the MON data pertain to a particular day, whereas 

the fuel price data concern a monthly average. This means that any within-month 

variability in the fuel price data is not captured in the model estimation. Consequently, 

although the general tendencies in the model findings will likely hold, one should not 

over-emphasize the specific findings. Because it is impossible to obtain more detailed 

data (local - on a daily basis), it would be interesting in future research to apply 

uncertainty analysis (Rasouli & Timmermans 2012) to these uncertain input data and 

examine to what extent the model outcomes are influenced by the degree of 

uncertainty in these input data.  

Another limitation relates to the fact that the data only allow cross-sectional 

analysis. Hence, we cannot rule out that some findings are (partly) influenced by non-

observed variables. For example, seasonal effects were only partially taken into 

account. Panel data would be better as it would allow tracing the same individuals 

over time. Such data could be used to model the dynamics of choice behavior at the 

individual level in response to changing fuel prices.   
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CHAPTER3 
DYNAMIC FUEL PRICE EFFECTS ON TRAVEL 

DISTANCE AND ENERGY CONSUMPTION* 

3.1 INTRODUCTION 

In the previous chapter, the effects of fuel price on people’s time use have been 

analysed with 6 years of cross-sectional data. The multiple year cross-sectional data 

identify seasonal effects on fuel price. Results indicated that fuel price affects 

individual’s travel time. The effects depend on activity-travel purpose and day of the 

week. These results are broadly consistent with the results of the literature review 

summarized in Chapter 2. One-day cross-sectional data may, however, not fully reflect 

the adaptation to increasing fuel price.  These models do not capture preference 

variation among respondents and over time. Cross-sectional data inherently limit the 

study of dynamic effects (e.g., Hanly et al., 2002).  

                                                                 
* This chapter is based on Yang, D. & Timmermans, H.J.P. (2014). Estimation of Influence of Fuel 
Price on Individual Dynamic Travel Behavior: Evidence from Pseudo Panel Data. In: Roorda, M.J. 
& Miller, E.J. (Eds), Travel Behavior Research: Current Foundations, Future Prospects. Toronto: 
Lulu.com, pp.433-448. 
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Compared to cross-sectional data, panel data are more suitable to estimate the 

effects of energy price increases. Different from cross-sectional data, time series data 

are collected by observing the same respondents over time. Such data include 

information about both variation between different respondents and variation in the 

behavior of the same respondents over time. Therefore, it supports the examination 

of the dynamic effects of exogenous change. However, the estimates based on panel 

data tend to differ between studies using yearly, quarterly and those using monthly 

panel data. Wang & Skinner (1984) argued that monthly data result in less bias.  

The examination of the literature also suggested that, there is little research on 

the effects of fuel price on public transit and slow mode travelled for various trip 

purposes. Increasing fuel price or fuel tax might encourage car users to shift to other 

transport modes. It could be measured by cross price elasticities, which refer to the 

percentage change in the consumption of a good resulting from a price change in 

another, related good. For example, public transit is a substitute of automobile travel. 

Thus, an increase in the price of driving tends to increase demand for public transit.  

Studies on the demand for public transportation and slow modes have been 

documented in the literature (e.g., Alberti et al., 2003; Ben-Elia et al., 2011; Currie & 

Phung, 2008; Devillaine et al., 2012; Haire & Machemehl, 2007; Holmgren, 2005, 

2007; Kennedy et. al., 2007; Mattson, 2008; Newbold et al., 2005; Romero-Jordan et 

al., 2010; Wadud et.al., 2007; Yanmaz-Tuzel & Ozbay, 2010). The results show high 

variation, not only between regions and study period, but also in terms of models 

used and the quality of the data. They found a short-term elasticity of fuel prices to 

public transit of 0.05 to 0.22 and a long-term elastcitiy of 0.028 to 0.4.  

Because such long-term panel data are not available for the Netherlands, and 

considering the need of exploring the dynamic effects of fuel price on travel distance 

by various transport modes for different trip purposes, this chapter utilizes repeated 

cross-sectional monthly data from a travel survey in the Netherlands to explore the 

dynamic effects of fuel price on individual’s travel demand, presented in their travel 

distance. This chapter aims at analysing the effects of fuel price fluctuations on 

activity-travel patterns by car, public transit and slow modes. Given the importance of 

dynamics for the problem and the non-existence of long-term (a few years) panel data 

in the Netherlands, a pseudo-panel approach is used to estimate a dynamic model of 

individual travel distance by public transit and slow modes.  

The chapter is organised as follows. First, the construction of the pseudo panel 

data is discussed, followed by a descriptive analysis of the data in section 3.3. The 

pseudo panel data for this study was created using the 2004-2009 Dutch MON data 

(travel survey) on individual activity-travel behavior. Based on the descriptive analysis, 

a series of general linear models will be discussed to examine the effects. Monthly 

lagged fuel price effects are considered in this chapter as well. After describing the 
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methods and interpreting the results of fuel price effects and elasticities of fuel price 

on different travel modes, the chapter ends with conclusions. 

3.2 CONSTRUCTION OF THE PSEUDO PANEL DATASET 

The concept of pseudo panel data was introduced by Deaton (1985). These data can 

be used in the absence of actual panel data to approximate the latter by following 

virtual persons over time and test for individual as well as dynamic effects. The 

method has been applied recently in several studies of travel behavior (e.g. Dargay, 

2007; Huang, 2007; Weis & Axhausen, 2009; Warunsiri & McNown, 2010; Bernard et 

al., 2011). Tsai et al., (2012) conducted a Monte Carlo experiment to investigate the 

performance of various estimators in static and dynamic pseudo panel models while 

taking into account the properties of pseudo panel data. The properties included 

time-varying unobserved cohort effect, larger between-group variance than within-

group variance, a small total number of cohorts and the trade-off between cohort size 

and the number of cohorts. The result indicated for dynamic models, potentially OLS 

(ordinary least squares model), RE (random effect model), and PCSE (Panel-Corrected 

Standard Error model) are more efficient in terms of standard errors. Their findings 

also indicated that using a data set of smaller size but a larger number of groups 

effectively improves the estimation efficiency at a relatively low cost of a slight 

increase in bias.  

The pseudo panel data for this study was created using the Dutch MON data 

(travel survey) on individual activity-travel behavior. Samples for these surveys are 

drawn anew each year, and thus it is impossible to track individuals over time. The 

MON data cover each month from 2004 to 2009, with almost equal sample sizes for 

every month in each year. An observation in this dataset is a trip conducted by 

household members on a day. Overall, this is a comprehensive data source for 

analysing activity-travel behavior of Dutch residents. A brief overview of the dataset is 

given in Table 3-1. It consists of at least 23,025 to the maximum of 38,130 valid 

household samples in each year, covering all provinces in the Netherlands. A more 

detailed description of the MON data is provided in section 2.3.  

The cohorts for the pseudo panel dataset should be constructed with variables 

that are time invariant. As a compromise between sufficient level of disaggregation 

and large enough cohort size, cohorts were constructed by grouping individuals from 

cross-sectional observations according to three cohort subdivisions:  
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Year of birth (split up into 7 subgroups from 1908 to 1991): 

 Group 1 1908-1928; 

 Group 2 1929-1938; 

 Group 3 1939-1948; 

 Group 4 1949-1958; 

 Group 5 1959-1968; 

 Group 6 1969-1978; 

 Group 7 1979-1991; 

 

Gender (0: male and 1: female); 

 

Types of fuel (0: petrol and 1: diesel).  

 

Energy prices for diesel and petrol were derived from the energy publication 

website of AA (http://www.aaireland.ie). As the pseudo panel dataset relates to the 

2004 to 2009 time period, fuel price data in the same period were used for analysis. 

The detailed descriptive of the fuel price data refers to section 2.3. According to the 

three cohort subdivisions mentioned above, finally the pseudo panel dataset contains 

28 cohorts and each cohort has monthly average data from January 2004 to 

December 2009. However, the fuel price data represent an average for the 

Netherlands, and therefore may not reflect local differences. The distribution of the 

resulting cohort size is displayed in Figure 3-1. As can be seen, 1/4 of the cohorts are 

quite small, around 50 or below. However, most cohort sizes are larger than 50, which 

is an acceptable size for analysis. The averages of each cohort were treated as 

individual observations in the pseudo panel. A distinction was made between three 

categories of activities: compulsory (school and work-related trips), maintenance 

(shopping, delivery of goods), and leisure (social or recreational trip, tours or hiking). 

For each category, elasticities of travel distance by car (VMT) for fluctuations in fuel 

prices were analysed. 

The selection of independent variables was limited by the MON dataset. The 

personal and household socio-demographic variables, as shown in Table 3-2, are 

regularly used in models of travel behavior. In addition, external factors such as years, 

seasons and holiday period and internal factors such as activity duration after the 

total number of trips were taken into account. The averages for those variables are 

expected to have an impact on the mobility indicators . 

http://www.aaireland.ie/
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TABLE 3-1 OVERVIEW OF DATASETS 

Year Year of birth Number of people in the sample 

2004 1909-1986 38130 
2005 1908-1987 33031 
2006 1911-1988 29929 
2007 1908-1989 29799 
2008 1913-1990 23025 
2009 1912-1991 23679 

TABLE 3-2 INDEPENDENT VARIABLES 

Variables Name Description  Type  

Personal 
and 
household 

A Gender  
Binary:0-men/1-
woman 

CR 
Ratio of number of children under 18 to 
number of adults 

Continuous 

I Personal net-income per month in three levels Continuous 

HN  Household size Continuous 

Sted Living environment (addresses per km2) Continuous 

External 
factors 

Y Years Dummy variables 
S Seasons Binary:0-warm/1-cold 
HS Holiday period  Binary:0-no/1-yes 

Internal 
factors 

AD Activity duration after the trip Continuous 
TN Number of trips Continuous 

 

 

FIGURE 3-1 DISTRIBUTION OF MONTHLY COHORT SIZE 
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3.2 DESCRIPTIVE ANALYSIS OF PSEUDO-PANEL DATA 

This section deals with three descriptive analyses: (i) the distribution of household 

structure of the pseudo-panel cohorts and their variation over the life course, (ii) the 

yearly net-income variation over the life course, which represents the person’s 

economic situation, and (iii) the key mobility figures which include the distribution of 

the number of trips over the life course, the average travel distance by different 

transport modes, fuel price and their variation over  the life course. 

3.2.1 HOUSEHOLD STRUCTURE 

Figure 3-2 shows the average household size for members of the evolution of cohorts 

and life cycle groups. The horizontal axis gives the age of the household head. The 

vertical axis shows the average household size. The lines represent changing 

household size with increasing age for different years of the birth cohorts. The 

lifecycle effect for all cohorts shows that young adults tend to live in their parents’ 

homes and thus in larger households. As individuals approach their mid-twenties, 

average household size decreases as a consequence of young adults moving out of the 

family home and setting up their own households. Then, after turning thirty, the trend 

again turns to an increase in household size as the individuals settle down and have 

their own families. As the mid-forties pass, household size decreases again as an 

effect of grown-up children moving out of the household, and later on because of 

spouses passing away. 

As for gender and type of car, it can be seen that female respondents who have 

petrol cars tend to live in smaller households. However, diesel car users mostly come 

from bigger households.  

The average child-ratio for respondents is shown in Figure 3-3. The lifecycle 

effect for all cohorts shows that young adults rarely have children. As individuals 

approach their thirtieth birthday, the average child-ratio increases as a consequence 

of new family formation. Before mid-forties, the child-ratio is relatively high. Then, 

after mid-forties, it tends to decrease. After sixty, the child ratio approximates zero. 

3.2.2 NET-INCOME PER YEAR 

The cohort and age effects for yearly net-income are depicted in Figure 3-4. The 

lifecycle effects are as expected. Respondents have a relatively low income at a young 

age. Their income gradually increases when they become older than thirty. Then, after 

they are retired, income and income differences between groups generally decrease. 
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As for gender and type of car effects, the figure shows very interesting results. Before 

their mid-twenties, adults who have a diesel car usually earn less income than petrol 

car users. Between their thirties and mid-eighties, females earn one-third less yearly 

net-income than males. Females who have diesel cars earn the least. The results 

indicate that lower income female family heads tends to use diesel cars instead of 

petrol cars. However, for male car users, there is almost no income difference for 

choosing different types of cars.  

 

 

FIGURE 3-2 HOUSEHOLD SIZE BY AGE FOR DIFFERENT COHORTS 

 

 
FIGURE 3-3 CHILD-RATIO BY AGE FOR DIFFERENT COHORTS 

1

1.5

2

2.5

3

3.5

4

19 20 21 22 23 24 30 31 32 33 34 35 40 41 42 43 44 45 50 51 52 53 54 55 60 61 62 63 64 65 70 71 72 73 74 86 87 88 89 90 91

H
o

u
se

h
o

ld
 s

iz
e

Age

group 1 (diesel-male) 1909-1928
group 1 (diesel-male) 1929-1938
group 1 (diesel-male) 1939-1948
group 1 (diesel-male) 1949-1958
group 1 (diesel-male) 1959-1968
group 1 (diesel-male) 1969-1978
group 1 (diesel-male) 1979-1991
group 2 (petrol-male) 1909-1928
group 2 (petrol-male) 1929-1938
group 2 (petrol-male) 1939-1948
group 2 (petrol-male) 1949-1958
group 2 (petrol-male) 1959-1968
group 2 (petrol-male) 1969-1978
group 2 (petrol-male) 1979-1991
group 3 (diesel-female) 1909-1928
group 3 (diesel-female) 1929-1938
group 3 (diesel-female) 1939-1948
group 3 (diesel-female) 1949-1958
group 3 (diesel-female) 1959-1968
group 3 (diesel-female) 1969-1978
group 3 (diesel-female) 1979-1991
group 4 (petrol-female) 1909-1928
group 4 (petrol-female) 1929-1938
group 4 (petrol-female) 1939-1948
group 4 (petrol-female) 1949-1958
group 4 (petrol-female) 1959-1968
group 4 (petrol-female) 1969-1978
group 4 (petrol-female) 1979-1991

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

19 20 21 22 23 24 30 31 32 33 34 35 40 41 42 43 44 45 50 51 52 53 54 55 60 61 62 63 64 65 70 71 72 73 74 86 87 88 89 90 91

C
h

il
d

-
r
a
t
io

Age

group 1 (diesel-male) 1909-1928
group 1 (diesel-male) 1929-1938
group 1 (diesel-male) 1939-1948
group 1 (diesel-male) 1949-1958
group 1 (diesel-male) 1959-1968
group 1 (diesel-male) 1969-1978
group 1 (diesel-male) 1979-1991
group 2 (petrol-male) 1909-1928
group 2 (petrol-male) 1929-1938
group 2 (petrol-male) 1939-1948
group 2 (petrol-male) 1949-1958
group 2 (petrol-male) 1959-1968
group 2 (petrol-male) 1969-1978
group 2 (petrol-male) 1979-1991
group 3 (diesel-female) 1909-1928
group 3 (diesel-female) 1929-1938
group 3 (diesel-female) 1939-1948
group 3 (diesel-female) 1949-1958
group 3 (diesel-female) 1959-1968
group 3 (diesel-female) 1969-1978
group 3 (diesel-female) 1979-1991
group 4 (petrol-female) 1909-1928
group 4 (petrol-female) 1929-1938
group 4 (petrol-female) 1939-1948
group 4 (petrol-female) 1949-1958
group 4 (petrol-female) 1959-1968
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3.2.3 KEY MOBILITY INDICATORS 

Household structure and personal financial situation, which are two important 

covariates of mobility, exhibit some expected and consistent trends over the life cycle, 

across the various age groups and for the different cohort groups. To explore more 

directly the relationship between cohorts, and  mobility and energy related indicators, 

in this section, key mobility and energy consumption indicators will be discussed in 

the following paragraphs.  
 

 

FIGURE 3-4 NET-INCOME BY AGE FOR DIFFERENT COHORTS 

 
FIGURE 3-5 NUMBERS OF TRIPS BY AGE FOR DIFFERENT COHORTS 
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FIGURE 3-6 TREND LINES OF AVERAGE VEHICLE TRAVEL DISTANCE AND FUEL PRICE 

 
 FIGURE 3-7 TREND LINES OF AVERAGE PUBLIC TRANSIT TRAVEL DISTANCE AND FUEL 
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FIGURE 3-8 TREND LINES OF AVERAGE SLOW MODE TRAVEL DISTANCE AND FUEL 

PRICE 

 
FIGURE 3-9 MONTHLY TRAVEL DISTANCE RELATIVE TO MONTHLY MOVING AVERAGE 

BY TRANSPORT MODES 
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Figure 3-5 shows the age and cohort effects of the number of trips per person. 

The results indicate that before their forties, the number of trips per person per day 

tends to increase. Then, after fifty, the number of trips is decreasing with increasing 

age. Moreover, gender is the main determinant of the number of trips until the age of 

mid-fifty. As expected, males make fewer trips than females before 60. However, 

concerning type of car, results indicate that females who have diesel cars make much 

less trips than others after 60. 

Figures 3-6 to 3-8 show linear trend lines of twelve-month averages of 

respectively vehicle travel distance, public ridership and slow mode travelled, 

alongside the twelve-month average of actual fuel prices from January 2004 to 

December 2009. Travel distance is measured in km (in blue lines), while fuel price is 

recorded in euro/litre (in red lines). The linear trend lines show that travel distance by 

car decreases almost at the same time when fuel price increases. However, the linear 

trend lines for public transit and slow mode travel distance (km) show that travel 

distance and fuel price are simultaneously increasing, regardless of the fluctuations. It 

is also obvious that the fluctuations in travel distance for public transit and slow mode 

are much bigger than fluctuations in vehicle kilometre travelled. 

Figure 3-9 shows monthly average vehicle kilometre travelled, public transit 

travel distance and slow mode travel distance (km) relative to the yearly average. It 

shows both seasonal and holiday effects. However, these effects, combined with the 

fuel price effect, cannot be clearly disentangled. For travel distance by slow mode, the 

seasonal effect is very clear and as expected. For travel distance by car and public 

transit, excluding holiday months (January, July, August and December), generally 

speaking, travel distance by car and public transit is higher in the cold season than 

during the warm season. For holiday months, people travel much less by car and 

public transit during the summer holiday months than during the winter holiday.  
The fluctuation in average travel distance for vehicle kilometres travelled and 

public transport ridership is influenced more by holiday month than season. 

Considering that in the Netherlands people usually take their holiday in July, August 

and January, vehicle kilometres travelled and public transit ridership distance in these 

months is less than in other months. 

Figure 3-10 gives the correlation-gram for the travel data over the 6-year period 

2004-2009 from which the following features can be observed. The X-axis gives the 

lag, while the Y-axis presents the autocorrelation at each lag. The dotted lines 

represent the 5% significance level. Any correlations that fall outside these lines are 

significantly different from zero. The results show that for car, public transit and slow 

mode an annual cycle appears. For car, there is a significant positive correlation 
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around a 1-year period. This reflects a positive linear relationship between pairs of 

variables (xt, xt+12), separated by 12-month. Conversely, values separated by a period 

of 6 months of slow mode travel distance tend to have a significant negative 

relationship. Overall, most autocorrelations for travel distance are not significant. 

However, fuel price shows quite strong positive autocorrelations up to six months. 

After six months, the trend in the data shows a decay in the autocorrelation. Energy 

consumption data of vehicles in the Netherlands were obtained from CE Delft (Boer, 

et al., 2008). The data for vehicle energy consumption per kilometer cover both real-

world average performance and specific technologies such as emission classes and 

fuels. Table 3-3 shows the details of energy consumption and CO2 emissions for 

different transport modes. 

To determine energy consumption and CO2 emissions, travel distance was 

divided by the mpg of the transport mode used for that trip to calculate gasoline 

usage, which was then converted into energy use and CO2 emissions. It should be 

mentioned that most trams/metro in the city use electricity as their energy supply. 

Although there is energy consumption for tram/metro, their CO2 emissions are almost 

equal to zero. Thus, we used 0 to present the CO2 emission value of tram/metro. 

Diesel train and electricity trains are taken into consideration. The energy 

consumption and CO2 emissions are average values for train.  

 

 

FIGURE 3-10 PLOTS OF AUTOCORRELATION FUNCTIONS FOR DIFFERENT TRANSPORT 

MODES AND FUEL PRICE 
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TABLE 3-3 ENERGY CONSUMPTION AND CO2 EMISSIONS FOR DIFFERENT TRANSPORT 

MODES 

Travel mode Details Energy consumption  CO2 emission 

Car 

Petrol  2,69 (MJ/km) 194,00 (g/km) 

Diesel 2,42 (MJ/km) 180,00 (g/km) 

Public transport mode 

Bus 0,85 (MJ/km*per) 39,86 (g/km*per) 

Tram/metro 0,52 (MJ/km*per) 0,00 (g/km*per) 

Train 0,18 (MJ/km*per) 12,17 (g/km*per) 

Slow mode Bike/on foot 0,00 (MJ/km) 0,00 (g/km) 

Source: CE Delft (Boer et al. 2008) 

 

TABLE 3-4 COHORT LEVEL DESCRIPTIVE STATISTICS OF VARIABLES USED IN THE 

MODEL 

Variable Mean Std. Deviation Minimum Maximum 

Age 52.58 19.62 0.00 88.25 

Household size 2.58 0.74 0.00 4.07 

Net-income per year 21531.65 6115.53 2500.00 33750.00 

Child-ratio 0.24 0.28 0.00 1.34 

Living environment (addresses per km2) 1184.50 137.36 250.00 2750.00 

Number of trips 3.66 0.51 0.00 7.50 

 

3.3 MODELING APPROACH 

The modelling framework is a linear-in-parameters regression model. We begin by 

assuming that the dependent variables 𝐷𝑔,𝑡 , the travel distance and energy 

consumption by car, public transit and travel distance by slow modes, are expressed 

as: 

 

𝐷𝑔,𝑡 = 𝐶𝑡 + 𝜆𝐷𝑔,𝑡−1 + 𝛽𝑗𝑥𝑗 + 𝜇𝑔,𝑡      3.1 

 

𝐶𝑡 is a intercept term, 𝑥𝑗  are the independent variables. 𝛽𝑗  are the parameters. 

The dynamic pseudo model error term μg,t can be further expressed as: 

 

𝜇𝑔,𝑡 =  𝛼𝑔 + 휀𝑔,𝑡        3.2 

 

where, 𝛼𝑔 is the fixed group effect for a given created group in the pseudo panel data 

set. Here, fixed effects model will be applied, where the components will be treated 
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as constants rather than random variables, leading to cohort specific dummy variable 

coefficients incorporated in the model. Compared to the genuine panel data model, 

the most critical point distinguishing the pseudo panel data model from the genuine 

panel data model is that the average unobserved cohort effect is time varying. Note 

that the intercept term varies over time for each cohort since the individuals making 

up each cohort are not the same in every month. Thus, Deaton (1985) circumvents 

this problem by considering the model in terms of unobserved population cohort 

means, and the actual cohort data as error-ridden measurements of these means, 

thus suggesting an error-in-variables estimator. If the number of observations per 

cohort is very large, the measurement errors will tend to zero and may be ignored. 

However, in this paper, as the number of observations is not big enough to ignore 

measurement errors, which means that other differences in vehicle kilometres 

travelled, public transit ridership and slow mode travelling distance between cohorts 

are assumed to be randomly distributed and subsumed in the error term  εg,t . 

Therefore, the dynamic pseudo model can be expressed as: 

 

𝐷𝑔,𝑡 = 𝐶 + 𝜆𝐷𝑔,𝑡−1 + 𝛽𝑗𝑥𝑗 + 𝛼𝑔 + 휀𝑔,𝑡     3.3 

 

The independent variables included to predict travel distance and energy 

consumption by different transport modes were identified based on the travel 

behavior literature. First, according to literature review, the five personal and 

household variables, shown in Table 3-2, may influence the mobility indicators to be 

modelled. Besides these social demographic variables, three more external factors 

should be included as independent variables. First, years as fixed effects which 

account for unobserved determinants of travelling demand that vary from year to 

year, such as fare level, service quality, yearly discount card ownership and economic 

and demographic factors. Second, as seen in Figure 3-9, travel distances by different 

transport modes, especially the slow mode travel distance, are influenced by seasons 

(warm weather or cold weather). Meanwhile, travel distances of vehicle and public 

transit shift during the holiday period. Therefore seasons and holiday periods should 

be included in the model. In addition, two internal factor needs to be considered, 

which are activity duration after the trip and total number of trips per day. People 

generate their trips due to their activity needs. Thus, activity duration for different 

kinds of activities and number of trips need to be included. We assume that if 

individuals spend more time on activities after the trip, they may be willing and need 

to travel a longer distance. The return home trips are excluded from the analysis.  

The effects of monthly fuel price will be taken into account in the model. As 

Goodwin (1992) pointed out, it takes time for demand to respond to changes in fuel 
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price. Therefore, a demand model should include lagged fuel price or it may suffer 

specification bias.  

Finally, the travel distance by car, public transit and slow mode for cohort 𝑔 in 

period 𝑡 can be expressed as 3.4 to 3.6, while energy consumption by car, public 

transit for cohort 𝑔 in period 𝑡 can be expressed as 3.7 and 3.8. 

 

𝐶𝐷𝑔,𝑡
𝑡𝑝

= 𝑓𝑡𝑝 (
𝐺𝑔, 𝐴𝑔, 𝐶𝑅𝑔,𝑡 , 𝐻𝑆𝑔,𝑡 , 𝐼𝑔,𝑡 , 𝑆𝑡𝑒𝑑𝑔,𝑡 , 𝑌,

𝑆, 𝐻𝑆, 𝐴𝐷𝑔,𝑡
𝑡𝑝

, 𝑇𝑁𝑔,𝑡 , 𝑃𝑝,𝑡 , 𝑃𝑝,𝑡−1
) + 𝜆𝑐𝐶𝐷𝑔,𝑡−1

𝑡𝑝
+ 휀𝑐𝑔,𝑡  3.4 

𝑃𝐷𝑔,𝑡
𝑡𝑝

= 𝑓𝑡𝑝 (
𝐺𝑔, 𝐴𝑔, 𝐶𝑅𝑔,𝑡 , 𝐻𝑆𝑔,𝑡 , 𝐼𝑔,𝑡 , 𝑆𝑡𝑒𝑑𝑔,𝑡 , 𝑌,

 𝑆, 𝐻𝑆, 𝐴𝐷𝑔,𝑡
𝑡𝑝

, 𝑇𝑁𝑔,𝑡 , 𝑃𝑝,𝑡 , 𝑃𝑝,𝑡−1
) + 𝜆𝑝𝑃𝐷𝑔,𝑡−1

𝑡𝑝
+ 휀𝑝𝑔,𝑡  3.5 

𝑆𝐷𝑔,𝑡
𝑡𝑝

= 𝑓𝑡𝑝 (
𝐺𝑔, 𝐴𝑔, 𝐶𝑅𝑔,𝑡 , 𝐻𝑆𝑔,𝑡 , 𝐼𝑔,𝑡 , 𝑆𝑡𝑒𝑑𝑔,𝑡 , 𝑌,

𝑆, 𝐻𝑆,  𝐴𝐷𝑔,𝑡
𝑡𝑝

, 𝑇𝑁𝑔,𝑡 , 𝑃𝑝,𝑡 , 𝑃𝑝,𝑡−1
) + 𝜆𝑠𝑆𝐷𝑔,𝑡−1

𝑡𝑝
+ 휀𝑠𝑔,𝑡  3.6 

𝐶𝐸𝐷𝑔,𝑡
𝑡𝑝

= 𝑓𝑡𝑝 (
𝐺𝑔, 𝐴𝑔, 𝐶𝑅𝑔,𝑡 , 𝐻𝑆𝑔,𝑡 , 𝐼𝑔,𝑡 , 𝑆𝑡𝑒𝑑𝑔,𝑡 ,

𝑌, 𝑆,  𝐻𝑆, 𝑇𝑁𝑔,𝑡 , 𝑃𝑝,𝑡 , 𝑃𝑝,𝑡−1
) + 𝜆𝑠𝐶𝐸𝐷𝑔,𝑡−1

𝑡𝑝
+ 휀𝑐𝑒𝑔,𝑡   3.7 

𝑃𝐸𝐷𝑔,𝑡
𝑡𝑝

= 𝑓𝑡𝑝 (
𝐺𝑔, 𝐴𝑔, 𝐶𝑅𝑔,𝑡 , 𝐻𝑆𝑔,𝑡 , 𝐼𝑔,𝑡 , 𝑆𝑡𝑒𝑑𝑔,𝑡 ,

𝑌, 𝑆, 𝐻𝑆,  𝑇𝑁𝑔,𝑡 , 𝑃𝑝,𝑡 , 𝑃𝑝,𝑡−1
) + 𝜆𝑠𝑃𝐸𝐷𝑔,𝑡−1

𝑡𝑝
+ 휀𝑐𝑒𝑔,𝑡   3.8 

where, 𝐶𝐷𝑔,𝑡
𝑡𝑝

, 𝑃𝐷𝑔,𝑡
𝑡𝑝

 and 𝑆𝐷𝑔,𝑡
𝑡𝑝

 are travel distance by car, public transit and slow mode 

for cohort g in period 𝑡 and different trip purposes (tp). 𝐶𝐸𝐷𝑔,𝑡
𝑡𝑝

 and 𝑃𝐸𝐷𝑔,𝑡
𝑡𝑝

 are energy 

consumption of car and public transit for cohort g in period 𝑡 and different trip 

purposes (tp). 𝐺𝑔 is a cohort-specific generation variable, assumed to be the same for 

different gender and fuel type users, and constant over time for each year-of-birth 

cohort. 𝐴𝑔 is the gender variable, which is constant within the same cohort and 

constant over time. 𝐶𝑅𝑔,𝑡 , 𝐻𝑁𝑔,𝑡 , 𝐼𝑔,𝑡  and 𝑆𝑡𝑒𝑑𝑔,𝑡  are child-ratio, household size, 

personal net income per year and their living environment (addresses per km2) for 

cohort g in period 𝑡. Y, S and HS are the fixed effects of external factors: year, cold 

season and holiday month. 𝐴𝐷𝑔,𝑡
𝑡𝑝

 is activity duration for different trip purposes (tp). 

𝑇𝑁𝑝,𝑡  is the number of trips for cohort g in period 𝑡. 𝑃𝑝,𝑡 is the fuel price , which is 

different for different types of fuel in period t. Two month lagged effects of fuel price 

on travel distance are captured by 𝑃𝑝,𝑡−1,  𝑃𝑝,𝑡−2. Lags in adjustment of car driving 

distance to changes in the explanatory variables are specified by a simple partial 

adjustment mechanism. 

ηst = αp × (P D⁄ )       3.9 

𝜂𝑙𝑡 = 𝜂𝑠𝑡 𝜃⁄         3.10 
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The short-term elasticity is calculated using equations 3.9 , where 𝛼𝑝 is the 

coefficient of variable 𝑃, �̅� and �̅� are the average fuel price and travel distance. We 

assume that consumers are better able to adjust to price signals in the long run than 

in the short run. It is common to use distributed lag models with time-series data in 

practice to capture the long-run effect of price change (Goodwin, 1992 ). Thus, 

equation 3.10 is used to estimate the lagged elasticity, where 𝜃 is the adjustment 

parameter, which equals 1 minus the coefficient of lagged dependent variable (λ)  

3.4 RESULTS AND DISCUSSIONS 

The model was estimated from 2016 group cohort data. First, considering the 

potential serial correlation by involving lagged dependent and independent variables, 

the Breush-Godfreg Lagrange multiplier was applied for the serial correlation test. The 

test results are shown in Table 3-5 and 3-6. The Null hypothesis in the Breush-Godfreg 

test is that there is no serial correlation. The result indicates that there is no serial 

correlation for travel distance by public transport mode for leisure activities and travel 

distance for maintenance trip by all kinds of transport modes. For the serial 

correlation, we applied GLS to adjust the first order autoregressive within each 

respondent. OLS is applied to no serial correlation models. The results are compared 

by different transport modes . 

 

TABLE 3-5 RESULTS OF BREUSH-GODFREG TEST 

Equations VKT 
VKT 

PTD 
PTD 

CCTD MCTD LCTD CPTD MPTD LPTD 

Chisq 80.444  18.360  1.807  10.017  7.781  26.369  0.097  0.780  
Df  1 1 1 1 1 1 1 1 
p-value  0.000  0.000  0.179  0.002  0.005  0.000  0.755  0.377  
Note: VKT: Travel distance by car; CCTD: Travel distance by car for compulsory activity; MCTD: Travel 
distance by car for maintenance activity; LCTD: Travel distance by car for leisure activity; PTD: Travel 
distance by public transit; CPTD: Travel distance by public transit for compulsory activity; MPTD: Travel 

distance by public transit for maintenance activity; LPTD: Travel distance by public transit for leisure 

activity. 
 

TABLE 3-5 RESULTS OF BREUSH-GODFREG TEST – CONTINUED 

Equations STD 
STD 

ECTotal EC_car EC_public 
CSTD MSTD LSTD 

Chisq 11.953 25.880 0.357 3.180 68.293 73.070 48.703 
Df  1 1 1 1 1 1 1 
p-value  0.001 0.000 0.550 0.075 0.000 0.000 0.000 
Note: STD: Travel distance by slow mode; CSTD: Travel distance by slow mode for compulsory activity; 
MSTD: Travel distance by slow mode for maintenance activity; LSTD: Travel distance by slow mode for 
leisure activity; ECTotal: Energy consumption in total; EC_car: Energy consumption by car; EC_public: 
Energy consumption by public transit. 
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The R-squared statistic is an ordinary least squares (OLS) concept that is useful 

because of the unique way it breaks down the total sum of squares into the model 

sum of squares and the residual sum of squares. When we estimate the model’s 

parameters using generalized least squares (GLS), the total sum of squares cannot be 

broken down in the same way, making the R-squared statistic less useful as a 

diagnostic tool for GLS regressions. Specifically, an R-squared statistic computed from 

GLS sums of squares need not be bounded between zero and one and does not 

represent the percentage of total variation in the dependent variable that is 

accounted for by the model. Also, eliminating or adding variables in a model does not 

always increase or decrease the computed R-squared value. Therefore, we present 

the log-likelihood value instead of R-squared value for the estimations done by GLS. 
 

3.4.1 FUEL PRICE ELASTICITY OF TRAVEL DISTANCE 

3.4.1.1 VEHICLE KILOMETRES TRAVELED 

As shown in Table 3-7, most estimated socio-demographic parameters are 

significant for the VMT (vehicle kilometres travelled) model. Gender, household size, 

urbanization, cold season and fuel price have significant negative effects on vehicle 

distance travelled, while activity duration after the trip, holiday month and net-

income have significant positive effects. However, the influence of net-income and 

urbanization per municipality is much smaller. The coefficient of the lagged 

dependent variable is significant. The value of (1-𝜃), estimated to be about 0.48, 

implies that 52% of the adjustment of car driving distance to changes in the 

independent variables occurs within one month. Although the generation effects are 

insignificant. Based on the current sample size the generation effect is generally 

increasing from generation 2 to 7, indicating an increase in driving distance for more 

recent generations. Yearly fixed effects, which try to capture the unobserved 

variations over years, indicate that travel distance by car is significantly higher in 

2005-2008 compared to the base 2004. Comparing models of travel distance for 

different travel purposes, several main results can be identified. In general, there are 

more insignificant parameters for maintenance trips than for others. To be more 

specific, first, most of the generation effects are insignificant. Based on the current 

sample size, the results show that the generation effects for travel distance differs for 

various purposes. For compulsory trips, most generations have positive effects on 

travel distance, except G6 and G7. For maintenance trips, all generations have positive 

but not significant effects. For leisure trips, the generation effect is generally 



 
 

57 
 

increasing, indicating an increase in driving distance for more recent generations. The 

effect is significantly negative for G2, indicating that comparing to the oldest 

generation, the generation born between 1929 and 1938 travels less distance for 

leisure. For other generations, due to the insignificant effects for G3 to G6, we can 

only draw the conclusion that generation G7 drives more for leisure (at 10% level). 

As for other socio-demographic variables and internal factors, living environment 

and cold season have significant negative effects on travel distance by car for the all 

different kind of trips, while activity duration after trips has positive effects. The 

effects for living environment slightly differ across travel purposes. The effects of 

other socio-demographic variables also differ across travel purposes. Gender has a 

significant negative effect on compulsory travel distance, suggesting that, on average, 

travel distance for compulsory activity categories by women in the sample is less than 

that of men. The effects of Child-ratio on compulsory trips indicate that the person 

living in a high child-ratio family travels more for compulsory activities (at 10% level). 

The positive effects of net-income on travel distance by car are almost equal to zero, 

indicating that 1 euro increasing of income does not have a strong effect on Dutch 

people’s travel distance. Effects of holiday month have a significant negative effect on 

travel distance for compulsory trips, while positive effects on travel distance for 

leisure trips. The effects of number of trips indicate that person with more trips travel 

less by car for leisure trips, but more for maintenance trips. Age and household size 

do not have any significant effects for the various kinds of trips by car. 

Generally speaking, fuel price has significant negative effects on travel distance. 

Moreover, the impact of fuel price on travel distance differs for with different 

purposes. For instance, fuel price has the biggest impact on travel distance by car for 

leisure trips. Increasing prices coincide with decreasing travel distance for leisure trips 

by car (at 10% level). Further, compulsory trips are also influenced more strongly by 

fuel price compared to maintenance trips. People seem to prefer reducing travel 

distance more for leisure and compulsory trips more than for maintenance trips with 

increasing fuel prices.  

Finally, the parameters of the lag effects indicate that adjustments to changes in 

fuel prices differ for different kinds of trips. Only significant coefficients are discussed 

here. The value of (1-𝜃), estimated to be 0.425 for compulsory trips and 0.755 for 

leisure trips. They indicate that 42.5% of the adjustment occurs within one month for 

compulsory trips and 75.5% for leisure trips.  
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TABLE 3-6 PARAMETER ESTIMATES OF CAR TRIPS  

Variable 
Travel distance by car Travel distance by car for compulsory activity 

Coef. Std.error t-value Coefficient Std.error t-value 

C 40.242** 6.175 6.517 24.808** 4.871 5.093 
Generation 2 -9.195 5.646 -1.628 0.506 3.097 0.809 
Generation 3 -4.948 4.426 -1.118 0.295 2.422 0.122 
Generation 4 -1.568 3.648 -0.430 0.629 1.984 0.317 
Generation 5 -0.583 2.579 -0.226 0.875 1.407 0.622 
Generation 6 0.006 1.192 0.005 -0.026 0.659 -0.040 
Generation 7 0.152 0.876 0.174 -0.053 0.499 -0.106 
Age 0.045 0.081 0.556 -0.038 0.045 -0.829 
Gender -3.196** 0.765 -4.177 -1.600** 0.567 -2.822 
Child-ratio 3.776 3.189 1.184 3.295* 1.956 1.685 
Household size -2.887** 1.153 -2.504 -1.111 0.812 -1.367 
Net-income 0.000** 0.000 4.455 0.000** 0.000 5.436 
Living-environment -0.008** 0.002 -4.166 -0.008** 0.002 -5.256 
Year of 2005 6.794** 0.891 7.623 4.457** 0.475 9.385 
Year of 2006 7.083** 0.906 7.820 4.493** 0.486 9.250 
Year of 2007 2.522** 0.805 3.132 2.360** 0.464 5.084 
Year of 2008 3.582** 0.947 3.781 4.111** 0.556 7.395 
Year of 2009 0.537 0.807 0.666 1.585** 0.463 3.426 
Cold season -3.600** 0.467 -7.715 -1.234** 0.263 -4.682 
Holiday period 0.874* 0.510 1.714 -1.407** 0.297 -4.736 
Number of trips -0.266 0.605 -0.439 -0.480 0.456 -1.051 
Fuel price t -9.593* 5.355 -1.792 -8.476** 3.066 -2.765 
Fuel price t-1 -7.183 5.374 -1.337 -3.695 3.084 -1.198 
Activity duration 0.050** 0.004 11.519 0.045** 0.003 14.271 
VMT/CCTD(-1) 0.476** 0.019 25.493 0.575** 0.018 32.207 

log-likelihood -7715.935 -5369.34 
Note: * means significant at 10% level; ** means significant at 5% level. 

The short-term and long-term elasticity results for all trip purposes by car are 

listed in Table 3-9. It shows that elasticities of travel distance by car are negative for 

all three kinds of trips, which indicates that people will reduce their travel distance 

when faced with increasing fuel prices in the current month. Their long-term 

elasticities are always higher than their short-term elasticities, suggesting that the 

effects of fuel price build up rather than decay over time. However, the elasticities 

differ substantially for different kinds of trips. Maintenance trip elasticities both for 

short-term and long-term are the lowest as indicated by an elasticity of -0.151. It 

means that travel distance by car for maintenance trips is less sensitive to changes in 

fuel price compared to other trip purposes. The long-term elasticity of maintenance 

trips is almost equal to the short-term elasticity, indicating that the needs for 

maintenance activities are relatively stable. Moreover, comparing the elasticity of 

vehicle kilometres travelled for compulsory trips to the elasticity of vehicle kilometres 

travelled for leisure trips, travelled distance for leisure trips is more sensitive to fuel 
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price. However, the long-term elasticities show that travel distance for compulsory 

trips is more sensitive to fuel price.  

3.4.1.2  FUEL PRICE CROSS-ELASTICITY OF PUBLIC TRANSIT 

Table 3-10 and 3-11 show the estimated coefficients, standard errors and t-

values for different trip purposes by public transit. There are more significant 

parameters in compulsory trips than in other trips. The tables also show that the 

generation effects for travel distance are similar for the various purposes. The 

generation effect is generally decreasing for public trips except generation 1, 

indicating a reduction in travel distance by public transit for more recent generations. 

The older generations have significant positive effects on travel distance by public 

transit. It indicates that older generations travel more by public transit. 

TABLE 3-6 PARAMETER ESTIMATES OF CAR TRIPS - CONTINUTED 

Variable 
Travel distance by car for 

maintenance activity 
Travel distance by car for leisure 

activity  
Coefficient Std.error t-value Coefficient Std.error t-value 

C 1.627 1.676 0.971 26.504** 4.845 5.471 
Generation 2 0.167 1.702 0.098 -8.152* 4.792 -1.701 
Generation 3 0.547 1.332 0.411 -3.601 3.748 -0.961 
Generation 4 0.841 1.098 0.766 -1.283 3.092 -0.415 
Generation 5 0.308 0.774 0.398 -0.513 2.185 -0.235 
Generation 6 0.444 0.383 1.158 0.616 1.045 0.589 
Generation 7 0.350 0.277 1.265 1.274* 0.764 1.669 
Age 0.011 0.024 0.456 0.091 0.068 1.334 
Gender -0.304 0.219 -1.384 -0.887 0.626 -1.418 
Child-ratio -0.432 0.893 -0.484 1.214 2.610 0.465 
Household size 0.056 0.325 0.172 -1.276 0.945 -1.351 
Net-income  0.000 0.000 -0.025 0.000 0.000 -0.541 
Living-environment -0.001* 0.000 -1.921 -0.010** 0.001 -6.482 
Year of 2005 1.676** 0.247 6.779 4.024** 0.679 5.929 
Year of 2006 1.205** 0.261 4.626 4.896** 0.695 7.045 
Year of 2007 0.985** 0.252 3.909 1.190* 0.691 1.721 
Year of 2008 -0.219 0.295 -0.742 -0.453 0.805 -0.563 
Year of 2009 -0.328 0.253 -1.297 -0.677 0.696 -0.972 
Cold season -0.261* 0.134 -1.947 -3.797** 0.385 -9.872 
Holiday period 0.007 0.141 0.053 1.218** 0.415 2.933 
Number of trips 0.698** 0.175 3.985 -0.963* 0.499 -1.929 
Fuel price t -0.668 1.367 -0.488 -8.878* 4.155 -2.137 
Fuel price t-1 -0.502 1.379 -0.364 5.191 4.192 1.238 
Activity duration 0.082** 0.004 19.469 0.120** 0.007 17.568 
MCTD/LCTD(-1) 0.002 0.020 0.103 0.245** 0.020 12.237 

Adj.R-squared 0.32102 log-likelihood -7138.33 
Note: * means significant at 10% level; ** means significant at 5% level.  
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TABLE 3-7 PRICE ELASTICITIES OF VEHICLE KILOMETERS TRAVELLED 

 
VKT CCTD MCTD LCTD 

𝜂𝑠𝑡  -0.309 -0.586 -0.151 -0.604 

𝜂𝑙𝑡  -0.590 -1.378 -0.151 -0.800 
Note: VKT: Vehicle kilometer travelled; CCTD: Travel distance by car for compulsory activity; MCTD: Travel 
distance by car for maintenance activity; LCTD: Travel distance by car for leisure activity. 

TABLE 3-8 PARAMETER ESTIMATES OF PUBLIC TRANSIT TRIPS  

 
Travel distance by public transit 

Travel distance by public transit for 
compulsory activities 

Variable Coefficients Std.error t-value Coefficients Std.error t-value 

C 22.442** 7.762 2.891 11.276 7.920 1.424 
Generation 2 25.285** 8.813 2.869 20.767* 11.066 1.877 
Generation 3 19.529** 6.860 2.847 17.054** 6.077 2.806 
Generation 4 13.287** 5.626 2.362 9.032** 4.342 2.080 
Generation 5 8.589** 3.987 2.155 6.677** 3.047 2.191 
Generation 6 2.604 2.291 1.136 2.329 1.904 1.224 
Generation 7 -4.457** 1.624 -2.744 -1.847 1.359 -1.358 
Age -0.495** 0.127 -3.897 -0.366** 0.100 -3.676 
Gender 0.106 1.096 0.097 -4.437** 1.307 -3.396 
Child-ratio 2.906 3.910 0.743 -1.426 2.964 -0.481 
Household size -0.113 1.478 -0.076 2.808** 1.408 1.995 
Net-income 0.000 0.000 -1.034 0.000** 0.000 -2.124 
Living-environment     0.002 0.002 1.178 0.000 0.003 0.150 
Year of 2005 6.692** 1.334 5.017 6.286** 1.172 5.364 
Year of 2006 4.767** 1.420 3.357 5.369** 1.279 4.197 
Year of 2007 -0.390 1.476 -0.264 1.843 1.356 1.359 
Year of 2008 2.026 1.676 1.209 3.688** 1.515 2.434 
Year of 2009 14.492** 1.485 9.758 13.435** 1.377 9.759 
Cold season 0.054 0.657 0.082 0.710 0.528 1.345 
Holiday period -0.812 0.583 -1.393 -1.199** 0.444 -2.698 
Number of trips -0.570 0.676 -0.844 0.538 0.763 0.705 
Fuel price t -5.147 5.286 -0.974 -3.988 3.933 -1.014 
Fuel price t-1 2.563 5.355 0.479 1.550 3.990 0.389 
Activity duration 0.214** 0.007 30.512 0.179** 0.005 32.888 
PTD/CPTD(-1) -0.132** 0.019 -7.050 -0.132** 0.020 -6.761 

log-likelihood -7692.1 -4921.09 
Note: * means significant at 10% level; ** means significant at 5% level 

 

The effects of internal factors (activity duration) are almost the same for the 

various trip purposes. It indicates that if people spend more time on activities after 

their trip, they also travel more by public transit. For external factors, effects of 

season and holiday period do not show any significant results. Based on the current 

sample size the results show that in the cold weather seasons, people travel farther 

for compulsory trips and less distance for maintenance and leisure trips by public 

transit. People travel less for both compulsory and leisure trips by public transit during 
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the holiday period. However, there is a slightly increasing travel distance by public 

transit for maintenance trips in holiday months. Yearly fixed effects, which try to 

capture the unobserved variations across years, show relatively stable results. The 

results indicate that travel distance by public transit is relatively high in 2005, 2006 

and 2009.  

TABLE 3-8 PARAMETER ESTIMATES OF PUBLIC TRANSIT TRIPS - CONTINUTED 

 
Travel distance by public transit for 

maintenance activities 
Travel distance by public transit for 

leisure activities 
Variable Coefficients Std.error t-value Coefficients Std.error t-value 

C -0.292 1.337 -0.218 10.531** 4.886 2.155 
Generation 2 0.159 1.363 0.116 4.724 4.984 0.948 
Generation 3 0.341 1.066 0.319 4.645 3.898 1.192 
Generation 4 0.457 0.879 0.520 2.455 3.210 0.765 
Generation 5 -0.075 0.620 -0.121 1.825 2.265 0.806 
Generation 6 -0.150 0.307 -0.488 0.432 1.120 0.386 
Generation 7 -0.179 0.221 -0.809 -2.056** 0.810 -2.539 
Age -0.008 0.019 -0.397 -0.109 0.071 -1.538 
Gender 0.024 0.175 0.137 0.936 0.641 1.462 
Child-ratio -0.489 0.715 -0.685 3.526 2.610 1.351 
Household size 0.180 0.260 0.693 -1.924** 0.950 -2.024 
Net-income  0.000 0.000 -0.633 0.000 0.000 -0.859 
Living-environment 0.000 0.000 0.974 0.002 0.001 1.601 
Year of 2005 0.203 0.187 1.086 2.143** 0.684 3.134 
Year of 2006 0.312 0.195 1.601 0.491 0.709 0.692 
Year of 2007 -0.029 0.202 -0.142 -1.656** 0.738 -2.243 
Year of 2008 0.206 0.233 0.884 -0.804 0.852 -0.944 
Year of 2009 0.808** 0.203 3.976 3.424** 0.740 4.626 
Cold season -0.090 0.107 -0.835 -0.424 0.392 -1.082 
Holiday period 0.128 0.112 1.134 -0.312 0.409 -0.761 
Number of trips 0.097 0.132 0.735 -0.501 0.482 -1.040 
Fuel price t -1.683 1.095 -1.537 1.957 3.996 0.490 
Fuel price t-1 1.475 1.106 1.334 -2.561 4.035 -0.635 
Activity duration  0.202** 0.008 24.878 0.375** 0.015 25.403 
MPTD/LPTD(-1) -0.003 0.020 -0.154 -0.019 0.020 -0.933 

Adj.R-squared 0.27204 0.29966 
Note: * means significant at 10% level; ** means significant at 5% level 

 

TABLE 3-9 FUEL PRICE CROSS-ELASTICITIES OF TRAVEL DISTANCE BY PUBLIC TRANSIT 

 
PTD CPTD MPTD LPTD 

𝜂𝑠𝑡  -0.515 -0.471 -2.553 0.601 

𝜂𝑙𝑡  -0.455 -0.416 -2.545 0.590 
Note: PTD: Travel distance by public transit; CPTD: Travel distance by public transit for compulsory activity; 

MPTD: Travel distance by public transit for maintenance activity; LPTD: Travel distance by public transit for 

leisure activity. 
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TABLE 3-10 PARAMETER ESTIMATES OF SLOW MODE TRIPS  

Variable 

Travel distance by slow modes 
Travel distance by slow modes for 

compulsory activities 

Coefficients Std.error t-value Coefficients Std.error t-value 

C -0.478 0.433 -1.105 -0.428 0.294 -1.456 

Generation 2 -0.850** 0.424 -2.005 -0.363 0.227 -1.595 

Generation 3 -0.098 0.331 -0.297 -0.203 0.171 -1.191 

Generation 4 0.092 0.273 0.336 -0.165 0.139 -1.187 

Generation 5 -0.117 0.194 -0.602 -0.074 0.099 -0.755 

Generation 6 -0.118 0.092 -1.283 -0.103** 0.051 -2.027 

Generation 7 -0.110 0.067 -1.636 -0.100** 0.038 -2.648 

Age 0.024** 0.006 4.023 0.007** 0.003 2.196 

Gender -0.069 0.056 -1.246 -0.164** 0.041 -4.037 

Child-ratio -0.447* 0.233 -1.920 -0.191 0.124 -1.535 

Household size 0.194** 0.085 2.270 0.172** 0.055 3.135 

Net-income 0.000 0.000 -0.456 0.000 0.000 -0.479 

Living-environment 0.000** 0.000 -2.244 0.000 0.000 0.596 

Year of 2005 0.645** 0.061 10.560 0.350** 0.033 10.457 

Year of 2006 0.593** 0.060 9.805 0.289** 0.035 8.274 

Year of 2007 0.225** 0.060 3.715 0.071** 0.036 1.981 

Year of 2008 0.215** 0.071 3.022 0.089** 0.042 2.140 

Year of 2009 0.262** 0.061 4.295 0.119** 0.036 3.288 

Cold season -0.397** 0.034 -11.534 -0.071** 0.018 -3.880 

Holiday period -0.014 0.037 -0.386 -0.019 0.019 -1.049 

Number of trips 0.179** 0.046 3.877 0.023 0.030 0.772 

Fuel price t -0.122 0.377 -0.324 -0.213 0.174 -1.226 

Fuel price t-1 -0.235 0.381 -0.617 0.018 0.176 0.101 

Activity duration after 
car trip 

0.011** 0.001 20.940 0.015** 0.000 34.794 

ETD/CETD(-1) 0.223** 0.019 11.535 0.067** 0.020 3.406 

log-likelihood -2427.375 -532.052 
Note: * means significant at 10% level; ** means significant at 5% level 

 

As for socio-demographic variables, net-income and living environment do not 

show any significant effects on travel distance by public transit. Based on current 

sample size, the parameters of urbanization indicate that people living in higher 

density areas travel longer distance by public transit. The effects of net-income on 

VMT are almost equal to zero and insignificant except for travel distance for 

compulsory activities. Age has significant negative effects on travel distance by public 

transit. It indicates that the older the person is, the less distance the person will travel 

by public transit. Moreover, effects of gender, child-ratio and household size differ 

across travel purpose, although most of these effects are insignificant except for 

effects of age and gender on travel distance by public transit for compulsory activities 
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and household size on travel distance by public transit for leisure activities. Results 

indicate that women has a negative effect on compulsory travel distance by public 

transit (men as 0 and women as 1). This suggests that, on average, travel distance for 

compulsory activity categories by women in the sample is less than that of men. For 

maintenance and leisure trips by public transit, however, females travel more than 

males do. Furthermore, person with a lower child-ratio and bigger family travel 

farther distance by public transit for compulsory and maintenance trips. For leisure 

trips, however, family size and child-ratio have opposite effects. 

Finally, we discuss the effects of fuel price on travel distance by public transit. 

The model included one month-lagged fuel price to determine whether public transit 

demand is quickly adjusting to changes in fuel price or whether there is a significant 

delayed effect. The results indicate there is no significant effect of fuel price on public 

transit demand. 

We calculated the short- and long-term cross-elasticities for public transit travel 

distance. The results are shown in Table 3-12. It shows that fuel price cross-elasticity 

of travel distance by public transit is negative. However, considering the various trip 

purposes, cross-elasticities differ. The elasticity is negative for compulsory and 

maintenance trips, but positive for leisure trips indicating that people will travel 0.6km 

more by public transit if fuel price will increase 1 euro for leisure activities. The long-

term cross-elasticities are always smaller than the short-term cross-elasticities for 

public transit, suggesting that the effects of fuel price are decaying over time. 

3.4.1.3 FUEL PRICE CROSS-ELASTICITY OF SLOW MODES TRAVELED 

The results of slow mode travel distance for various travel purposes are shown in 

Table 3-13 and 3-14. The generation effects for travel distance by slow mode are 

insignificant and different for the various purposes. Based on the current sample size, 

for total travel distance and leisure trips by slow mode, the middle generations have 

positive effects on travel distance by slow mode; however for younger and older 

generations, they have negative effects especially generation 2 which have significant 

negative effect. It indicates that either the younger and older generations travel less 

by slow mode in particular for leisure activities. For compulsory trips, the effects are 

generally negative. The effects are significantly stronger for younger generations 6 

and 7, which indicates that these younger generations travel less for compulsory trips 

by slow modes.  

For internal and external effects, almost all coefficients are significant. The 

effects of activity duration after the trip by slow modes proved that activity duration 

has a significant positive effect on travel distance by slow mode. For other external 
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variables, the results indicate that people travel less by slow modes in the cold 

weather season, whereas they travel more by slow modes in holiday months for 

leisure activities. Yearly fixed effects show that travel distance by slow modes is 

relatively high in 2005, 2006 and 2009.  

For social demographic variables, age has significant positive effects on all 

purposes of travel distance by slow modes. Gender has significant negative effects on 

compulsory trips but significant positive effects on maintenance trips by slow modes, 

which might be explained by work task allocation. Child-ratio has negative effects on 

both maintenance and leisure trips by slow modes. However, household size has 

significant positive effects on all compulsory and maintenance of trips by slow modes. 

For living environment and personal net-income variable, the effects are almost equal 

to zero. The number of trips has a significant positive effect on travel distance for 

leisure activities.  

Finally, for the effects of fuel price on slow mode travel distance, summing the 

two months coefficients, which are -0.377 for total travel distance by slow mode, -

0.195 for compulsory trips, -0.051 for maintenance trips and -0.155 for leisure trips, 

results indicate that with increasing fuel price travel distance by slow mode decreases. 

The possible explanation could be substituting travel with in-home or out-of-home 

activities. Results show that fuel price may have lagged positive effects on travel 

distance by slow modes for compulsory and maintenance trips. But for leisure trips, 

people simply react more quickly. The cross-elasticities of fuel price on travel distance 

by slow modes is presented in Table 3-15. 

The cross-elasticity results of slow mode are shown in Table 3-15. Based on the 

current sample size, compared to cross-elasticities of public transit, the cross-

elasticities for slow modes are lower. Both that cross-elasticities are negative for 

compulsory and maintenance trips, but positive for leisure trips indicating people will 

travel 0.24km more by slow mode for leisure activities for 1 euro increase in fuel 

price. The long-term elasticities are bigger than the short-term elasticities for slow 

modes, suggesting that the effects of fuel price are building up over time. 

3.4.2 ENERGY CONSUMPTION  

Estimated parameters of energy consumption by car are shown in Table 3-16. For 

generation effects, the coefficients show significant increasing effects from the older 

generation 2 to the younger generation for energy consumption in total and energy 

consumption of car, indicating an increasing energy consumption for younger 

generations, while, for energy consumption by public transit, there is a significant 
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decreasing consumption from the older generation (except generation 1) to the 

younger generation. It indicates that the older generation consumes significantly 

more energy using public transit compared to the younger generation. 

For external variables: season, holiday month and yearly fixed effects, the results 

indicate that people consume significant less energy for car and in total in cold 

weather season. During holiday months, people consume significantly less energy for 

public transit. Yearly fixed effects do not show any significant effects on total energy 

consumption. However the effect of year show that energy consumption for cars is 

relatively low in 2009 comparing to 2004, while energy consumption for public transit 

is significantly higher in 2007, 2008 and 2009. 

TABLE 3-11 PARAMETER ESTIMATES OF SLOW MODE TRIPS - CONTINUTED 

 

Travel distance by slow modes for 
maintenance activities 

Travel distance by slow modes for 
leisure activities 

Variable Coefficients Std.error t-value Coefficients Std.error t-value 

C -0.378 0.245 -1.545 -0.389 0.314 -1.242 

Generation 2 -0.180 0.250 -0.720 -0.353 0.302 -1.168 

Generation 3 0.144 0.195 0.741 0.093 0.237 0.391 

Generation 4 0.155 0.161 0.963 0.181 0.195 0.929 

Generation 5 -0.002 0.113 -0.016 -0.077 0.138 -0.559 

Generation 6 0.012 0.056 0.208 -0.047 0.065 -0.735 

Generation 7 0.042 0.041 1.024 0.001 0.047 0.027 

Age 0.009** 0.004 2.411 0.015** 0.004 3.359 

Gender 0.120** 0.032 3.735 -0.063 0.040 -1.572 

Child-ratio -0.232* 0.131 -1.771 -0.295* 0.169 -1.749 

Household size 0.136** 0.048 2.859 0.057 0.061 0.930 

Net-income  0.000 0.000 -0.051 0.000 0.000 -0.637 

Living-environment 0.000* 0.000 -1.952 0.000** 0.000 -2.596 

Year of 2005 0.215** 0.035 6.140 0.216** 0.041 5.305 

Year of 2006 0.191** 0.036 5.286 0.235** 0.041 5.690 

Year of 2007 0.086** 0.037 2.343 0.102** 0.042 2.406 

Year of 2008 0.042 0.043 0.996 0.116** 0.050 2.314 

Year of 2009 0.056 0.037 1.505 0.153** 0.043 3.564 

Cold season -0.089** 0.020 -4.510 -0.276** 0.025 -11.252 

Holiday period -0.031 0.021 -1.497 0.056** 0.027 2.063 

Number of trips 0.024 0.025 0.933 0.219** 0.034 6.354 

Fuel price t -0.283 0.200 -1.417 0.247 0.277 0.892 

Fuel price t-1 0.232 0.202 1.147 -0.402 0.280 -1.435 

Activity duration 
after car trip 

0.015** 0.001 22.240 0.009** 0.001 15.078 

METD/LETD(-1) 0.062** 0.020 3.103 0.165** 0.020 8.127 

Adj.R-squared 0.489 -1856.286 
Note: * means significant at 10% level; ** means significant at 5% level 
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TABLE 3-12 FUEL PRICE CROSS-ELASTICITIES OF TRAVEL DISTANCE BY SLOW MODE 

Elasticity STD CSTD MSTD LSTD 

𝜂𝑠𝑡  -0.057 -0.311 -0.489 0.243 

𝜂𝑙𝑡  -0.073 -0.333 -0.522 0.291 
Note: STD: Travel distance by slow modes; CSTD: Travel distance by slow modes for compulsory activates; 
MSTD: Travel distance by slow modes for maintenance activities; LSTD: Travel distance by slow modes for 
leisure activities. 

TABLE 3-13 PARAMETER ESTIMATES OF ENERGY CONSUMPTION 

 
Energy consumption by car 

Variable Value Std.error t-value 

C 117.065** 14.910 7.851 
Generation 2 -34.140** 13.958 -2.446 
Generation 3 -25.262** 10.904 -2.317 
Generation 4 -14.368 8.985 -1.599 
Generation 5 -5.295 6.373 -0.831 
Generation 6 2.495 2.958 0.843 
Generation 7 -0.091 2.175 -0.042 
Age -0.078 0.199 -0.391 
Gender -9.664** 1.881 -5.137 
Child-ratio 6.908 7.847 0.880 
Household size -11.192** 2.821 -3.967 
Net-income per year 0.001** 0.000 7.205 
Living-environment -0.023** 0.005 -5.125 
Year of 2005 2.219 1.816 1.222 
Year of 2006 2.501 1.876 1.333 
Year of 2007 -0.093 1.946 -0.048 
Year of 2008 -0.202 2.291 -0.088 
Year of 2009 -3.780* 1.972 -1.916 
Cold season -6.566** 1.113 -5.898 
Holiday period 1.024 1.257 0.814 
Number of trips -0.587 1.488 -0.395 
Fuel price t -9.250 13.039 -0.709 
Fuel price t-1 -7.024 13.146 -0.534 
EC(-1) 0.555** 0.018 30.208 

log-likelihood -9449.621 
  

Note: * means significant at 10% level; ** means significant at 5% level 

 

As for socio-demographics, gender shows significant negative effects on energy 

consumption in total and for car and public transit. It indicates that on average 

woman consume less energy than man. The parameter for child-ratio is significant 

positive for public transit, which indicates that individuals with more children 

consume more energy. In contrast, the parameters for household size are negative for 

total energy consumption in total and energy consumption for car, which indicates 

that individuals from large households have less need to travel and consume less 

energy. Moreover, the parameters for net-income indicate that individuals who earn a 
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high salary consume more energy. For residential density, we find that density directly 

influences energy consumption. Individuals who live in rural areas consume more 

energy for car and less energy for public transit. Therefore, they consume more 

energy in total. 

Finally, the parameters of the lag dependent and independent variables show 

how travellers adjust their travel behavior to changes in fuel prices. The current 

month energy price and one lagged month energy price show negative effects on 

energy consumption and energy consumption for car. However, these effects are not 

significant. For the lagged dependent variable, the results indicate that around 55% of 

the adjustment of energy consumption to changes in the independent variables 

occurs within one month. 

3.5 CONCLUSIONS  

This chapter has sought to analyse dynamic effects of fuel price fluctuations on 

activity-travel patterns. To achieve this research goal, a pseudo-panel approach was 

used to construct dynamic models of vehicle travel distance, public transit travelled, 

slow mode travel distance and energy consumption. The chapter presented the 

results of the estimation of these dynamic models for the resulting 28 cohorts. The 

main results can be summarized as follows.  

First, the current month elasticities of travel distance by car on fuel price are 

negative for all three kinds of trips, which indicate that people will reduce their travel 

distance in reaction to increasing fuel prices. The short and long-term elasticities of 

travel distance by car are slightly higher than the elasticities found in the literature 

(elasticity range from -0.16 to -0.07 for short term and -0.58 to -0.21 for long term). 

The results also show that elasticities differ substantially between different travel 

purposes. More specifically, fuel price fluctuation has a negative influence on travel 

distance by car, with the specific effects depending on the kind of trip. The elasticity 

of travel distance by car for maintenance trips is the lowest as indicated by an 

elasticity of -0.151 in the current month. However, the elasticities of vehicle kilometre 

travelled for compulsory and leisure trips are lower in the current month. It means 

that the travel distances for compulsory and leisure trips are more sensitive to 

changes in the current month fuel price. Moreover, there is evidence of rebound 

effects in the next month. Comparing the energy price effect results of this chapter to 

these responding in Chapter 2,  differences can be observed. In Chapter 2, we found 

that price elasticity of travel time for compulsory activities is much higher than for 
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leisure activities. In Chapter 3, we estimated the fuel price elasticities of travel 

distance instead of travel time. We also took into account both current month energy 

price effect and the one-month lagged energy price effect. The results showed slightly 

higher elasticity for travel distance for leisure activities by car instead of for 

compulsory activities on current month. However, taking into account the one month 

lagged energy price effects, we found that people have a much higher significant 

rebound effect for leisure trips by car than for compulsory trips. This effect could have 

been neglected by taking monthly average energy price effect on cross-section 

activity-travel data within the month in Chapter 2. 

Second, adjustment to changes in prices takes time and differs for different 

travel purposes. The long-term elasticities are around one to three times higher than 

the short-term, and the full adjustment of travel distance generally takes around 6 

months. Although a static model can be used to estimate short-term elasticitities, the 

dynamic formulation is preferable in that it distinguishes time horizons and allows 

estimation of the speed of adjustment. Moreover, the parameters of the lag effects 

indicate that adjustment to changes in fuel prices also differs between the three kinds 

of trips. 

Moreover, results indicate that there are no significant positive effects of fuel 

price on travel distance by both public transit and slow mode. It indicates that 

peoples’ adaptation to increasing fuel price may include substituting trips by activities. 

Comparing the cross-elasticities for public transit and slow mode for all kinds of trips, 

results show that the absolute value of cross-elasticity for public transit is higher. 

Moreover, there are some similarities between these two groups of cross-elasticities, 

such as for leisure trips. The cross-elasticity of fuel price is positive for both transport 

modes in the current month. It indicates that people react more quickly in case of 

leisure trips. However, the effects rebound in the next month. For compulsory and 

maintenance trips, the reaction is slower. 

Equally interesting are the energy price and cohort effects for energy 

consumption. The cohort effects on energy consumption indicate that the younger 

generation uses more private transport modes than the older generations, consuming 

more energy.  
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CHAPTER4 
FUEL PRICE EFFECTS ON INDIVIDUAL’S DAY-TO-

DAY DYNAMIC ACTIVITY-TRAVEL BEHAVIOR 

ADAPTATION*  

4.1 INTRODUCTION 

Economists have argued the role of economic instruments, including fuel taxes, in 

transportation planning on the grounds of economic efficiency. An increase in fuel 

taxes is supposed to influence consumers to directly reduce vehicle energy 

consumption by reducing vehicle kilometres travelled, buying more efficient vehicles, 

shifting to a more fuel-efficient driving style, etc. These contentions have found 

substantial empirical support. As discussed in Chapter 2, over the past forty years, 

many researchers have interpreted changes in travel demand to reflect behavioral 

adaptations to fuel prices fluctuation.  

                                                                 
* This chapter is based on Yang, D. & Timmermans, H.J.P. (2014). Effects of fuel price on 
individual dynamic travel decisions: Binary probit selection model that uses GPS panel data. 
Transportation Research Record 2412, 1-10. 
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Some research is based on disaggregate analyses. These studies have mostly 

used cross-sectional data, commonly based on one or two-day activity-travel diaries. 

However, cross-sectional data inherently limit the study of dynamic effects (Hanly, et 

al. 2002), and also represent a challenge in disentangling the effects of fuel price. 

Compared to cross-sectional data, panel data have been collected in a more limited 

number of cases. By assuming that the estimated parameters are invariant over time, 

prediction implies translating policies into the independent variables of the model, 

keeping the parameters fixed and then applying the model equation to calculate new 

values for the dependent variable (Rentziou & Souleyrette, 2012). The problem here is 

that disaggregate time-series data are quite difficult and expensive to collect. To 

overcome this limitation, some researchers constructed pseudo-panel data by using 

large cross-sectional data sets from national household travel surveys to model the 

dynamic effects on disaggregate data (Dargay, 2007; Weis & Axhausen, 2009). In 

Chapter 3, a pseudo-panel data was built to study the dynamic effects of energy price 

on individual’s activity-travel behavior over time. It overcomes limitations of short-

term data and allows analysing dynamic effects of fuel price fluctuations on activity-

travel patterns by including lagged price variables.  

However, there are some limitations. First, although national travel survey data 

sets tend to include many respondents, it is still hard to find sufficiently large monthly 

or weekly cohort samples to observe short-term adaptation. Moreover, previous 

researchers cannot capture the intrinsic variability in individual preferences for 

transport mode and location choice in the short term. As discussed in the 

psychological literature, the frequency of past behavior is the best predictor of future 

behavior and tends to explain most of the variance in intentions (Aarts et al., 1998; 

Carrus et al., 2008). In particular, psychologists recognise that the role of past 

behavior is likely mediated by conscious and reasoned decision-making processes 

(Carrus et al., 2008). In transportation research, it has been proved that individuals 

select the current daily activity pattern based on the activity planned for a later period 

or their habits (Yanez, et al. 2009; Cherchi et al. 2014). Thus, it is reasonable to 

assume that the number of times that the same tour has been made in previous days 

will strengthen habitual behavior in daily transport mode and location choices. 

However, inertia effects have not been taken into account in the majority of studies 

about energy price effects on travel demand. 

Another limitation of this prior research is that few if any context variables that 

may operate on people’s car use decisions have been taken into account. Ignoring 

such context effects may imply that the effects of fuel price be confounded with non-

included context effects. Although indeed several empirical studies have found 

adverse weather to affect trip generation, trip distribution, mode choice, route 

choice, departure time and speed choice (Aaheim & Hauge, 2005; Sabir, et al., 2008; 
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Cools, et al., 2010; Saneinejad, et al., 2012), empirical studies on the impact of fuel 

prices did not control for weather conditions, most likely because such data are not 

routinely linked to travel survey data. 

One of the main reasons for the lack of studies of  inertia and context effects 

concerns the difficulty of collecting data on context and dynamic effects on travel 

behavior. Clearly, one of the most promising avenues for collecting panel data of 

individual activity-travel behavior is the use of GPS surveys. GPS traces provide very 

precise geographic information about travel and stops. Over the last decade, the use  

of GPS devices for tracking individual activity-travel behavior has been explored in a 

large number of studies (Hato & Kitamura, 2008; Axhausen, et al., 2004). Although 

GPS traces do not directly provide information about transport mode, several 

algorithms and rules-of-thumb have been applied successfully to induce transport 

mode from primarily speed and acceleration information embedded in GPS traces 

(Moiseeva & Timmermans, 2010; Moiseeva, et al., 2010; Feng & Timmermans, 2012). 

Thus, it seems that a GPS-based panel might offer unique opportunities to analyse the 

dynamic relationship between varying fuel prices and activity-travel behavior. If, in 

addition, weather data could be collected and linked to these GPS data, a rich data set 

for analysis would be obtained. 

Thus, to understand both individuals’ adjusting of their activity-travel behavior 

as a consequence of external effects, such as weather and fuel price, and intrinsic 

variability planned by individual due to the daily or weekly activity habitual patterns, a 

GPS panel survey was conducted. This chapter aims at analysing whether transport 

mode choice and travel duration by car co-vary with fluctuations in fuel price, 

controlling for different weather conditions, socio-demographic characteristics and 

intrinsic day-to-day variability in individual mode choice. A two-step estimation 

methodology was applied to estimate 1) individuals’ decisions of making car-based 

trips and 2) the influence of real fuel price fluctuations on car travel duration.  

The structure of this chapter is as follows. The next section gives a description of 

the GPS data collection, the key features of the collected data and the results of 

descriptive analyses. A sample selection model applied in this study is presented in 

section 4.3 to model mode choice and travel duration by car. The results of the 

sample selection analyses are presented in section 4.4. Section 4.5 presents the 

effects of fuel price on fuel consumption and CO2 emission at the individual level. The 

chapter is completed by a conclusion and discussion.  

4.2 DATA COLLECTION AND DESCRIPTIVE ANALYSIS 

As discussed above, cross-sectional data inherently limit the study of dynamic effects. 

Panel data would be better, but panel data are quite difficult to obtain for 
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disaggregate analysis of individual or household travel behavior. To further 

understand individual’s reactions to energy price fluctuations, activity diary data were 

collected because they describe behavior on all relevant facets. To reduce respondent 

burden and improve data quality, paper-and-pencil questionnaires have been 

replaced with Internet-based computer-assisted survey instruments (Ettema, et al., 

1994; Doherty & Miller, 2000). However, it has been argued that no sufficiently large 

panel data sets about individual’s activity travel patterns recorded for a substantial 

number of weeks exist, most likely because it was deemed impossible, as respondent 

burden is very high. It is one of the main reasons hampering the further study of 

dynamics in activity-travel patterns, both endogenously or in response to exogenous 

change. Recent technological progress such as GPS trackers may reduce that burden 

substantially.  

The data collection used for this chapter combines GPS logs, dedicated 

imputation algorithms and data fusion methods to infer or impute information about 

travel characteristics. Because none of these approaches is error-free, the best result 

can be obtained by combining these technologies. Respondents were invited to check 

the enhanced GPS traces, respond to queries about possible inconsistencies and 

provide any missing information through a Web application. The Web-based 

questionnaire system developed by and for our group was used to program the 

survey, which included two parts. The first part concerned a set of questions related 

to personal and household characteristics including age, gender, household 

composition, net-income, etc. More than 12 socio-demographic variables were 

included in the questionnaire. The second part of the survey consists of a semi-

automatic imputation of GPS traces, complemented with a Web-based prompted 

recall survey instrument (Moiseeva, et al., 2010). This system was used to collect 

activity-travel data across a full year.  

 

TABLE 4-1 RESPONDENT PARTICIPATION RATES AND ATTRITION  

 

Eindhoven region Rijnmond region 

Frequency Percentage Frequency Percentage 

one week 2 1.64% 21 8.24% 

Two weeks 24 19.67% 24 9.41% 

two weeks to one month 24 19.67% 31 12.16% 

one month to two months 33 27.05% 45 17.65% 

two months to three months 33 27.05% 102 40.00% 

more than three months 6 4.92% 32 12.55% 

Total 122 100% 255 100% 
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Around 500 respondents from the Eindhoven area and 500 respondents from 

Rotterdam area were invited to participate in this survey. Feng and Timmermans 

(2014) discuss further details of  the data collection. Respondents were provided user 

accounts and a specific password for system login to upload their data to the website 

via Internet around twice per week. They were invited to upload multi-day GPS traces. 

Their data were processed immediately to impute daily activity-travel diaries 

(transportation modes, activity episodes and other facets of activity-travel patterns) 

using Bayesian Belief network. Next, respondents were invited to check the data for 

accuracy and consistency, and provide any missing information such as activity type, 

travel purposes, parking fee, trip cost etc. Respondents were allowed to change, 

remove and merge the imputed data, and add new activity/travel data. Both the 

originally uploaded and validated data were automatically saved in the database. The 

system differentiates between transport modes (walking, running, bike, motor-bike, 

bus, car, taxi, train, metro and tram). It imputes activities according to 13 kinds of 

activities: home, paid work, voluntary work, study, daily shopping, non-daily shopping, 

service, bring and pick up, leisure, recreation, social, parent-children help and 

unspecified. We selected the respondents who: 1) participated every day continually 

for at least one whole week; 2) recorded more than one trip within each week. Since 

the respondent has to re-charge the battery every 3 days and opens the GPS every 

morning before the first trip, it is high likely that many respondents missed 1-2 days 

data in a week. After cleaning the data, in total, 267 valid respondents, who 

participated at least one full week (might have gaps between full weeks), and 32519 

valid trip data were selected for this analysis. The travel diary data span a full year 

from May 2012 to May 2013. The respondents participated in different time periods 

and duration as shown in Table 4-1. It suggests that most respondents participated 

more than one whole week. Besides the GPS traces, weather conditions data and daily 

fuel price data obtained from local websites in the Netherlands were collected day by 

day. 

4.2.1 SOCIO-DEMOGRAPHIC DATA - DESCRIPTIVE ANALYSIS 

Table 4-1 presents the socio-demographic variables collected in the first part of the 

survey. The characteristics of the respondents are summarized in Figure 4-1 and 4-2. 

The share of male and female respondents is almost fifty/fifty. 70% of the 

respondents come from the Rotterdam region, while the rest comes from the 

Eindhoven region. Different from other online surveys, the age distribution of these 

respondents is not dominated by young persons. Almost 45% of the respondents is 

older than 55 years old. The majority of respondents has a driver’s licence and at least 

one car in their household. For other socio-demographic variables, according to the 
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Dutch National Travel Survey, this data set is consistent with the distribution of the 

Dutch population.  

4.2.2 TRIP-ACTIVITY DATA DESCRIPTIVE ANALYSIS 

To better understand the general characteristics of the activity-travel patterns and 

examine the accuracy of the data for estimation, the descriptive analysis of GPS data 

is shown. The exploratory analysis assists to judge the reliability of the data set. Figure 

4-3 and 4-4 shows the average duration of out-of-home activities and how many days 

in total, these activities were conducted across respondents from the Eindhoven and 

Rotterdam regions separately. Overall, the duration seems reasonable for each 

activity type, except study, bring/pick up and service duration in both regions, which 

are a slightly higher than the static results from the national sample (MON) due to the 

relatively smaller sample number in the sample. Compared to the Eindhoven region, 

respondents in the Rotterdam region spend more time on paid work and parenting 

children, but less time on recreation, leisure and social activities. Unspecified activities, 

which are due to missing information (including home activities), checking mistakes or 

unwillingness to reveal information, amount to around five hours per day in the 

Eindhoven region and four hours per day in the Rotterdam region, which is relatively 

high. It should be noticed that although activity information has been prompted and 

recalled from the respondents, this is insufficient to reveal all activity information. 

There is a high percentage of activities that are remain unspecified.  

 

 
FIGURE 4-1 SAMPLE COMPOSITION 
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FIGURE 4-1 SAMPLE COMPOSITION – CONTINUED  

Figures 4-5 and 4-6 show the average travel duration, and travel distance for 

different transport modes in the Eindhoven and Rotterdam regions separately. Overall, 

the figures show that walking/running, bike, train and car/taxi are four dominate 

transport modes in both regions. Comparing these two regions, Rotterdam has two 

more transport modes, which are tram and metro. Moreover, respondents in the 

Rotterdam area spend more time on walking and biking, while respondents from the 

Eindhoven region spend more time on the train. 

Figure 4-7 portrays the average travel speed for different transport modes in the 

Eindhoven and Rotterdam regions. In general, the average travel speeds are 

reasonable for all transportation modes. The travel speeds for walking/running, bike 

and train are almost the same for both regions. However, motorbike and bus speeds 

are faster in the Rotterdam region than in the Eindhoven region. For the travel speed 

of car, the figure shows that it is faster in the Eindhoven region than in the Rotterdam 

region, probably due to less traffic jams in Eindhoven compared to Rotterdam. Taking 

a closer look at the range of the travel speeds of different transport modes in the data, 

we found that the lowest travel-speeds of motorbike, bus, train and car are much 

lower than expected, which could be due to inaccuracies in travel distance 

calculations of the GPS devices.  
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TABLE 4-2 SOCIO-DEMOGRAPHIC VARIABLES 

Variables Name Description  Type  

Personal and 
household 

Gender Gender  Binary: 0-woman/1-man 

Age Age  Continuous 

Education 

level 
Education in three levels Ordinal: low; middle; high 

Work status Situation of working Nominal (5 levels) 

Net-income 
Personal net-income per 

month in three levels 
Ordinal: low; middle; high 

Status  Living situation Nominal (5 levels) 

Household size  
Number of people in the 

household 
Continuous 

City  Living area 
Binary: 0-eindhoven/1-

Rotterdam 

Transport 
mode property 

Car ownership Whether they own a car Binary: 0-no/1-yes 

Driving license 
Whether they have a drive 

license 
Binary: 0-no/1-yes 

Fuel type Fuel type of the car Nominal (4 levels) 

 
 

 
FIGURE 4-2 AVERAGE DURATION OF OUT-OF-HOME ACTIVITIES (EINDHOVEN AREA) 
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FIGURE 4-3 AVERAGE DURATION OF OUT-OF-HOME ACTIVITIES (ROTTERDAM AREA) 

 

 

 FIGURE 4-4 TRAVEL DURATION AND DISTANCE BY DIFFERENT TRANSPORT MODES 
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FIGURE 4-5 TRAVEL DURATION AND DISTANCE BY DIFFERENT TRANSPORT MODES 

(ROTTERDAM AREA) 

 
 FIGURE 4-6 TRAVEL SPEED OF DIFFERENT TRANSPORT MODES 
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2013 by month in the Eindhoven and Rotterdam area separately. The bar chart shows 

the percentage of four different predicted weather types in each month. The red line 

shows the fluctuation in average temperature, while the blue line shows the average 

wind speed over the year. It shows many rainy days between August and December 

2012. The daily average temperature fluctuated between 3 to 18 degrees Celsius. 

Because the Netherlands is relatively small, and the Eindhoven and Rotterdam areas 

are not far away from each other, weather forecasts are very similar in these two 

regions, except that Eindhoven has more days with snow than Rotterdam. 

 

 
 FIGURE 4-7  FLUCTUATION OF WEATHER CONDITIONS IN EINDHOVEN AREA 

 
FIGURE 4-8 FLUCTUATION OF WEATHER CONDITIONS IN ROTTERDAM AREA 

0.94
0.87

0.81

0.37
0.29

0.48
0.53

0.48

0.74 0.75

0.90
0.87

0.55

0.13

0.16

0.63

0.61

0.52
0.47

0.42

0.23 0.21

0.06 0.13

0.42

0.06
0.03 0.03

0.06
0.03

0.06
0.03 0.04 0.03

0

2

4

6

8

10

12

14

16

18

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

2012-5 2012-6 2012-7 2012-8 2012-9 2012-10 2012-11 2012-12 2013-1 2013-2 2013-3 2013-4 2013-5

sunny/cloudy rainy thunderstorm snow windspeed_ave temperature_ave

A
v

e
ra

g
e

te
m

p
/w

in
d

 s
p

e
e

d
 

0.97 0.97 0.97

0.43

0.26

0.39 0.37

0.45

0.71
0.75

0.90
0.87

0.58

0.03 0.03

0.57

0.68

0.61 0.63

0.42

0.26 0.18

0.10
0.13

0.26

0.03 0.03 0.03
0.04

0.03 0.04

0

2

4

6

8

10

12

14

16

18

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

2012-5 2012-6 2012-7 2012-8 2012-9 2012-10 2012-11 2012-12 2013-1 2013-2 2013-3 2013-4 2013-5

sunny/cloudy rainy thunderstorm snow windspeed_ave temperature_ave

A
ve

ra
ge

te
m

p
/w

in
d

 s
p

e
ed

 



 
 

80 
 

 
 FIGURE 4-9 FLUCTUATION OF AVERAGE FUEL PRICE IN THE NETHERLANDS 
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interdependent decisions underlying this process: 1) whether to use the car for a 

certain trip and 2) how long to travel by car.  We estimate the effects of fuel price 

fluctuations on both decisions, controlling for socio-demographics, weather 

conditions, time of day and inertia.  

Sample selection models for cross-sectional data have been intensively explored 

in social science research. Most studies are based on Heckman’s two-step estimation 

approach (Heckman, 1976), which is based on the method of moments. This two-step 

approach, however, does not provide a sufficient solution for panel data estimation. 

The literature on panel data models for sample selection models is rather incomplete 

and ambiguous. Applications are relatively sparse, and few useable general modelling 

frameworks have been proposed. The earliest contribution appears to be Hausman 

and Wise’s (1979) paper on attrition. The Hausman and Wise’s model is a two-period 

fully parametric model. Green (2011) suggested a maximum likelihood estimator as a 

substitution of the two-step method, which can, under appropriate distributional 

assumptions, provide consistent estimators. For solving the problem at hand, we used 

random effects sample selection models to capture the time variations of individuals 

in simple shifts of the regression function (Verbeek, 1990, 1992; Zabel, 1992; 

Kyriazidou, 1997). Simulated maximum likelihood rather than two-step least squares 

is used to fit the model.  

The basic structural equations for the sample selection model are a linear 

regression equation and with a binary probit selection criterion model as shown in 

equations 4.1 to 4.3: 

 

𝑦 = 𝛽′𝑥 + 휀        4.1 

𝑧 = 𝛼′𝑤 + 𝑢        4.2 

휀, 𝑢 ~ 𝑁[0,0, 𝜎𝜖
2, 𝜎𝑢

2, 𝜌]       4.3 

Values of 𝑦 and 𝑥 are only observed when 𝑧 equals to one. The essential feature 

of the model is that under the sampling rule, E[y|x, z=1] is not a linear regression in x, 

or x and z. The development below presents estimators for the class of essentially 

nonlinear models that emerge from this specification. To extend the basic model for 

panel data estimation, the random effects, (𝑐𝑖 , 𝑑𝑖) are assumed to be bivariate 

normally distributed with zero means, standard deviations 𝜎𝑐  and 𝜎𝑑  and correlation 

θ. The random effects regression model of the panel data is equation 4.4. 

 

𝑦𝑖𝑡 = 𝛽′𝑥𝑖𝑡 + 휀𝑖𝑡 + 𝑐𝑖 , 휀𝑖𝑡  ~ 𝑁[0, 𝛿2]     4.4 
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The selection mechanism is shown in equations 4.5 and 4.6. 

 

𝑧𝑖𝑡
∗ = 𝛼′𝑤𝑖𝑡 + 𝑢𝑖𝑡 + 𝑑𝑖        4.5 

𝑧𝑖𝑡 = 1 (𝑧𝑖𝑡
∗ > 0), 𝑢𝑖𝑡  ~ 𝑁[0,1]      4.6 

The correlation between 휀𝑖𝑡  𝑎𝑛𝑑 𝑢𝑖𝑡 is 𝜌 as 𝐶𝑜𝑟𝑟[휀𝑖𝑡 , 𝑢𝑖𝑡] =  𝜌. Selectivity comes in 

two forms here, which is the correlation of the unique components 휀𝑖𝑡 and 𝑢𝑖𝑡, and 

the correlation of the group specific components, 𝑐𝑖  and 𝑑𝑖. The parameters of 𝛽′, 𝛼′ 

variance parameters 𝜎𝑐  and 𝜎𝑑  and the two correlation parameters will be estimated 

in the model. 

4.3.2 VARIABLE SPECIFICATION 

The panel dataset used is derived from weekly-based travel diary, which includes 

continuous weekly activity-travel data. The recorded days were structured according 

to activity chains on a daily basis and all trip segments. All trip segments were 

grouped into trips. Each trip includes a trip purpose defined by the activity type 

afterward and a main transport mode used for the trip. The activity used to identify 

the trip purposes are: home, paid work, volunteer work, study, bring or pick up, daily-

shopping, non-daily shopping, service, elderly/kids help, recreation/leisure, social, and 

unspecified. To further clarify all the attributes used in this chapter, especially the 

ones we made to estimate the intrinsic variability in individual preferences, four types 

of attributes are elaborated in this section.  

4.3.2.1  SOCIO-ECONOMIC AND LIVING ENVIRONMENT ATTRIBUTES 

The socio-economic characteristics available in the dataset are presented in section 

4.2.1. These attributes are commonly measured in transport surveys. They are 

included to measure the difference in the preference of transport mode and to 

predict travel duration.  

To explore whether the facilities in or density of their living area influence 

individual’s transport mode and location choices, the respondents’ living environment 

was classified in main city area, suburbs and rural area. As shown in Figures 4-11 and 

4-12, the dashed areas are the main city areas of Eindhoven and Rotterdam. The small 

towns nearby could be easily recognized by their urban density and facilities.  
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 FIGURE 4-10 HOME LOCATION DISTRIBUTION FOR ROTTERDAM AREA 

 
FIGURE 4-11 HOME LOCATION DISTRIBUTION FOR EINDHOVEN AREA 
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4.3.2.2 INERTIA 

Inertia effects may be reflected in regularly using the same transport mode or repeat 

applying the same trip (mode and purpose). We assume that the current choice of 

conducting a certain trip is affected by the choice made in previous period (state 

dependency) and lagged effects. The inertia effects were counted within each week, 

because the panel data were constructed based on non-continuous weekly data. The 

following variables were constructed to examine inertia effects on the sequence of 

choices: 

 

1) A dummy variable which is equal to 1, if the same transport mode was used 

on the same day; 

2) A dummy variable which is equal to 1, if the same trip was conducted on the 

same day; 

3) A dummy variable, which is equal to 1, if the same trip has been conducted in 

the same week. This variable simply measures if the same trip has been 

made more than once during the same week. The variable starts a new count 

in a new week. 

4) A dummy variable, which is equal to 1, if the same trip has been conducted 

on the same day of the week in other weeks. This variable simply measures if 

the same trip has been made more than once across different weeks. If there 

is only one-week data for a respondent, the value will be indicated as 

missing. 

5) A continuous weekly variable, which counts the number of times the same 

trip, was conducted during the same week. The variable increases 

progressively with the days every time the same trip is repeated along the 

day of the week. 

 

Habit is measured as the frequency of past behavior. The first three variables 

measure whether the same transport mode and trip have been made more than once 

on the day of observation or have been conducted more than once in the same week. 

The fourth variable counts if the trip is a kind of habit that is applied on a fixed day of 

the week. The frequency of past behavior is the best predictor of future behaviors and 

tends to explain most of the variance in intentions. It indicates whether the trip is one 

of the habitual trips of the respondent. The fifth variable measures how many times 

the trip has been repeated, which is interpreted as the strength of the habit. 

Repeated trip could indicate preference for specific alternatives, such as transport 

mode and travel duration, which indirectly reflect the choice of activity locations. 
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4.3.2.3 ACTIVITY PROGRAMS ATTRIBUTES 

The application of scripts can be derived from needs-based theory of activity 

participation, as articulated by Arentze & Timmermans (2009). In this chapter, three 

attributes of activity programs conducted during each week will be constructed to test 

to which extent these needs will affect mode choice and travel duration (location 

choice). In particular, the following activity variables were calculated: 

 

1) A variable, which counts the number of days since the same type of activity 

has been performed for last time during the week; 

2) A variable, which counts the number of days since the same trip has been 

performed  last time; 

3) A variable, which counts the number of days the respondents did not record 

any trip during the week. 

4.4 ANALYSIS AND MODELING RESULTS 

Using the data set described above, we estimated the sample selection models with 

random effects using NLOGIT 5.0. The first step is to estimate the probit model to 

define the selection mechanism. Next, the random effects model is estimated with 

100 Halton draws. The random effects are assumed to be bivariate normally 

distributed with zero means. Maximum simulated likelihood was used to fit the model. 

 

TABLE 4-3 RESULTS OF THE SAMPLE SELECTION MODEL WITH PANEL DATA 

Variables Coefficient 
Standard 
error 

z 
Prob.|
z|>Z* 

Selection equation parameters 

Days of 
week 

Monday -0.266*** 0.040 -6.58 0.00 
Tuesday -0.112*** 0.037 -3.00 0.00 
Wednesday -0.082** 0.040 -2.07 0.04 
Thursday -0.105*** 0.037 -2.84 0.00 
Friday 0.422*** 0.025 17.08 0.00 
Saturday -0.467*** 0.021 -22.46 0.00 

Inertia 

Transport mode used on the same day -0.013*** 0.003 -4.27 0.00 
Script conducted on the same day 0.281*** 0.016 17.34 0.00 
Number of times the script repeated in 
the same week 

0.011*** 0.000 29.34 0.00 

Same script always be conducted on 
the same day of the week 

0.205*** 0.011 16.63 0.00 

Socio-
economic 

Age 0.161*** 0.024 7.46 0.00 
Education_middle -0.266*** 0.040 -6.58 0.00 
Work hour (12h-30h) per week -0.112*** 0.037 -3.00 0.00 
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Variables Coefficient 
Standard 
error 

z Prob.|z|>Z 

Socio-
economic 

Work hour > 30h per week 0.386*** 0.013 27.79 0.00 
Income_low 0.128*** 0.015 1.85 0.07 
Income_middle 0.088*** 0.015 -0.48 0.63 
Household size 0.040*** 0.005 17.78 0.00 

Weather 
Sunny -0.033*** 0.016 -12.26 0.00 
Average temperature -0.021*** 0.001 -12.69 0.00 

Living 
condition 

Home located in a city 0.210*** 0.011 18.82 0.00 

Activity plan 
Lagged days of same script -0.109*** 0.015 -7.45 0.00 
Lagged days of same activity  0.124*** 0.014 8.74 0.00 

Fuel price Fuel price 3 weeks ago -0.006 5.454 0.12 0.91 

Selection corrected regression parameters 

Trip-activity 

Activity duration 0.014*** 0.003 5.64 0.00 
Compulsory trip -9.569*** 3.656 -2.62 0.40 
Maintenance trip -5.821* 3.359 -1.73 0.01 
Leisure trip 7.490*** 0.855 8.76 0.00 

Socio-
economic 

Education_middle 7.191*** 1.075 6.69 0.00 
Working hours > 30 per week 3.953*** 0.394 10.04 0.00 
Household size -14.280*** 1.162 -12.29 0.00 
Gender -20.654*** 2.563 -8.06 0.00 

Inertia 

Script conducted on the same day -1.835*** 0.466 -3.93 0.00 
Number of times the script repeat 
in the same week 

6.110*** 1.812 3.37 0.00 

Same script always be conducted 
on the same day of the week 

-23.831*** 3.252 0.00 0.00 

Fuel price Fuel price 2 weeks ago 0.014*** 0.003 5.64 0.00 

Means of the random parameters 

𝑐𝑖  -4.246 5.861 -0.72 0.47 

𝑑𝑖  -1.178*** 0.125 -9.46 0.00 

Scale parameters of the standard deviations of the random parameters 

𝜎𝑐  5.557*** 0.246 22.58 0.00 

𝜎𝑑  0.027*** 0.003 22.58 0.00 

Disturbance standard deviation 

𝛿 (or 1/θ) 0.011 0.163 0.07 0.94 

Correlation between regression error and probit error 

𝜌 0.888*** 0.002 373 0.00 
Note: *** Significant at 1% level, ** Significant at 5% level, * Significant at 10% level. 
 

The analysis evaluates the effects of days of the week, inertia, socio-economic 

attributes, weather condition attributes, special attributes, activity plan attributes, 

trip-activity attributes and lagged fuel price attributes on individual’s decisions to use 

the car or not for a specific trip and the duration of the car trip. We selected the 

relevant variables for each part of the model (days of the week for selection part and 

trip-activity for regression part), then added the variables one by one to measure the 

log-likelihood and excluded the attributes, which did not significantly improve the 
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model. Finally the log-likelihood was increased from -45452.59 to -38407.07. The best 

results and significant variables of the model are showed in Table 4-3. 

The reason for assuming a lagged fuel price instead of the current fuel price 

affects individual choice of using the car is because that people are more likely be 

influenced by the price they paid and the price they expect to pay in the future. For 

the price they paid, they could change their current car use behavior to reduce 

consumption if the price was high. For the expected price, it is reasonable to assume 

respondents may adapt their current behavior if they predict the future price will be 

higher or lower. However, there is no information of when car users refill their cars. 

We assume that respondent use weekly lagged fuel prices as their reference to adjust 

their current car use behavior. Therefore, we estimated the effects of one to four 

lagged weeks fuel prices on individual’s car driving behavior and present the best 

results in Table 4-3.  

The first stage is the probit regression analysis. The results are shown in the first 

part of Table 4-3. Interesting, the lagged fuel price effects turned out not to be 

significant. The lagged fuel price was be tested one by one, and the estimated 

coefficients were around zero. The results shown in Table 4-3 present one of the 

insignificant result. Thus, these results suggest that individuals tend to continue using 

their car regardless of fuel prices increases, at least in the range observed in the 

current data. For days of the week, the result indicates that compared to Sunday, 

individuals are less likely to use the car from Monday to Thursday. The inertia 

attributes indicate that the sequence of mode choice made during the same day has a 

significant positive influence on individual’s car choice. It also shows that if the same 

trip script has been conducted more than once that day, respondents are less likely to 

drive for the trip. However, in a week, if the trip script will be repeated more often, 

the respondent would more likely choose the car as transport mode. Moreover, if the 

trip script is repeated regularly on the same day of every week, the respondent is 

more likely to use the car as the transport mode. The socio-economic attributes of age, 

education level, work hour, income and household size show significant results. The 

results indicate that with increasing age, individuals are more likely to choose the car 

as their transport mode. Moreover, individuals with middle level education, who have 

a larger family, work more than 12 hours per week and have the low to middle 

income level, are more likely to use the car. Furthermore, weather conditions 

especially sunny day and average temperature have a significant influence on the 

decision to use the car on a specific day. The results indicate that individuals are less 

likely to use the car on a sunny or high temperature day. The living environment 

shows that individuals living in the city area are more likely to choose the car as their 

transport mode. The analysis of the lagged days of the activity indicates that with the 

increasing need of doing an activity, people are more likely to conduct the trip by car. 
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Moreover, the lagged days of the trip script variable indicates that needs of car trips 

increase faster than non-car trips.  

The parameters of selection corrected regression model in Table 4-3 show the 

final results of the random effects model. In order to avoid serial correlation, we 

tested lagged fuel price variables for different weeks separately and provide the 

significant results in Table 4-3. The most significant finding is that 2 week lagged fuel 

price has a significant negative effect on car travel duration. Results suggest that 

around 1 euro increase in fuel price equals a reduction of around 24 minutes of car 

travel duration per trip on average. For trip-activity attributes, the results show that if 

the activity duration after the trip is longer, individuals’ duration of car is longer. For 

different trip purposes, the results show that individuals spend significant less time on 

maintenance and leisure trips compared to other purposes. As for the effects of socio-

demographic variables, results indicate that males travel longer by car. Moreover, 

people living in a big family spend more time on car trips. People with middle 

education levels and people working for more than 30 hours per week travel longer 

by car. For the inertia attributes, the results show that people will significantly spend 

less time by car if the same script has been conducted more than once on the same 

day. For the variable, which counts the number of times the same script has been 

conducted during the week, the results show that the more the script has been 

implemented, the less time people travel by car for that trip. The other significant 

inertia attribute records whether the same script has been applied on the same day of 

the week across different weeks. The results indicate that if the script is repeatedly 

applied at least once on the same day in other weeks, respondents tend to spend 

more time on the car trip.  

The random parameters (𝑐𝑖 , 𝑑𝑖) capture  variations across individuals in simple 

shifts of the regression function. The results show that their means are significantly 

different from zero. Standard deviations of random parameters are 5.5568 and 0.0274 

with a strong correlation of 0.8882. It means that any error component that makes 

selection more likely increases travel time by car. However, errors are tied up with 

model specification, alternative specifications change the errors, which in turn 

changes rho. Therefore, the correlation is intrinsic to the model. Thus, whatever the 

cause of the correlation between 휀𝑖𝑡 and 𝑢𝑖𝑡, it is inherently un-measurable. 

4.5 PRICE EFFECTS ON ENERGY CONSUMPTION AND CO2 

EMISSION 

To understand the indirect effects of fuel price on environment, fuel consumption and 

related CO2 emission were calculated based on the results of the last section. First, 
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additional car information including the type of car, car brand and type of fuel used 

for the most used car in each household was collected. According to this information, 

average fuel consumption (mpg) and average CO2 emission (g/km) for each car brand 

were manually collected from a website (http://car-emissions.com).  

The energy consumption and CO2 emission of respondents are shown in Figure 

4-13 separately by car type. The fuel consumption is shown as a blue line, it ranges 

from 0.035liter/km to 0.12liter/km. The red columns show the CO2 emission, which is 

between 317 g/km and 91.3 g/km. As shown, in general, along with increasing fuel 

consumption, CO2 emission is increasing for all types of cars, except some car brands. 

These exceptional cars consume the same amount of fuel, but have relatively low CO2 

emissions compared to other brand cars. In general, compared to diesel and petrol 

cars, LPG cars have better performance in CO2 emission.  

Based on the descriptive results of 4.2.2, we assume that the average driving 

speed is 46.65 km/h for respondents living in the Eindhoven area, while the average 

driving speed is 36.28 km/h for respondents living in the Rotterdam area. Fuel 

consumption and CO2 emission were calculated using equations 4.7 and 4.8.  

𝐸𝐶𝑖 = ∑ (𝑇𝑑𝑖𝑗 + 𝑇𝑑𝑖𝑗 ∗ 𝐹𝑃2) ∗ 𝑆𝑝𝑒𝑒𝑑𝑖 ∗ 𝐹𝑢𝑒𝑙𝑐𝑜𝑛𝑖
𝑛
𝑗=1    4.7 

𝐶𝑂2𝑖 = ∑ (𝑇𝑑𝑖𝑗 + 𝑇𝑑𝑖𝑗 ∗ 𝐹𝑃2) ∗ 𝑆𝑝𝑒𝑒𝑑𝑖 ∗ 𝐶𝑂2𝑐𝑜𝑛𝑖
𝑛
𝑗=1    4.8 

where 𝐸𝐶𝑖  indicates energy consumption for individual i, 𝑇𝑑𝑖𝑗  presents the travel 

duration of trip j for individual i. 𝐹𝑃2 represents the 2 weeks ago fuel price effect, 

which is -23.8314.  𝐹𝑢𝑒𝑙𝑐𝑜𝑛𝑖  and 𝐶𝑂2𝑐𝑜𝑛𝑖  indicate car fuel consumption per km and 

CO2 emission per km of individual i. 𝑆𝑝𝑒𝑒𝑑𝑖  is depends on where the respondent is 

living now.  

The fuel consumption and CO2 emission were calculated per respondent for a 

fuel price increases or decreases of respectively 10%, 20% and 30%. The results are 

shown in Figures 4-14 and Figure 4-15. Figure 4-14 presents the overall effects of fuel 

price on energy consumption and CO2 emission comparing to the current situation. 

With 30% increasing of the fuel price, the fuel consumption and CO2 consumption will 

reduce 175,834 liter and 540,285 kg in total respectively. Figure 4-15 displays the 

slopes of fuel consumption with -30 to +30 changing of current fuel price. The slopes 

run from -102 to -2 which indicates that the effects of fuel price are significantly 

different for respondents. The distribution shows a peak around -22 to -15, indicating 

that around 40% of the respondents would reduce their fuel consumption with 15 to 

22 liters  per day with a  10% increase in fuel price. To explore the reason behind it, 

we compared travel durations per trip and found that the differences mainly come 

from the duration of each trip. If the respondent always conducts short duration car 

http://car-emissions.com/
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trips, the increasing fuel price will have more effect on fuel consumption and CO2 

emissions compared to respondents who usually make long duration car trips. 

 

 
FIGURE 4-12 DISTRIBUTION OF ENERGY CONSUMPTION AND CO2 EMISSION  

 
FIGURE 4-13 EFFECTS OF FUEL PRICE ON FUEL CONSUMPTION AND CO2 EMISSION IN 
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FIGURE 4-14 HISTOGRAM OF SLOPES DISTRIBUTION ( Y: FUEL CONSUMPTION; X: -

30% TO +30% OF CURRENT FUEL PRICE) 

4.6 CONCLUSIONS 

This chapter examined the effects of fuel price on individual car trip travel behavior 

using GPS panel data. Using a sample selection panel model, we studied two 

questions: 1) the effects of fuel price on individual’s transport mode choice; 2) the 

effects of fuel price on individual’s travel duration of each trip. We considered the 

effects of time lags. The results indicate that individuals’ reactions to price changes 

depend on time. The two week lagged fuel price has significant negative effects on 

people’s decision of travel duration by car.  

Moreover, we created five inertia variables and three activity-plan variables to 

estimate the effects of habits and needs on people’s decision to drive and the driving 

duration. The results of inertia effects show that the sequence of mode choices made 

during the same day has a significant positive influence on individual’s car choice. If 

the same trip script is repeated more than once per day, respondents are less likely to 

use the car for the trip, while if they use the car as their transport mode in the script 

more than once per day, the duration of the trip will be shorter than average. Further, 

if the trip script is repeated more often in a week, respondents are more likely to 

choose the car as their transport mode, but spend less time on the trip. However, if 

the trip script is repeated regularly on the same day of every week, respondents are 
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not only more likely to use the car as their transport mode, but also spend more time 

on the trip. The significant results of the activity plan attributes indicate that with an 

increasing need to conduct the activity, people are more likely to choose to conduct 

that activity by car. Moreover, the lagged trip script has a negative effect on choosing 

the car as the transport mode, which indicates that trip scripts with a longer interval 

time are more likely to involve non-car trips. 

Furthermore, we estimated the effects of weather and living conditions on 

people’s decision to drive the car. The results show that people are less likely to drive 

on sunny and high temperature days. Compared to respondents who are living in 

other areas, respondents living in a city are more likely to use cars. This is an 

interesting finding in that current policies are based on the notion that high density, 

and mixed land use areas induce people to use environmentally friendly transport 

modes. 

Finally, we calculated the effects of fuel price on individual’s fuel consumption 

and CO2 emissions. The results show that with a 30% increase in fuel prices, fuel 

consumption and CO2 emission  significantly differ by car type and average trip 

duration.  
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CHAPTER5 
ADJUSTMENT OF ACTIVITY-TRAVEL PATTERNS IN 

ENERGY CONSERVATION STRATEGIES 

5.1 INTRODUCTION 

Empirical analysis of the effects of energy price on household energy conservation has 

been a well-researched subject of investigation. One of the interesting topics relates 

to the effects of fuel price fluctuations on people’s changing activity-travel behavior. 

Previous chapters have summarised this line of research. Higher fuel prices cause a 

combination of reduced driving and increased fuel efficiency. Fuel price increases may 

also lead to in-home energy conservation. However, not many studies have addressed 

the trade-off between in-home and out-of-home energy consumption. Moreover, 

context dependency has not been studied at length in both transportation and in-

home energy consumption research.  

                                                                 
 This chapter is based on Yang, D., Timmermans, H.J.P. and Borgers. A.W.J. (2015). The 
prevalence of context-dependent adjustment of activity-travel patterns in energy conservation 
strategies: Results from a mixture-amount stated adaptation experiment. Transportation 42, 
pp. 40-55. 
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In this chapter, we argue that so-called mixture amount designs may be a highly 

relevant class of designs to study such trade-off problems, subject to budget 

constraints and context dependency. The advantage of mixture amount designs as a 

technique for assessing how individuals arrive at an overall preference for energy 

saving adaptations is that it forces people to make “trade-offs” across attributes in 

situations in which constraints are imposed on attribute levels. It provides a natural 

mechanism for introducing budget constraints into choice tasks.  

The chapter is organized as follows. First, we will summarize the literature on 

stated-adaptation experiments applied in energy price effects studies and household 

energy conservation. In section 5.3, we will discuss the basic principles of mixture 

amount models and how they can be applied to the research issue at hand. Moreover, 

we will extend mixture amount models to context-dependent models and apply these 

to stated adaptation experiments, in which respondents were asked to if and how 

they would change their activity-travel behavior and resources when faced with 

increasing energy costs. This is followed by an explanation of the design of the stated 

adaptation experiment and how context-dependency was included. Then, we will 

explain the sample and the online survey method used in this study. Next, the results 

of mixed logit analyses are presented, followed by model validation and choice 

prediction. The chapter is completed with a summary and conclusions. 

5.2 LITERATURE REVIEW 

Compared to transportation energy conservation, residential energy conservation has 

gained more interest recently. One line of research focuses on testing the 

effectiveness of intervention strategies aimed at changing energy consumption 

patterns (e.g., Staats et al., 1996; Sezgan & Koomey, 2000; Geller, 2002; Kua & Wong, 

2012; Zhang et al., 2012). Results indicate that energy consumption behavior plays a 

crucial role in promoting energy efficiency. Among all policies used for prompting 

energy savings, rewards and providing feedback to households seem most effective in 

inspiring households to reduce their energy consumption in the home environment 

(e.g., Winett et al., 1978; McCalley & Midden, 2002). However, some authors have 

argued that self-reported behaviors may not reflect reality. In particular, rebound 

effects may have occurred. Households may have spent the money they initially saved 

by reducing energy use on energy-intensive products, thereby increasing overall 

energy use (Berkhout et al., 2000; Dimitropoulos, 2007).  

Another line of residential energy conservation research is more theory-driven 

and aims to identify underlying determinants of energy use, such as attitudes and 

socio-demographics (Tanimoto et al., 2008; Truelove & Parks, 2012; Lopes et al., 2012; 

Yu et al., 2012). This research shows that energy consumption behaviors and 
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occupants’ attitudes represent a significant untapped potential for end-use energy 

efficiency in buildings. Moreover, although energy consumption behavior is a major 

determinant of energy use in buildings, the potential of energy savings by changing 

behavior is usually neglected, although the impact could be as high as savings from 

technological solutions.  

The methodology most commonly applied in energy conservation research is 

revealed preference analysis. This revealed preference approach explains observed 

choice patterns in terms of an underlying utility function that is specified in terms of 

sets of physical measures of the attributes of choice options. However, the 

preference/demand forecasting based on revealed choice may have limited 

applicability to dramatically changing or new phenomena for which historical data of 

actual behavior do not exist because the phenomenon is new.  

As an alternative to the revealed preference approach, the stated 

preference/choice approach has gained increasing attention in transportation 

research over the years (e.g. Hensher, 1994; Louviere et al., 2000; Doherty & Miller, 

2000; Arentze et al., 2004; Caussade et al., 2005). According to this approach, subjects 

are asked to provide some response to a set of profiles or choice options that are 

experimentally varied according to a design that satisfies the conditions to estimate 

an assumed preference or choice model. Although this approach can help to yield or 

test new behavioral hypotheses or give detailed insights into behavior in order to 

refine theory, very few studies have applied this approach to energy saving strategies 

(Lee-Gosselin, 1990; Doherty et al., 2002; Arentze et al., 2004).  

Lee-Gosselin (1990) applied a gaming approach to design an interactive 

technique called Car-Use Patterns Interview-Game. He interviewed 45 households 

about their car use under various fuel shortage scenarios. Doherty et al. (2002) 

conducted two small experiments to study car travel reduction. One was an in-depth 

experiment to explore household rescheduling and adaptation processes to a fuel 

price increase. The experiment included two main components: one-week activity 

scheduling CHASE (Computerized Household Activity Scheduling Elicitor) and a follow-

up interactive stated adaptation interview.  

The other experiment focused on the response of vehicle reduction by 

respondents who have two vehicles in their household. The results indicated that 

households are aware of a broad range of possible adaptation strategies, including 

not only mode changes but also a wide variety of changes in activities, planning, and 

longer-term lifestyle changes. Respondents give a more elaborate behavioral 

response when implementing such change under realistic conditions. These changes 

included multiple rescheduling decisions over multiple days. Arentze et al. (2004) 

reported an Internet-based stated adaptation survey related to congestion pricing 

scenarios. They first designed an activity-based stated adaptation experiment on the 
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Internet to collect respondents’ primary response to congestion pricing scenarios. The 

experiment also included two stages. First, respondents were asked to report their 

regular work and non-work activity behavior. Then, given the specific scenarios, they 

were asked to indicate how they would adapt choice facets of their activity patterns in 

light of a discrete set of options offered for the adaptation process.  

Although these studies demonstrate their potential, the stated 

preference/choice approach applied in these studies also has two major potential 

limitations. First, most studies did not incorporate any constraints that may influence 

individual preferences and choices. Second, most studies did not take any context 

effects into account, implicitly or explicitly assuming that consumer preferences and 

choices are invariant across different contexts. Oppewal & Timmermans (1991), 

however, found that the inclusion of composition and background effects 

substantially improves the validity and predictive success of choice models. 

Preference or utility functions can only be assumed valid over a limited set of 

circumstances because variables that describe the background of the choice situation 

may differentially affect the evaluations of the alternatives.  

Similar reasoning may be relevant to energy saving willingness of consumers. 

These two assumptions are too rigorous for many choice situations and potentially 

limit the relevance and validity of the models based on these experiments in 

situations where constraints and context play a vital role. Third, most studies have 

addressed only single saving strategies focusing on either travel or in-home activities. 

In reality, however, individuals may consider multiple energy-saving options at the 

same time and trade-off these options, subject to time and money budgets. 

5.3 MODELS AND EXPERIMENTAL DESIGN 

To overcome the limitations mentioned in section 2, in this section, an elaborated 

mixture amount experiment is designed to study which combination of energy-saving 

strategies – defined as a combination of saving options - people choose in response to 

increased energy prices. The elaboration concerns the assumption that individual’s 

responses may depend on context. Hence, conventional mixture amount experiments 

and in particular model estimation is extended to investigate whether energy-saving 

choices are context-dependent. The principles underlying this approach, the 

construction of the design and the formulation and estimation of relevant models will 

be discussed in detail in this section. Moreover, we will extend standard mixture 

amount models to context-dependent models and apply these to the stipulated 

problem: if and how individuals change their activity-travel behavior and set of 

resources when faced with increasing energy costs.  
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5.3.1 CONTEXT-DEPENDENT MIXTURE AMOUNT MODEL 

Stated preference models are based on the assumption that preferences or utilities 

can be uncovered by presenting subjects profiles of hypothetical choice alternatives 

and asking them to express their preference for these profiles. When subjects are 

asked to choose between choice alternatives, simultaneously a mechanism that is 

assumed to represent the mapping of utilities into choices can be estimated. The 

objective of mixture models is to describe the relationship between the response 

variable of interest and the mixture or allocation of a set of attributes. Mixture models 

impose constraints on attribute levels. In standard mixture designs, Simplex-Lattice 

designs and Simplex-Centroid designs are used to design an experiment in which 

choice percentages satisfy particular budget constraints (Draper & Pukelsheim, 1998). 

When mixture components are subject to additional constraints, such as a maximum 

and/or minimum value for each component, designs other than the standard mixture 

designs, referred to as constrained mixture designs or Extreme-Vertices designs, are 

appropriate. In this case, the variable proportions can be rewritten as scaled fractions 

so that the scaled fractions sum to one.  

For example, suppose there are q independent variables that are constrained to 

a q dimensional dependent space. In fitting regression functions, the response is 

assumed to be represented by a polynomial in xi. Then 

 

Xi ≥ 0   (i = 1,2, … ,q), 
q

i

i 1

X 1



      5.1 

 

Scheffe (1958) introduced the simplex lattice design: the {q, m} designs are a class of 

mixture designs consisting of (𝑚+𝑞−1
𝑚

)  points. The proportions taken by each 

component are m+1 equally spaced values from 0 to 1, xi=0, 1/m, 2/m, …, 1, for 

i=1,2,…, q. The general first-degree polynomial for expressing dependent variable U in 

terms of the i variables x1, x2, …, xq is:  

 
q

i i

i 1

U x


          5.2 

 

The second-degree model overcomes parameter redundancy by deliberately 

including only the linear and cross-product terms (Tian & Fang, 1999; Raghavarao & 

Wiley, 2009): 
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q q

i i ii i i

i 1 i ,i 1
i i

U x x x   

 


          5.3 

 

Preferences for mixtures may also depend on the total amount that needs to be 

allocated to the mixture. This is the realm of mixture amount models. Suppose that 

the total amount of the mixture is Amax, and that the actual amount of the i th 

component in the mixture is Aj (j=1, …, J). Assume that j different levels indicated by aj 

= a1, aj, …, aJ (J ≥2) can be considered. Then, the basic utility function (not including 

any socio-demographic and context effects) for the combination of amount level j and 

mixture i can be expressed as: 

 

    5.4 

where, 𝑎𝑗  and 𝑎𝑗
2 represent the first and second order of the amount of energy-saving 

for amount j. We assume that the relationship between utility and amount of savings 

potentially is a nonlinear function as represented by the first two terms of equation 

5.4. The next term depicts the interaction effects of amounts and mixtures on utility. 

Note that we do not use all ajxi terms, because ∑ 𝑥𝑖 = 1. The last terms pick up any 

single effect on the utility of the mixtures and a combination of the mixtures. This 

mixture amount model with utility function 5.4 only involves main effects that pertain 

to the attributes of alternatives.  

To allow examining whether context affects choice probabilities, the mixture 

amount utility function can be extended with terms that represent the effects of 

context variables. Total utility then includes two parts: basic utility and impact of 

context.  

Suppose there are, in addition to the base, K context and socio-demographic 

variables. We use effect coding to represent the effects of these context and socio-

demographic variables. Then, the main effects of context variable 𝑘 with Lk levels can 

be represented by Lk-1 indicator variables. Multiplying the corresponding coding can 

represent interactions of variables. We use 𝑈𝑗
𝑘  to represent the effect of one 

particular context or socio-demographic variable k on the basic utility. The function of 

𝑈𝑗
𝑘  is expressed in equation 5.5. 
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       5.5 

where, 𝑤𝑘𝑙  is to the lth level indicator of the kth context variable, and is the 

estimated effect of lth level, kth context or socio-demographic variable on utility. 
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Equation 5.5 expresses the influence of context variables in terms of interactions with 

the basic variables. Equation 5.5 can be extended to incorporate combinations of any 

two of the K context variables as interactions with the main variables:  
1

1
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   5.6 

 

where, 𝑤𝑘𝑙and 𝑤𝑘′𝑙′ refer to the lth level indicator of the kth variable and l’th level 

indicator of the k’th variable. The effects of socio-demographic variables can be 

implemented in the same way.  

Finally, the total utility function is shown in equation 5.7. It includes the basic 

utility 𝑈𝑗
𝐵𝑎𝑠𝑖𝑐 , all contexts effects, socio-demographic interactions 𝑈𝑗

𝑘 and the 

interaction effects with certain combinations of socio-demographic or context 

variables 𝑈𝑗
𝑘𝑘′

. 

1 , 1

K K
Total Basic k kk

j j j j

k k k
k k

U U U U


 


          5.7 

5.3.2 HOUSEHOLD ENERGY CONSERVATION DESIGN 

To analyse if (how much) and how consumers save on their expenditures to 

compensate for dramatically increasing energy prices, we estimated their preferences 

for different (combinations of) energy conservation strategies, using a stated 

adaptation approach. We extended the simplex lattice design and the  balanced 

incomplete block design (BIBD)) to create a model that allows estimating context 

dependency in a mixture amount model. We will explain the process step by step. 

Step 1 Identify Mixture Components 

The aim of the experiment is to examine whether respondents are willing to save on 

their expenditures such as to fully or partially compensate for a higher energy bill and 

how they save by choosing among different energy-saving options. Subjects can save 

energy by considering any combination of changing their activity-travel pattern such 

that they spend less on fuel and reduce energy consumption at home. Based on the 

literature review (Berry et al., 1995; Brownstone & Train, 1998; Balcombe et al., 2004; 

Abrahamse et al., 2005; Holmgren, 2007; Hennessy & Richard, 2011), we defined 

three energy-saving options: (i) buying a more efficient car, (ii) using slow modes 

more often and (iii) using more efficient appliances and facilities at home The three 
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options cover long term, short term, out-of-home and in-home energy conservation 

possibilities. The mixture of the attributes is denoted by x1+ x2+ x3, (0 ≤ x1, x2, x3 ≤ 1 

and x1+ x2+ x3=1).  

Step 2 Identify the Amounts 

Energy prices in the Netherlands have significantly increased from 1996 to 2010. Gas 

prices increased by around 72% in the Netherlands, while the price of electricity 

increased by almost 50% for domestic use. To make the scenarios realistic, we 

considered three amounts of energy-saving per month a1 (25 euro), a2 (40 euro) and 

a3 (55 euro) . 

Step 3 Design the Choice Sets 

Given the three components and the three amounts, we used the {3, 3} simplex lattice 

design to create 10 mixtures as shown in Table 5-1. 

TABLE 5-1 THREE – ATTRIBUTE MIXTURE DESIGN 

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 

Holdout Mixture Design 

1 1/3 2/3 0 
2 2/3 0 1/3 
3 0 1/3 2/3 

TABLE 5-2 CHOICE SETS FOR THREE-ATTRIBUTE MIXTURE DESIGN WITH THREE 

AMOUNTS 

Choice Set Profile a Profile b Profile c Base Alternative 

1 a1(1) a2(2) a3(4) No Choice 

2 a1(2) a2(3) a3(5) No Choice 

3 a1(3) a2(4) a3(6) No Choice 

4 a1(4) a2(5) a3(7) No Choice 

5 a1(5) a2(6) a3(1) No Choice 

6 a1(6) a2(7) a3(2) No Choice 

7 a1(7) a2(1) a3(3) No Choice 

Holdout set 

1 a1(1) a2(2) a3(3) No Choice 

2 a1(2) a2(3) a3(1) No Choice 

Note: ai(t) denotes the t-th mixture with amount ai, t=1,2,..7; i=1, 2, 3 
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TABLE 5-3 EXAMPLE OF THE CHOICE SET (IN EURO) 

Choice 
set 1 

Buying a more efficient 
car 

Using slow modes 
more often 

Saving at 
home 

Saving from other 
activities 

Your 
choice 

Option 1 25 0 0 30   

Option 2 0 40 0 15   

Option 3 36,67 18,33 0 0   

Option 4 None of these   

 

The second-degree canonical model has 6 parameters. Therefore, seven 

mixtures were used for the allocation, while the three remaining mixtures were used 

as holdouts (Table 5-1). Commonly used design principles in stated choice 

experiments, including D-optimal designs (e.g. Rose & Bliemer, 2005; Jaeger & Rose, 

2008), can be used to create the choice sets. In this study, a balanced incomplete 

block design was used to reduce the 343 choice sets to a design of 21 profiles 

allocated to 7 choice sets of 3 profiles each. Note that in this design, each mixture 

appears an equal number of times, while systematically varying the order in which 

they appear in the choice set. A no-choice option was added to each choice set. Table 

5-2 presents the choice sets for the three-attribute design with three amounts. Table 

5-3 gives an example of a choice set.  

Step 4 Identify Context Variables 

To gain more insight into possible context dependency of energy-saving behavior, 

different contexts were constructed and varied in the experiment. The approach, 

suggested by Oppewal & Timmermans (1991), was generalised to the mixture-amount 

experiment. Assuming we have two context variables 𝑤1 (season) and 𝑤2 (amount of 

luggage if any to carry), each with two levels: 𝑤11 (-1: late autumn or winter), 𝑤12 (1: 

other season), 𝑤21 (-1: heavy luggage) and 𝑤22 (1: no heavy luggage), these contexts 

were coded as {-1, -1}, {-1, 1}, {1, -1} and {1, 1}.  

The total design thus contains 4×7=28 treatments and 8 holdouts. To reduce 

respondent burden, only two contexts were presented for each respondent. 

5.4 DATA  

The Web-based questionnaire system developed by and for our group was used to 

program the survey, which included two parts. The first part concerned a set of 

questions related to personal and household characteristics including age, gender, 

household composition, and net-income. 11 socio-demographic variables were 

included in the questionnaire. Table 5-4 provides an overview of the main socio-

demographic variables. The second part of the survey concerned the energy-saving 

allocation experiment. Respondents were informed that energy costs increased 55 
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euro per month due to increasing energy prices. They can save 25 euro, 40 euro or 55 

euro per month by buying a more efficient car, use slow modes more often or using 

more efficient appliances at home. If they do not save 55 euro on these options, they 

have to save the remaining amount on other activities. Then, they were asked to 

choose the energy saving options they like best. 

The sample was recruited from the panel of a professional survey company in 

December 2011. Respondents were selected based on two criteria: 1) they must have 

a driver’s licence; 2) they must have at least one car in their household. Of the 1037 

respondents who were sent an invitation to participate, 319 completed the 

questionnaire. Two respondents were discarded because their questionnaires were 

invalid. In addition, one respondent who was younger than 18 years of age and one 

who completed the questionnaire in less than 5 minutes were not included in the 

analysis. Thus, reported results are based on 317 respondents.  

Figures 5-1 and 5-2 present an overview of sample composition and household 

characteristics. Half of the respondents earn over 1875 € per month while 37%, 

respectively 12% earn 625 €-1875 € and less than 625 € per month. Most respondents 

are married or live together (75%). The remaining respondents are single or live with 

their parents (9.1%). In contrast to previous research, which indicated that young 

people tend to be overrepresented in Internet surveys (Verhoeven, 2010), the age 

distribution of this sample shows an almost equal share of younger people and elderly. 

Most respondents live in a terrace house or another type of single-family house (78%), 

while 18% lives in a flat or apartment. Moreover, the distribution of household energy 

expenditure indicates that electricity and gas expenditures vary from 50 to more than 

1400 euro per month.  

TABLE 5-4 SOCIO-DEMOGRAPHIC VARIABLES 

Variables Name Description  Type  

Personal 
and 
household 

Gender Gender  
Binary: 0-men/1-
woman 

Age Age  Continuous 

Net-income 
Personal net-income per month in 
three levels 

Ordinal: low; middle; 
high 

No. of members  Number of people in the household Continuous 
Household 
composition 

Composition of household in 5 
levels 

Nominal 

Property 

Type of house House type in 5 levels Ordinal 
Ownership status Household ownership Binary: 0-own/1-rent 
E&G expenditure Expenditure on electricity and gas Continuous 
Public transport 
card 

Discount card ownership Binary: 0-no/1-yes 

Number of cars  Number of cars in their household Continuous 

Other Time spent 
Minutes spent on the 
questionnaire 

Continuous 
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FIGURE 5-1 SAMPLE COMPOSITION 

 
FIGURE 5-2 HOUSEHOLD CHARACTERISTICS 

5.5 ANALYSIS AND RESULTS 

In this section, we describe the results of a mixed logit model that was estimated to 

analyse energy-saving choice behavior. The normal distribution was assumed for the 

main effects not only because it is intuitively more appealing, but also because it led 

to better model fit. Nlogit 5.0 was used to estimate the model. The estimation is 

based on 317 respondents with 4438 choices. The log likelihood is -4450.186. To 
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reduce model complexity, insignificant variables were excluded in two stages. First, 

we successively excluded interactive variables whose P[|Z|>z] values were less than 

0.6. After five rounds, we found all P[|Z|>z] values to be more than 0.6. Next, the 

insignificant interaction variables were successively excluded until a model with only 

significant (at the 0.1 level) interaction variables remained. The results for this model 

are presented in Table 5-5. This procedure is acknowledged to be heuristic. We, 

therefore, deliberately used a low significance level to keep as many variables as 

possible for further estimations. However, the procedure ignores possible covariances. 

Differences in Rho-sqrd and Adjusted Rho-sqrd are small, and the absolute value of 

Rho-square is approximately 0.29.  

A stable set of estimates was searched for by systematically increasing the 

number of Halton draws from 100 to 3000 with step size 100. As shown in Figure 5-3, 

the results do not show stability. There is a coverage shown after 1200 Halton draws, 

but substantial fluctuations in estimated coefficients of x, y, z and xz continue to 

appear even after 2000 Halton draws. It suggests that more fundamental research 

into parameter estimation of complex mixed logit models is still needed. Similar 

problems have been reported when the mixed logit model was introduced in 

transportation research, but a literature review suggests the potential problem has 

been left under estimated (Hensher and Green, 2001). Here, we interpreted the 

results based on variables’ overall performance and the results of 3000 Halton draws. 

The parameters values and P[|Z|>z]–values are presented in Table 5-5. The 

goodness-of-fit of the model in terms of average Rho-squared is 0.295 (see appendix 

1). The P[|Z|>z]–value for most main effects is less than 0.05, except for the amount 

of energy-saving by buying an energy efficient car (AX), the amount of energy-saving 

by using slow modes more often (AY), proportion of energy saving by using more slow 

transport modes (Y) and interaction between proportion of energy saving by buying 

an energy efficient car and saving energy at home (XZ). Overall, there is quite some 

heterogeneity among respondents.  

The positive estimated coefficient for the amount variable A suggests a positive 

relationship between utility (choice probability) and the amount of energy-savings by 

buying a more efficient car, by using slow modes more often, and by saving energy at 

home. Hence, it seems that respondents are willing to save by these options to 

compensate for increasing energy bills. As expected, the quadratic term has a 

negative sign, suggesting a decreasing utility with increasing amount of savings. 

Further, results show that respondents are less interested in choosing single saving 

options. Comparing the energy-saving options they have, buying an energy-efficient 

car is the least preferred option. Combinations of using slow modes more often and 

saving energy at home is the most preferred options. 
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TABLE 5-5 RESULTS OF THE MIXED LOGIT MODEL ( 3000 HALTON DRAWS) 

Variable Variable description Coef. Error z |z|>Z* 

A First order energy-saving 0.135 0.018 7.430 0.000 
A2 Second order energy-saving -0.002 0.000 -7.870 0.000 

AX 
Amount of energy-saving by buying a more 
efficient car 

-0.008 0.009 -0.870 0.387 

AY 
Amount of energy-saving by using slow modes 
more often 

0.011 0.008 1.270 0.205 

X 
Proportion energy saving by buying an energy 
efficient car 

-1.275 0.445 -2.860 0.004 

Y 
Proportion energy saving by using slow modes 
more often 

-0.495 0.414 -1.200 0.231 

Z 
Proportion energy saving by saving energy at 
home 

-0.768 0.376 -2.040 0.041 

XY 
Interaction between buying a more efficient car 
and using slow modes more often 

1.272 0.548 2.320 0.020 

XZ 
Interaction between buying a more efficient car 
and saving energy at home 

-0.827 0.635 -1.300 0.193 

YZ 
Interaction between using slow modes more 
often and saving energy at home 

2.712 0.338 8.020 0.000 

St.dev(A) 

Random parts of the basic function 

0.035 0.005 7.060 0.000 
St.dev(A2) 0.001 0.000 9.160 0.000 
St.dev(AX) 0.044 0.007 6.070 0.000 
St.dev(AY) 0.057 0.008 6.960 0.000 
St.dev(X) 3.149 0.255 12.330 0.000 
St.dev(Y) 2.958 0.273 10.820 0.000 
St.dev(Z) 2.008 0.201 10.000 0.000 
St.dev(XY) 3.707 0.620 5.980 0.000 
St.dev(XZ) 5.628 0.622 9.040 0.000 

C1A 
Interaction between season and first order 
energy-saving 

-0.022 0.005 -4.270 0.000 

C1A2 
Interaction between season and second order 
energy-saving 

0.000 0.000 2.900 0.004 

C1AX 
Interaction between season and buying a more 
efficient car 

0.014 0.006 2.230 0.026 

C1AY 
Interaction between season and saving by using 
more slow modes 

0.013 0.003 5.070 0.000 

C1X 
Interaction between season and an energy 
efficient car 

-0.636 0.265 -2.400 0.016 

C1YZ 
Interaction among season and using slow modes 
more often and saving energy at home 

0.630 0.316 1.990 0.046 

C2A 
Interaction between luggage and first order 
energy-saving 

-0.015 0.005 -2.710 0.007 

C2A2 
Interaction between luggage and second order 
energy-saving 

0.000 0.000 2.630 0.009 

C2X 
Interaction between luggage and buying a more 
efficient car 

-0.413 0.102 -4.070 0.000 

C2Y 
Interaction between luggage and saving by using 
slow modes more often 

0.513 0.105 4.890 0.000 
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Variable Variable description Coef. Error z |z|>Z* 

C2XZ 
Interaction among luggage and a more efficient 
car and saving energy at home 

-0.735 0.372 -1.980 0.048 

C1C2Y 
Interaction among season, luggage and using 
more slow modes 

0.164 0.080 2.060 0.040 

I1A 
Interaction between low income and first order 
energy-saving 

-0.090 0.021 -4.310 0.000 

I1A2 
Interaction between low income and second 
order energy-saving 

0.001 0.000 4.410 0.000 

PTDA 
Interaction between PTD and first order energy-
saving 

0.051 0.015 3.500 0.001 

PTDA2 
Interaction between PTD and second order 
energy-saving 

-0.001 0.000 -3.500 0.001 

PTDXY 
Interaction among PTD and a more efficient car 
and using slow modes more often 

2.116 0.876 2.420 0.016 

PTDXZ 
Interaction among PTD and a more efficient car 
and saving energy at home 

2.810 1.030 2.730 0.006 

 

 
FIGURE 5-3 FLUCTUATIONS IN MAIN PARAMETERS WITH INCREASING NUMBER OF 

HALTON DRAWS 

 

The second part of Table 5-5 shows the effects of the context variables and the 

two socio-demographic variables. Season is found to influence utility and, thus, the 

choice probabilities of the various options. As winter was coded -1, respondents seem 

more inclined to save on energy in winter than in other seasons (C1A). In addition, the 

utility of buying a more efficient car increases in winter (C1X), but the utility of the 

combination of using slow transport modes more often and saving energy at home 

decreases in winter (C1YZ). As for the other context variable, results suggest that 

people are more willing to save energy if they have to travel with heavy luggage 
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(coded as -1). The coefficients for buying a more efficient car (C2X) and the effects of 

a combination of buying a more efficient car and saving energy at home (C2XZ) are 

negative and significant, suggesting these two options are preferred when people 

travel with heavy luggage. Furthermore, comparing these two coefficients, results 

indicate that individuals prefer the combination of options (XZ) more than the single 

option X in this situation. However, the coefficient for heavier use of slow modes is 

significant and positive, indicating that this option is the most disliked single option in 

the case of heavy luggage, which may be expected. Also, the combination of using 

slow modes more often and saving energy at home is not appreciated. Finally, looking 

at the interaction between season and luggage, the parameter for C1C2Y indicates 

that both contexts affect the utility of travelling more often by slow modes 

simultaneously. 

The remaining part of Table 5-5 shows the estimated coefficients of the socio-

demographic variables. The three income groups were dummy coded. The negative 

estimate for the amount variable A for the low income group (I1A) suggests a negative 

relationship between utility (choice probability) and the amount of savings by buying 

a more efficient car, by using slow modes more often, and/or by saving energy at 

home. The coefficient for discount card variables shows that the utility of respondents 

who have public travel discount (PTD, coded as 1) increases with the amount of 

savings. Compared with respondents who do not have a public transport card, they 

increased their utility significantly with the energy-saving combination XY (buying a 

more energy efficient car and increased use of slow transportation modes) and XZ 

(buying a more energy efficient car and saving energy at home).  

The total impact on the utility function for context and two socio-demographic 

parameters is shown in Figure 5-4. Among these four variables, we found that 

consumer choices were mainly influenced by net-income. The context variables used 

in this study have relatively less impact on consumers’ energy conservation strategy 

compared with effects of personal net-income and transport card ownership. As 

demonstrated by Figure 5-4, total utility increases for consumers who have a public 

transport discount card and this impact is increasing with the accumulation of the 

amount saved. Furthermore, the total effects of public transport discount card on 

utility are higher for profiles 5-7 for all travel budget levels. In contrast, utility 

decreases for consumers, who have lower income, and with increasing amounts saved. 

Effects of context variables, compared to socio-variables, on the total utility of the 

various profiles are more complicated. Generally speaking, with an increasing amount 

saved, the effect of season on consumer energy-saving is higher. Further, context 

effects on total utility vary across profiles. Both context variables have eminent effects 

on consumer choice of profiles 1 and 6, and smaller effects on profiles 2 and 5. 
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FIGURE 5-4 EFFECTS OF CONTEXT AND SOCIO-DEMOGRAPHIC VARIABLES ON TOTAL 

UTILITY AND PROFILES FOR DIFFERENT SAVING OPTIONS 

5.6 MODEL EVALUATION AND PREDICTIVE PERFORMANCE  

The most telling test of model performance is the ability to correctly predict the 

choices for a test sample, which was not used in model estimation. For this purpose, 

holdout choice sets were designed and data were collected for model validation.  

To assess the validity of the model, its predictive performance for the training 

data was compared with its performance for the test data, based on 1000 Halton 

draws. Table 5-6 presents the results for the training data set. It shows the cross-

tabulation of actual and predicted choices. The row is the actual choice, while the 

column represents predicted choice. It shows that for the training data the model 

correctly predicts 30.6% of all observed choices. The percentage correct predictions is 

32.67% for choice 1, 36.85% for choice 2, 28.17% for choice 3, and 13.31% for the last 

choice option. Further, compared to training data set, the prediction ability of the 

model is slightly less for the holdout data, except for choice 3. Table 5-7 indicates that 

the model correctly predicts 32.14% of choice 3, 31.33% of choice 2 and 26.01% of 

choice 1. These values are higher than random choice among four options (25%). The 

percentage of correct prediction is lower for choice 4, but consistent with the training 

data. 
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TABLE 5-6 CORRECT PREDICTIONS FOR THE TRAINING SAMPLE 

 
1 2 3 4 Total 

1 425 416 319 141 1301 
2 410 541 350 167 1468 
3 328 362 322 132 1143 
4 151 170 135 70 526 

total 425 416 319 141 1301 

% correct predictions 32.67% 36.85% 28.17% 13.31% 30.60% 

TABLE 5-7 CORRECT PREDICTION OF THE VALIDATION SAMPLE 

 
1 2 3 4 Total 

1 97 119 118 39 373 
2 120 141 144 46 450 
3 80 96 99 33 308 
4 36 43 44 14 137 
Total 333 399 405 131 1268 
% correct predictions 26.01% 31.33% 32.14% 10.22% 27.68% 

5.7 CONCLUSIONS 

In this chapter, we discussed the principles of mixture-amount experiments and 

proposed an extended context-dependent mixture amount model to study the 

problem of energy-saving strategies (combinations of transportation related options 

and technology) under price increases. A sample of 315 respondents provided the 

choice data for estimating a mixed logit model. The experiment considered budget 

constraints and context dependency. Although the percentage of correct predictions 

could be higher, the suggested approach shows evidence of face validity and is 

particularly relevant for choices under resource constraints. 

People are inclined to compensate for increased expenditures due to increasing 

energy prices. Moreover, results indicate that there are significant differences across 

individuals in their sensitivity to different energy-saving options, except for the 

combination of using slow transportation modes more often and saving energy at 

home. There is also evidence that their adaptation behavior depends on context 

(season and luggage). Although energy-saving preferences vary in different contexts, 

total utility increases for buying a more efficient car in both context situations (winter 

and heavy luggage). Results also show reasonable saving adaptation. Respondents 

dislike the option of using slow transport modes more often in the situation when 

they have to carrying heavy luggage. In winter, they dislike the saving options of 

saving energy at home and travel more often by slow mode.  

Socio-demographic variables appear to be correlated with energy-saving 

preferences. The low-income group is less likely to compensate for increasing 

expenditures by buying a more efficient car, using slow modes more often, and/or 
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saving energy at home. Consumers with a public transport card have greater utility 

gains from saving energy. Moreover, public transport card owners prefer 

combinations of energy-saving options, which include buying a more efficient car. 

  



 
 

111 
 

 

 

CHAPTER6 
MODEL AND EXPERIMENTAL DESIGN FOR 

INDIVIDUAL MID AND LONG-TERM ADAPTATION 

TO ENERGY PRICE POLICIES  

6.1 INTRODUCTION 

To improve travel demand forecasting and better assess the impacts of emerging 

energy policies, it is necessary not only to examine revealed choices, but also to 

investigate underlying decision processes because these likely give a more 

fundamental understanding of generating processes. Chapter 5 summarised previous 

research on the effects of energy prices on individual’s adaptation of travel behavior. 

It also emphasised some limitations of previous research regarding constraints and 

context information. A mixture amount model was formulated to study the trade-offs 

among energy saving strategies under certain price circumstances. 

Although previous studies have increased our understanding of energy-

conservation decision processes under various policy situations, some main issues 

need to be further investigated. First, because previous research has mainly relied on 

single response conventional choice experiments, their focus on primary responses to 

alleviate the negative impacts of energy price increases implies a lack of knowledge 

about any secondary effects. Therefore, the traditional modelling approach cannot 

report complex interdependencies in activity-travel patterns under policy scenarios. 

Thus, a comprehensive dynamic activity-trip generation model needs to be developed. 
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Arentze & Timmermans (2009) proposed a need-based model of multi-day, multi-

person activity generation. It is based on a theoretical framework proposed in their 

earlier work, which assumes that utilities of activities are a dynamic function of needs. 

In the model, individuals use a utility-of-time threshold parameter to decide when to 

include an activity in their agenda. Their model is dynamic and takes into account 

possible interactions between activities. Moreover, the activity-agendas generated 

are consistent with the aim of individuals to maximize their utility over a multi-day 

period taking into account the interests, perceptions and abilities of other joint 

decision making members. However, the model mainly focused on the time threshold; 

a money threshold was not considered. In another study, Arentze et al., (2010) 

developed a dynamic agent-based need-based model of activity travel choice, subject 

to both time and money constraints. Due to a lack of data, this approach has not been 

empirically estimated yet. More recently, Dane et al., (2015) developed an activity-

based model under time and money budget constraints in order to simultaneously 

predict the allocation of time and money particular on out-of-home leisure activities. 

Her research provides a better framework to understand the time and expenditure 

allocation at activity-episodes under time and money budget constraints.  

However, several limitations remain for further study. First, the research did not 

concern travel duration and expenditure. Thus, the link between activity-trip 

generation and energy price policies, especially related to trips, was missing. Second, 

although the theoretical framework of the model included frequency decisions, the 

empirical analysis did not capture the frequency decision. Hence, the frequency 

decision problem was not validated. Third, activity combinations and activity chains 

were not considered. Energy price policy would not only induce individuals to adapt 

their activity-travel repertories, but also promote investment in long-term energy 

efficient products. Technological improvements in cars have highlighted the need to 

not only consider adaptation in activity-travel behavior, but also to study the purchase 

of energy efficient and environmentally friendly cars (Gärling et al., 2002). Several 

studies on the latent demand of hybrid and electric cars have appeared in the 

literature since the late 1970s. Recent examples include Mabit & Fosgerau (2011), 

Glerum, et al. (2011, 2012), Achnicht (2012), Jensen et al. (2013), and Rasouli & 

Timmermans (2015). A limitation of these studies is their typically restriction to a 

single energy saving strategy. In reality, individuals may consider multiple energy-

saving options, including both out-of-home and in-home options, at the same time 

and trade-off these options, subject to time and money budgets. Very few studies 

have taken both out-of-home and in-home energy conservation behavior into 

account. One of the few examples is Pinjari & Bhat (2011), who used household-level 

energy consumption data from the 2005 Residential Energy Consumption Survey 

(RECS), collected by the Energy Information Administration (EIA), to provide insight 
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into the influence of household, house-related, and climatic factors on households’ 

consumption patterns of different types of energy, including electricity, natural gas, 

and fuel oil. Using revealed preference analysis, they explained observed choice 

patterns in terms of an underlying utility function that included sets of physical 

measures of the attributes of the choice options.  

However, revealed preference analysis is known to have limited applicability to 

unimplemented energy pricing policies. As an alternative to the revealed preference 

approach, the stated preference/choice approach seems more appropriate for 

exploring unimplemented energy pricing policies. Jäggi & Axhausen (2011) conducted 

a stated preference study that included four alternatives: insulating the house, 

installing a heat pump, buying a more efficient car, and switching to public transport. 

Respondents were asked to imagine a hypothetical market situation and select one 

alternative among a choice set of investments with different cost-benefit ratios. 

Despite the appealing approach, their study has some potential limitations. First, they 

did not incorporate any constraints that may influence individual preferences and 

choices. Second, they did not take any context effects into account, although 

transportation choices tend to be context-dependent. Third, only a single choice was 

allowed, restricting respondents to cope with the changing energy situation by 

choosing any combination of the provided adaptation options. In the previous 

chapter, we proposed the mixture amount experiment design and model to overcome 

the constraints and context limitations. However, the restriction on individual’s 

adaptation choice is still left behind. 

Second, most previous stated adaptation experiments (mid-term and long-term 

adaptation) were designed to prompt general responses to energy price increases in 

hypothetical situations as opposed to personalised settings. Exceptions include Jones 

(1979a, 1979b), Phifer et al. (1980), and Lee-Gosselin (1989, 1990). These studies have 

in common that first daily or weekly revealed data were collected first, and next 

people were asked if and how they would change their behavior under particular 

policy scenarios. Early studies used face-to-face interviews to collect data on 

responsive behavior. More recently, computer assisted activity-based stated 

preference experiments prevailed (Doherty et al., 2002; Arentze et al., 2004 and Weis 

et al., 2011, 2012). The limitation to daily or weekly activity-travel data may be 

defended for short-term rescheduling problems (e.g., adverse weather conditions, 

congestion information, special occasions, etc.). Energy price policies, however, may 

induce mid-term and long-term responses, including change of frequency and 

investing in energy efficient products. Therefore, one month or longer time diary data 

would be more suitable to capture the longer-term adaptation processes (including 

location, mode, frequency, etc.). Moreover, the information provided on a monthly 
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basis would better inform respondents about the monetary consequences of the 

considered energy policies, more likely resulting in more reliable and valid responses. 

However, in many cases, such data is not available because they are too 

expensive to collect or involve too much respondent burden. A different perspective 

on stated adaptation experiments thus seems required. It has been argued, and in 

part empirically supported (such as, Schlich and Axhausen, 2003; Gärling and 

Axhausen, 2003), that activity-travel patterns exhibit strong habitual behavior. To 

avoid having to rethink daily activity-travel choices over and over again, individuals 

and households develop routines or scripts: particular activity-travel profiles are 

activated routinely with a high degree of consistency and temporal rhythms. Hence, if 

we can measure such scripts reliably, including their frequency, we may be able to 

capture the structural part of long-term activity-travel patterns. Moreover, it seems 

reasonable to assume that individuals and households will adapt such scripts when 

faced with energy price increases. Such an approach would also avoid or at least 

reduce the problem of ignoring secondary effects. Because eliciting such scripts is 

sensitive to many potential memory recall biases, an intelligent data collection system 

would be very useful and improve the validity and reliability of the measurements. 

Third, these studies examined only a single policy to study individual/household 

adaptation. However, in reality, individuals/households are faced with a multitude of 

energy pricing policies, such as fuel tax, electricity/gas tax and carbon tax. These 

policies may have a combined influence on respondents’ behavioral adaptation. 

Research on single policies may produce biased results as consumer response to 

single energy pricing policies may depend on other policies. However, very limited 

attention has been paid to this issue until now. 

Therefore, in this chapter, based on the dynamic agent based models proposed 

by Arentze et al. (2010), a mid-term activity-travel repertories adaptation model in 

reaction to energy price policies is proposed. Multi-faceted adaptations will be taken 

into account, such as frequency, activity location, transport mode, start time etc. 

Moreover, the model will focus on repertoires of activity travel scripts, and predict 

adaptations of activity-travel chains. The dynamics in out-of-home activity-travel 

repertories will be modelled, subject to both time and money restrictions. The energy 

price policies will be linked to travel expenditure. Besides the mid-term adaptation, 

the long-term energy conservation choice problem will be conceptualized as a 

portfolio choice problem. Consequently, to measure people’s investments preference 

in housing and transport options, a cross effects choice design is developed in which 

respondents were shown alternate ways to reduce their current energy consumption.  

To overcome the single policy bias, combined energy price related policies will 

be taken into account: fuel tax, fuel related CO2 tax, gas/electricity tax, gas/electricity 
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related CO2 tax and public transportation fees. The energy price policies will be 

applied consistently in the mid-term and long-term model.  

As discussed, the rich model structure will dramatically increase the complexity 

of model validation compared to traditional stated choice experiment designs. Instead 

of daily or weekly diary data, routines or habitual repertoires of activities are the 

starting point to study energy price policies. Further, rather than focusing on single or 

a limited combinations of facets, a complete restructuring process which gives 

respondents the possibility to provide both primary and secondary adaptations based 

on their current activity-travel behavior is needed. At the same time, it may be more 

valid to collect data on adaptations to currently used scripts as opposed to responses 

to fully hypothetical scenarios. Thus, as an alternative to this state of the art, a novel 

data collection system (SINA) will be designed and implemented. SINA is designed to 

collect 1) data on repertoires of habitual activity-travel data, 2) data on adaptation by 

allowing a complete restructuring of each activity-travel script in the repertoire, and 3) 

long-term adaptation data regarding new technology investment both in-home and 

out-of-home.  

The remainder of this chapter will focus on two perspectives, which are 

modelling and system/experiment design. The next section will present the 

conceptual framework for individual’s mid-term and long-term energy conversation 

adaptation. Section 3 will outline the mid-term adaptation model for scripts and the 

long-term model for predicting respondents’ energy efficient investment decisions. It 

also describes SINA, which assists respondents to systematically report past behavior 

and scripts, checking their responses for inconsistencies and triggering memory. 

Finally, a conclusion will be presented. 

6.2 FRAMEWORK 

To better understand the effects of energy price policies, which intend to increase 

current energy costs to induce energy efficient lifestyles, the challenge that remains is 

to understand people’s decision-making processes. We propose a framework to 

model individual choice processes in the mid-term and long-term.  

As shown in Figure 6-1, we assume that people’s current behavior patterns are 

gradually built up based on their experiences with chosen options. . New energy 

policies involving fuel price, fuel emission, public transit fare, electricity and gas price 

may stimulate people to adapt their current behavior pattern. The process underlying 

these adaptations depends on their current choices and is restricted by the available 

time and money budget. To adapt their current behavior to the new reality, people 

may consider three kinds of adaptations. First, they may decide to re-allocate their 

budget, reducing other expenditures such as holidays budget, daily consumption, etc. 
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to keep their current energy consumption level. Second, they may adjust their current 

energy consumption patterns by reducing travel costs. Third, they may invest in 

energy efficient products or change their work/home location to reduce their travel 

cost. The constraints would restrict people’s choice process in general. and especially 

with respect budget reallocation and mid-term adaptation decisions Since long-term 

investments involve more complicated ways of saving money, we assume the money 

and time budget constraints may more strongly influence mid-term adaptation 

decisions and budget allocation compared to long-term decisions. In this study, we 

mainly focus on adapting current scripts (mid-term adaptation) and investing in 

energy efficient products (long-term adaptation) to reduce energy consumption. The 

budget reallocation without any adaptation will be left for future research.  

In this study, in line with empirical findings (such as Gärling et al., 2001; Gärling 

and Axhausen, 2003), we argue that activity-travel patterns are governed by routines 

or habitual pattern. In this study, we use the term “script” as the building block of the 

modeling approach. A script is defined as a set of one or more multi-faceted activities 

that are routinely conducted with some degree of regularity. Together, these scripts 

make up the activity-travel repertoire of an individual. A full description of a script 

includes specific states and their sequence of one or more consecutive activity and 

travel episodes for all attributes that make up the routine. Each script  may include 

one or more trips with one or more trip segments, marked by changes  in transport 

modes used. Thus, scripts may include multi-modal trip chains. 
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6.3 MODEL OF ADAPTATION OF ACTIVITY-TRAVEL 

REPERTOIRES IN RESPONSE TO ENERGY PRICE POLICIES  

6.3.1 UTILITY FUNCTION OF A SCRIPT 

A script including one or more activities and associated travel requires expenditure 

and time. In this study, we only consider energy expenditure. Assuming N ≥ 1 non-

home-based activities have been identified in a script, there are M trips in the script. 

Thus, the utility of a script 𝑖, 𝑈𝑖  is the combination of the utility derived from 

conducting the activity/activities embedded in the script (𝑈𝐴) and the disutility of the 

travel involved (𝑈𝐽). More specifically, 

 

     6.1 

 

where, 𝑈𝑛𝑖
𝐴  is the utility of each activity n embedded in script 𝑖, which is a function of 

the multi-faceted profile of the activity. Similarly, 𝑈𝑚𝑖
𝑅  is the disutility of trip m, which 

is a function of the profile of the trip. The activity utilities and travel disutilities are a 

function of duration. To allow for a monotonically decreasing effect of duration, 

activity duration is assumed to be a logarithmic function of duration and may be 

proportionally increased or decreased as a function of time of the day (t), day of the 

week (d) and elapsed time (k). Thus, utility function 6.1 is specified as follows: 

    

      

N MA R A
ni ni mi nin 1 m 1
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ni ni mi nin 1 m 1

v d lnT U d ,T 0
U

v d ln T 1 U d ,T 0

 

 

   


 
    


 

 
   6.2 

 

where, 𝑣𝑛𝑖  is the base utility per unit time of activity n when no money is spent on 

energy consumption of activity. 𝑙𝑛𝑇𝑛𝑖  is the natural logarithm of activity duration. The 

utility of a trip is a function of travel time 𝑇𝑅, which is determined by 𝑑, 𝑡, 𝑤 and 𝑙. 𝑑 

is an index of day when the activity is conducted, 𝑡 is start time of the activity or a trip 

(time moment of day), 𝑤 is transport mode and 𝑙 is activity location. We assume that 

during peak hours, there will be more travellers which may increase the travel time by 

car and public transport, and decrease the comfort of travelling. Thus, the 24 hours 

day was cut into five classes, which are before morning peak (before 6:30), morning 

peak (between 6:30 and 9:00), after morning peak and before evening peak (between 

9:01 to 16:30), afternoon peak (between 16:31 and 18:30) and after afternoon peak 

(after 18:30).  

N MA R
i A J ni min 1 m 1

U U U U U
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The base utility of each activity 𝑣𝑛𝑖  is specified as in 6.3. It takes into account the 

number of days elapsed since the activity was conducted (𝐻𝑛𝑖(𝑑) variable) to make 

the model dynamic. The utility of each trip is represented as in 6.4, which includes the 

effects of transport mode preference and travel time. 

 

   ni nit nid ni ni ni ni niv d I H d             6.3 

 

   R w w R R

mi mi mi mi miU d T d           6.4 

 

where, 𝜆𝑛𝑖𝑡 is the preference to conduct activity n at time-of-day 𝑡 , while γ𝑛𝑖𝑑  is the 

preference for day-of-the-week d for activity 𝑛 . It indicates that activity utility is not 

only dependent on the time of the day, but also on the day of the week. This is the 

case, for example, when an agent has a specific intrinsic preference for a certain time 

and/or day of the week to conduct a certain activity (e.g., go for daily-shopping on 

Saturday morning). Since scripts are regularly conducted, we assume strong pattern 

effects. Variable 𝐼𝑛𝑖  was defined as 1 if the same script has been repeated by week(s), 

otherwise as 0. Parameter 𝜑𝑛𝑖  depicts any weekly pattern effect in conducting activity 

𝑛 in script 𝑖, while 𝐻𝑛𝑖  measures the time elapsed (in days) since activity 𝑛 was 

conducted the last time.  Finally, 휀𝑛𝑖 is an error term.  

For each trip, we assume that respondents may have a base preference for 

different transport modes, which is reflected in parameter 𝜂𝑚𝑖
𝑤 . The travel time 

depends on destination, time of day, day of the week and transport mode. 𝜇𝑚𝑖
𝑤  is the 

enjoyment or effort per unit travel time by transport mode 𝑚. 

6.3.2 TIME AND ENERGY EXPENDITURE BUDGETS 

Day, start time, mode, location, duration and expenditure 𝐸  are adopted as 

arguments in the function to emphasize that they are choice variables. The total time 

and energy expenditure spent on a script is the sum of the activities and travel 

components in equations 6.5 and 6.6. 

 

   
N M R

i ni min 1 m 1
T d T T d

 
         6.5 

   
N M R

i ni min 1 m 1
E d E E P

 
        6.6 

 

where 𝑇𝑖  is the total time spent on all activities in script 𝑖, and 𝐸𝑖  is the total money 

spent on script 𝑖. 𝑇𝑛𝑖  is the duration of activity 𝑛 in script 𝑖, and 𝑇𝑚𝑖
𝑅  is the time spent 

on travelling for activity. 𝐸𝑛𝑖  is the energy expenditure for activity 𝑛 in script  𝑖, which 
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is assumed to be zero in this study. 𝐸𝑚𝑖
𝑅  represents the energy costs of travelling, 

which is related to transport mode 𝑤 and energy price policies P. We focus on the 

travel cost for car and public transit. To further elaborate the calculation of energy 

cost for trip m in script 𝑖, four kinds of expenditure were considered. They are the 

base expenditure for using a transport mode 𝐸𝑜 
𝑅  (such as maintenance fee of cars and 

parking fee), the running costs of cars 𝐸𝑓 
𝑅  (especially, fuel cost), public transit fee 𝐸𝑝 

𝑅  

and fuel emission tax 𝐸𝑐𝑜2
𝑅 . The public transit fee, fuel cost and emission tax are 

influenced by energy price policies 𝑃𝑝 (public transit fee tax), 𝑃𝑓  (fuel tax) and 𝑃𝑐𝑜2 

(CO2 emission tax), which will be varied in the later policy scenarios. Thus, the total 

costs of a trip are expressed as 6.7. The trip costs by public transit part and parking fee 

was reported by each respondent. The maintenance cost of each trip depends on the 

total cost of current maintenance fee (average insurance and average repair fee). 

 

       R R R R R R
mi 1 o 2 f c f f p p 3 co2 c co2E P E E D ,T ,P E P E D ,P        6.7 

 

where, 𝐸𝑚𝑖 
𝑅  denotes the maintenance expense for car per trip, 𝐷𝑐  denotes the 

distance travelled by car, 𝑇𝑓 
𝑅  denotes the type of fuel used, and 𝑃𝑓  denotes the fuel 

price for specific type of fuel 𝑓.  

6.3.3 BUDGET CONSTRAINTS AND ACTIVITY CHOICE 

The utility function of a script, given above, describes the utility of the script as a 

function of location, time of the day, day of the week, activity duration, and transport 

mode decisions, and leads to a certain energy consumption. The function is dynamic 

as it takes into account the accumulated needs. It assumes the needs of conducting 

the script increase by the time elapsed since the same activity was conducted the last 

time and captures some scheduling around regular weekly intervals. The agent-based 

model we propose assumes that agents make decisions on a day-by-day basis, 

considering their budget constraints. Assume an agent has a script list as 𝐼 =

{𝐼1, 𝐼2, … , 𝐼𝑛}, which includes all scripts that an agent can optionally conduct on a day. 

On each day of a given period, an agent is faced with the problem of determining 

which scripts to conduct and how much time and money to spend on it under limited 

time and money budgets. A script produces utility and requires time and money. A 

script is assumed to be added  to the agenda of an agent when its utility is higher than 

the transactions costs of spending the same amount of time and money in any other 

way. In light of the constraints,  the script with the highest utility will finally be put on 

the agent’s agenda. 
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We assume that 𝐽𝑘is the set of scripts that person 𝑘 conducts each month and 

that the money people spend on energy across scripts does not exceed their monthly 

energy expenditure budget: 

 

k

E

k ii J k

E E B


     k = 1, …,K    6.8 

 

k

E

k ii J k

T T B


     k = 1, …, K    6.9 

 

where 𝐸𝑘  is the total energy expense spent across scripts 𝐸𝑖  conducted by person 𝑘, 

𝑇𝑘  is the total duration across scripts 𝑇𝑖  conducted by person 𝑘, 𝐵𝑘
E  is the energy 

expenditure budget available for person 𝑘 per month, and 𝐵𝑘
T  is available time for 

activities of person 𝑘 per month. To take budget constraints for time and energy 

expenditure into account, conditions 6.10 and 6.11 should be met before a script is 

added to person 𝑘’s agenda (Arentze et al, 2010): 

 𝑈𝑖(𝑑) > 𝑐𝑘
𝐸 × 𝐸𝑖(𝑃)   

 
      6.10 

 

𝑈𝑖(𝑑) > 𝑐𝑘
𝑇 × 𝑇𝑖(𝑑)

 
      6.11 

 

where 𝑐𝑘
E  is the utility per unit money from budget k when spent in another way 

(opportunity costs for money), and 𝑐𝑘
T  is the utility per unit time for person 𝑘 when 

spent in another way (opportunity costs for time). It 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. Spending the remaining budget can increase the utility.  

Each condition is necessary and together the conditions are sufficient. Thus, 𝑐T 

and 𝑐E are thresholds in terms of the utility a script should produce per unit of the 

resource (time and energy) spent. Rational behavior means that a script is put on the 

agenda of a day of person 𝑘 only if a solution exists for: 

𝑚𝑎𝑥𝑖[𝑈𝑖(𝑑)]        6.12 

 

where the maximization is subject to 6.8, 6.9, 6.10, 6.11 and 𝑇 ≥ 𝑇𝑖
0. 𝑇𝑖

0 is the 

minimum duration for the activity 𝑖. Since monthly time and money reallocation is not 

the focus of this study, it is assumed that the monthly time and expenditure 
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thresholds are satisfied. In words, a script is put on the agenda when there is a 

possible specification of the script where both thresholds 6.10, 6.11 and a minimum 

duration are met. The best possible specification of the script is the specification that 

maximizes the utility within these constraints. This behavior is rational because it 

results in an approximately maximum utility. 

6.4 MODEL OF LONG-TERM INVESTMENT IN ENERGY 

EFFICIENT PRODUCTS IN RESPONSE TO ENERGY PRICE 

POLICIES  

To better understand consumers’ long-term investment behavior in energy-related 

products and assess people’s energy saving behavior between housing and transport, 

this section argues that this choice problem can best be conceptualized as a portfolio 

choice problem.  

Assume a choice set consisting of four choice alternatives, A, B, C and D. 

Traditional choice experiments are concerned with single choices. The experimental 

task is to choose a single alternative (A, B, C, or D) from the choice set that the 

respondent likes best. In contrast, the principle of portfolio choice is to invite 

respondents to choose any combination of choice options in a choice set, including 

none of them. They may pick a single alternative, but they may also choose different 

combinations of alternatives. Thus, the set of possible choice options consists of A, B, 

C, D, AB, AC, AD, BC, BD, CD, ABC, ABD, ACD, BCD, ABCD and none of the alternatives. 

The portfolio choice problem is particularly relevant to study complementarities and 

substitution in interdependent choices.  

To allow estimating the effect of the composition of the portfolio on the utility of 

a choice option and corresponding choice probabilities, cross-effects designs are 

useful. Particular choice options may be substitutes or compensate for other choice 

options. For example, if alternative B offers all benefits of alternative C, plus some 

additional benefits, it is reasonable to expect that the inclusion of alternative B in the 

portfolio will reduce the likelihood of selecting alternative C. The cross effect of B and 

C is negative. Vice versa, the cross effect is positive if the combination of alternative B 

and C increases the utility of both. Cross effect designs assume that the composition 

of the chosen set of alternatives may have a specific effect on the probability of 

choosing particular combinations of choice alternatives. Consequently, portfolio 

choice models assume that the utility 𝑉𝑗  of choice alternative j is equal to its own 𝛼𝑗𝑗  

plus the cross effects 𝛼𝑗𝑗′  of all alternatives 𝑗′ in portfolio 𝑃 on the jth alternative 

(Wiley & Timmermans, 2009). 
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𝑉𝑗 = 𝛼𝑗𝑗 + ∑ 𝛼𝑗𝑗′𝑗′≠𝑗∈𝑃          6.13 

 

Therefore, we propose a model that predicts the probability that a portfolio of 

investment decisions will be chosen in the long-term adaptation experiment, 

conditional on the availability of the investment choice options, in response to the 

combination of energy pricing policies that an individual faces and which results in a 

specific energy price increase, considering the individual’s activity-travel pattern 

repertoire and in-home energy consumption behavior. Let 𝑈𝑛𝑖
Φ  be the utility that 

individual n derives from choice option i in portfolio 𝛷. We assume that this utility 

consists of the own utility of alternative i plus the cross effects of all other choice 

options included in the portfolio. The own utility of alternative i is a function of coded 

attributes of the alternative Xni multiplied by coefficient vector 𝛉 shown in equation 

6.14. 

 

𝑈𝑛𝑖
𝛷 = 𝛼𝑛𝑖 + ∑ 𝛼𝑛𝑖𝑖′ + 휀𝑛𝑖𝑖′∉𝛷 = 𝑋𝑛𝑖𝜽

′ + ∑ 𝛼𝑛𝑖𝑖′ + 휀𝑛𝑖𝑖′≠𝑖∈𝛷        6.14 

 

where 휀𝑛𝑖is a random term with zero mean that is IID over alternatives. Based on 

random utility theory, the probability that portfolio 𝛷 will be chosen is equal to the 

product of choosing and not choosing the constituent choice options. Thus, 

𝑝(Φ) could be expressed as equation 6.15. 

 

𝑝(Φ) = ∏ 𝑝(𝑉𝑛𝑖
Φ)𝑖∈Φ ∏ [1 − 𝑝(𝑉𝑛𝑖′

Φ )𝑖′∉Φ ]         6.15 

 

As shown by Wiley & Timmermans (2009), an easier way to express equation 

6.15 is to use eVni
Φ 2⁄ /(eVni

Φ 2⁄ + e−Vni
Φ 2⁄ )  to express the probability of choosing 

alternative i in portfolio 𝛷, and e−Vni
Φ 2⁄ /(eVni

Φ 2⁄ + e−Vni
Φ 2⁄ )to denote the probability of 

not choosing i. Substituting the probability expressions and rewriting the equation 

6.15 gives 6.16. Using this transformation has the advantage that estimated effects 

can be directly interpreted as the contributions to the utility value of the alternatives. 

 

𝑝(Φ) = ∏
exp(𝑉𝑛𝑖

Φ/2)

exp(𝑉𝑛𝑖
Φ/2)+exp(−𝑉𝑛𝑖

Φ/2)𝑖∈Φ   ∏
exp(−𝑉𝑛𝑖

Φ/2)

exp(𝑉𝑛𝑖
Φ/2)+exp(−𝑉𝑛𝑖

Φ/2)           
 𝑖′∉Φ  6.16 

 

Equation 6.16 describes the details of the portfolio model. In this study, we 

assumed that choice probabilities may be influenced by socio-demographic variables 

and combinations of energy pricing policies. The latter effects can be estimated by 

including interactions in the utility function. Assume there are K (K > 0) socio-

demographic variables and P (P > 0) policies. Let 𝑺𝑛 define the vector of socio-

demographic indicator variables of individual n and 𝐙𝑛 the vector of coded policies 
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individual n is exposed to. They differ across individuals, but not within policy 

scenarios. Thus, the utility function was expanded to 6.17.  

 

𝑈𝑛𝑖
Φ = 𝑋𝑛𝑖𝜃

′ + ∑ 𝛼𝑛𝑖𝑖′𝑖′≠𝑖∈Φ + 𝐒𝑛𝑋𝑛𝑖𝛃
′ +  𝐙𝒏𝑋𝑛𝑖𝜸

′+휀𝑛𝑖      6.17 

 

where, 𝛃 is the vector of parameters for the socio-demographic variables, and 𝛄 is the 

vector of parameters for policies. 

Moreover, because a stated adaptation experiment was used, panel effects 

should be captured as well. We assumed that there is some unobserved 

heterogeneity in individuals’ preferences that might affect the choices in the 

experimental design. To allow individual variation, we estimate a normal distribution 

for each attribute parameter: 𝛉 =  �̅� + 𝐯𝛍,. where �̅� is the vector of population 

means of the attributes of choice alternative i, 𝐯 is a vector of corresponding standard 

deviations of 𝛉 around �̅�, and 𝛍 is a vector of random terms with standard deviation 

equal to 1. Thus, we estimated equation 6.18.  

 

𝑈𝑛𝑖
Φ = 𝑋𝑛𝑖(𝛉�̅� + 𝐯𝛍

𝒊
) + ∑ 𝛼𝑛𝑖𝑖′𝑖′≠𝑖∈Φ + 𝐒𝑛𝛃′ + 𝐙𝒏𝜸′+휀𝑛𝑖 ,  𝜇𝑖~𝑁(0,1)  6.18 

 

Denoting the density of 𝜃by 𝑓(𝜃), where 𝜃  is the fixed parameters of the 

distribution, the probability of option i being chosen is given by: 

 

𝑝𝑛(𝛷) = ∫ (∏
exp(𝑉𝑛𝑖

Φ/2)

exp(𝑉𝑛𝑖
Φ/2)+exp(−𝑉𝑛𝑖

Φ/2)𝑖∈Φ   ∏
exp(−𝑉𝑛𝑖

Φ/2)

exp(𝑉𝑛𝑖
Φ/2)+exp(−𝑉𝑛𝑖

Φ/2)           
 𝑖′∉Φ ) 𝑓(𝜃)𝑑𝜃 6.19 

6.5 SINA AND EXPERIMENT DESIGN 

SINA is programed in Ruby on Rails. Its structure of SINA is shown in Figure 6-2. It 

consists of four major stages. First, respondents are asked to complete their personal 

profile, which includes socio-demographic information, and detailed information 

related to their energy consumption, such as type of house, car type, fuel type, yearly 

electricity and gas expenditures and new energy facilities. Next, respondents are 

asked to detail their current scripts that are conducted at least once per month. These 

scripts are built in three steps. In step 1, respondents are asked to select all main 

activities that are conducted with some regularity. In step 2, they are prompted to 

provide details of the scripts related to the selected activities. In step three, the 

frequency of the script and the day(s) of the week, when it is executed, are solicited. 

After the relevant information about the current scripts is collected, respondents are 

asked to indicate how they would adapt these scripts under different hypothetical 
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energy price policy scenarios. The adaptation may include changes of one or more 

facets of a script, their frequency, and  long-term investment decisions. 

Flow chart 6-3 displays in more detail how the scripts are reconstructed. Two 

types of scripts are collected by SINA: simple scripts that only include one activity, 

complex scripts that include more than one activity. As shown in the figure, the 

reconstruction of a script starts with collecting information about its main activity and 

related trips (from origin to activity destination). Then, the key question “Do you 

always combine this activity with other activities?” will lead respondents to 

distinguish between the different types of scripts. Three choice alternatives are 

provided: “Never”, “Always” and “Sometimes yes, but not always”. The choice of 

“Never” means a simple script. For each simple script, respondents need to indicate 

whether they always go back home after the main activity and provide the relevant 

trip information. After the script has been reconstructed, the alternative ways of 

doing it (start time of activities, transport mode, travel companion etc.) are asked.  

 

 
FIGURE 6-2 STRUCTURE OF SINA 
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FIGURE 6-3 FLOW CHART OF SCRIPTS RECONSTRUCTION 

If a respondent choose “Always”, he/she is guided to mention the other 

activities they usually combine In chronological order. The trip-back-home part is 

asked after they name the combination of activities. The elicitation of complex scripts 

is repeated until a respondent does not mention any additional complex scripts. In 

case they choose “Sometimes”, a respondent is guided again through the series of 

questions to provide the details of the multiple underlying simple or complex scripts. 

In all these cases, these details concern start time, origin, destination and transport 

mode(s). After information of all scripts has been collected, respondents are asked to 

indicate how frequently and on which days the script is usually conducted. For 

example, suppose a respondent regularly conducts daily shopping twice per week, 

and that the two daily shopping scripts differ by transport modes (car and bike). In 

this case, the respondent has to answer on which day(s) he usually conducts daily 

shopping by car and how frequently the script is conducted per month. The same 

question will be asked for all scripts. 

The detailed data structures for activities and trips are explained in Figure 6-4. 

For each script, it mainly includes two parts: activity and trip, specified by trip-activity 

class. The black and white diamond arrows both indicate a composition relationship. 

The number on the arrow indicates the numeric relationship between them. For 

example, each respondent may have multiple locations, activities and scripts. This 

number on the black arrow is also used to delete all linked locations, activities and 
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scripts when a respondent is deleted.  In contrast, the number on the white arrow will 

not influence the deletion of the related locations. The system will remember all the 

locations respondents entered and allow them to reuse these locations. The triangle 

arrow indicates the belonging relationship. It means that the segment includes three 

parts: slow transport modes (bike and walk), car and public transport modes (bus, 

train, tram and metro). The common attributes of these three transport modes are in 

the segment class, while specific attributes related to each transport modes are under 

the specified mode segment. 

 

 

FIGURE 6-4 DATA STRUCTURE OF ACTIVITY COMPONENT 
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+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

1

1
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TABLE 6-1 FRACTIONAL FACTORIAL DESIGN OF ENERGY POLICIES 

Scenarios 
Fuel 
price 

Fuel emission 
tax 

Public transport 
fare 

Home 
energy price 

Home energy 
environmental 

tax 

1 0.2 0.2 0.2 0.2 0.2 

2 0.2 0.5 0.5 0.5 0.5 

3 0.2 0.8 0.8 0.8 0.8 

4 0.2 0 0 0 0 

5 0.5 0.2 0.5 0.8 0 

6 0.5 0.5 0.2 0 0.8 

7 0.5 0.8 0 0.2 0.5 

8 0.5 0 0.8 0.5 0.2 

9 0.8 0.2 0.8 0 0.5 

10 0.8 0.5 0 0.8 0.2 

11 0.8 0.8 0.2 0.5 0 

12 0.8 0 0.5 0.2 0.8 

13 0 0.2 0 0.5 0.8 

14 0 0.5 0.8 0.2 0 

15 0 0.8 0.5 0.8 0.2 

16 0 0 0.2 0 0.5 

 

For the trip part, considering the situation that multiple transport modes may be 

used on a single trip, the trip part was designed to satisfy one trip with multiple trip 

segments. For example, one person used car, train and bike for the work trip from A 

to B. The trip has 3 trip segments. For the first car segment, besides start location and 

end location, respondents need to provide parking locations, main driving route, 

parking fee and fuel expenditure as well. Then, for the public transit segment, 

particular train in this case, the get on and get off stations, travel time, public fare are 

needed in the system. For the final part, slow mode - bike, origin, destination and 

travel time are asked in the system. The alternative driving routes are collected as a 

new script. Due to the complexity of the trip part, without spatial data assistance, 

respondents may provide unrealistic responses. To enhance the validity of the 

provided data, the data collection is based on a re-programmed Google map API 

service with up-to-date public transit information of the Netherlands. 

As discussed, our interest concerns the impact of the combinations of energy 

policies on adaptations of activity-travel patterns and long-term investment decisions. 

Thus, we need to design combinations of energy pricing policies. Five different 

energy-pricing policies were distinguished: fuel price, fuel emission tax, public 

transportation fare, in-home energy costs and home energy environmental tax (based 

on current energy cost at home). Each of these policies was assigned four levels. One 

of the levels (0) indicated that the policy is not implemented. The remaining three 
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levels (+20%, +50%, +80%) indicate energy costs compared to the current situation. 

Thus, the full factorial design consists of 45 possible energy-pricing scenarios. Using an 

orthogonal fraction factorial design, 16 policy scenarios were generated. The design is 

shown in Table 6-1. Each scenario consists of one or more implemented energy 

pricing policies that vary in terms of the level of increase of the current costs. 

6.5.1 EXPERIMENTAL DESIGN FOR ADAPTATION OF SCRIPTS  

SINA also provides an instrument to elicit adaptive responses, in this study to 

increasing energy prices. It helps individuals to indicate their stated adaptations to 

hypothetic energy pricing policies in a more realistic way. Flowchart 6-5 presents the 

procedure how adaptation of scripts in response to the designed combination of 

energy price policies was elicited. 

 

 
FIGURE 6-5 FLOW CHART OF SCRIPT ADAPTATION 

Introduction of scenario i
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Present monthly 
energy cost before 
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Satisfy  with 
adaptation

No

Update script 

Yes
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First, the current scripts list was presented to respondents. Next, each 

respondent was shown two randomly selected policy scenarios, plus the monthly 

energy costs under the scenario and their current costs. Then, respondents were 

asked to decide whether they would change any current script. If not, the second 

scenario was presented and the same procedure was repeated. If they chose to adapt 

a script, the detailed information of each script was shown to respondents. 

Respondents could then reconstruct the whole script if necessary and /or change the 

frequency and days of the script. The instructions of how to make the adaptations 

were shown to respondents before the adaptation task. After the adaptation, the 

system automatically calculated the energy cost before and after adaptation for 

comparison. If the respondent felt further adaptation were required, they could make 

further changes to the scripts; otherwise the adapted scripts were saved in the system 

as the final results pertaining to scenario i.  

6.5.2 EXPERIMENTAL DESIGN FOR LONG-TERM ADAPTATION  

The long-term energy conservation choice problem is conceptualized as a portfolio 

choice problem. Consequently, to measure people’s preference of investments in 

housing and transport options, a cross effects choice design was developed in which 

respondents were shown one or more alternate ways to reduce their current energy 

consumption: (1) investing in new technology in the house, such as solar panels; (2) 

exchanging the current car for a more energy efficient car; (3) buying a new energy-

efficient car, such as EV or solar car; (4) moving house to reduce current travel 

distances.  

6.5.2.1 DESIGN APPROACH  

The aim of the long-term energy conservation adaptation is to predict the probability 

that an individual will choose one or more energy saving investment decisions as a 

function of their varying attributes to adapt to increasing energy prices that result 

from the accumulation of one or more energy pricing policies. To achieve this aim, the 

experimental design should (i) systematically generate energy pricing scenarios that 

vary the intensity and mixture of increasing energy prices of one or more policies to 

estimate how portfolio adaptation choices depend on policy scenario; (ii) 

systematically vary the attribute levels of the different choice options to allow 

estimating the part-worth utility of the attribute levels, and (iii) systematically vary the 

possible portfolio of adaptive actions, ranging from the choice of a single choice 

options to the choice of all included choice options, to estimate the cross effects and 

the effects of portfolio composition. To that end, the following strategy to construct 

the experimental design and measure adaptation choices was adopted. 
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6.5.2.2 CHOICE OPTIONS AND THEIR ATTRIBUTES 

These scenarios constitute the context within which respondents had to decide how 

to adapt to the price increase. Based on a literature review of energy conservation 

strategies, both in-home and out-of-home, four options were selected: investing in 

energy efficient/ energy production equipment at home such as a solar panel, 

investing in exchanging the current car to an energy efficient car, investing in a new/ 

extra energy efficient car such as a hybrid car or EV, and investing in relocation of 

home or work to shorten the total travel distance. These strategic choice options thus 

cover facility investment, energy efficient car investment and relocation investment 

(shortening travel distance). 

 

TABLE 6-2 SELECTED OPTIONS, ATTRIBUTES AND ATTRIBUTE LEVELS 

Option Attribute Attribute level 

Invest in in-home facility 
(A) 

Payback period and saving 
percentage 

6 years (40% less than in-home 
energy expenditure) 
8 years (60% less than in-home 
energy expenditure) 
10 years (80% less than in-home 
energy expenditure) 

Exchange existing car to 
an energy efficient car 
(B) 

Capital price 
5000 
10000 
15000 

Operations costs per year 
10% less than current car 
Same as current car 
10% more than current car 

Energy expenditure saving 
(% of total current out-of-
home fuel cost) 

20% less than current fuel cost 
30% less than current fuel cost 
40% less than current fuel cost 

Benefit to the 
environment 

Low 
Middle 
High 

Invest in a new/extra 
energy efficient car 
(C) 

Capital price 
10000 euros 
20000 euros 
30000 euros 

Operation cost per year 
5% of capital price 
10% of capital price 
15% of capital price 

Energy expenditure saving 
(% of total current out-of-
home fuel cost) 

20% less than current fuel cost 
30% less than current fuel cost 
40% less than current fuel cost 

Benefit to environment 
Low 
Middle 
High 

Invest in relocation (home 
or work) to shorten the 
total travel distance (D) 

Total travel distance 
25% less than current travel distance 
50% less than current travel distance 
75% less than current travel distance 
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Each of these options was characterized in terms of one or more attributes. 

Because several in-home energy conservation studies concluded that the adoption of 

energy efficient measures and behavioral practices typically depend on cost 

(investments and energy using expenses), a cost attribute was selected. However, the 

price of in-home energy conservation products varies considerably as does their 

efficiency gain. Therefore, payback time was selected as the attribute for this choice 

option to indirectly measure the costs of the investment decisions.  

The second and third options, the two car investments, were represented in 

terms of four attributes: capital price, operation costs per year, energy expenditure 

savings based on the current total out-of-home fuel costs and benefits to the 

environment. For the final choice option “relocation”, a single attribute “total 

reduction in travel distance” was selected.  

Thus, the experimental design involved four choice options and a total of 

1+2×4+1=10 attributes. Each of these attributes was varied in terms of three levels. 

The full factorial design gives rise to 310 possible choice sets. This design would be too 

demanding for any respondent to complete. Therefore, an orthogonal fractional 

factorial design, consisting of 27 choice sets, was created satisfying the conditions of 

orthogonality and attribute balance. This design is shown in Table 6-3. 

6.5.2.3 CHOICE OPTIONS AVAILABILITY DESIGN 

As discussed, one of the sub-goals of this study was to investigate the effects of the 

accumulation of energy pricing strategies. To answer this question an experimental 

design that allows estimating cross (or availability) effects is required. To that end, the 

design, shown in Table 6-4, was used to generate all possible portfolio choices and 

estimate the cross effects. For example, choice set 8 includes three choice options, 

which are A (investing in energy efficient/ energy production equipment at home), B 

(investing in exchanging the current car to an energy efficient car), C (investing in a 

new/ extra energy efficient car). The Hadamard matrix provides information to 

estimate the own effects of A, B, C and the cross effects of AB, AC, BC and ABC.  

6.5.2.4 CHOICE TASKS 

To generate the choice tasks for respondents in SINA, first a scenario was randomly 

selected from the 16 possible policy scenarios. The increasing energy costs 

consequences of the selected scenario were calculated for each respondent based on 

his/her current energy consumption behavior. This information is derived from their 

elicited current scripts. Then, respondents were asked which singular or combination 

of energy saving investments he/she would choose, if any, to fully or partially 

compensate for the cost increase. To measure adaptation, one of the 16 rows of the 

Hadamard matrix was selected at random to vary the availability of different options 



 
 

132 
 

and allow estimating the cross effects in the portfolio choice. To profile the available 

choice options, one of the 27 choice sets from the fractional factorial design varying 

the attribute levels of the choice options was randomly selected. If an option was not 

available, its selected attribute levels were not used.  

Respondents were invited to express their portfolio choice for 9 sets of possible 

portfolio choices, randomly selected from the portfolio choice set design under a 

randomly selected policy scenario. For each set, the current energy consumption cost 

before and after policy was presented. They were asked to indicate under this 

situation, which combination of available choice options (investment strategies) they 

would choose to fully or partly counteract the increased energy costs that stem from 

the selected policy scenario. 

 

TABLE 6-3 ORTHOGONAL FRACTIONAL FACTORIAL DESIGN OF 27 CHOICE SETS  

            Options 

Choice sets 
A 

B C 
D 

B1 B2 B3 B4 C1 C2 C3 C4 

1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 

2 -1 -1 -1 -1 0 0 0 0 0 0 

3 -1 -1 -1 -1 1 1 1 1 1 1 

4 -1 0 0 0 -1 -1 -1 0 0 0 

5 -1 0 0 0 0 0 0 1 1 1 

6 -1 0 0 0 1 1 1 -1 -1 -1 

7 -1 1 1 1 -1 -1 -1 1 1 1 

8 -1 1 1 1 0 0 0 -1 -1 -1 

9 -1 1 1 1 1 1 1 0 0 0 

10 0 -1 0 1 -1 0 1 -1 0 1 

11 0 -1 0 1 0 1 -1 0 1 -1 

12 0 -1 0 1 1 -1 0 1 -1 0 

13 0 0 1 -1 -1 0 1 0 1 -1 

14 0 0 1 -1 0 1 -1 1 -1 0 

15 0 0 1 -1 1 -1 0 -1 0 1 

16 0 1 -1 0 -1 0 1 1 -1 0 

17 0 1 -1 0 0 1 -1 -1 0 1 

18 0 1 -1 0 1 -1 0 0 1 -1 

19 1 -1 1 0 -1 1 0 -1 1 0 

20 1 -1 1 0 0 -1 1 0 -1 1 

21 1 -1 1 0 1 0 -1 1 0 -1 

22 1 0 -1 1 -1 1 0 0 -1 1 

23 1 0 -1 1 0 -1 1 1 0 -1 

24 1 0 -1 1 1 0 -1 -1 1 0 

25 1 1 0 -1 -1 1 0 1 0 -1 

26 1 1 0 -1 0 -1 1 -1 1 0 

27 1 1 0 -1 1 0 -1 0 -1 1 
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TABLE 6-4 CHOICE OPTION COMPOSITION DESIGN OF 4 OPTIONS 

Set A B C D AB AC AD BC BD CD 
AB
C 

AB
D 

AC
D 

BC
D 

AB
CD 

1 -1 -1 -1 -1 1 1 1 1 1 1 -1 -1 -1 -1 1 
2 1 -1 -1 -1 -1 -1 -1 1 1 1 1 1 1 -1 -1 
3 -1 1 -1 -1 -1 1 1 -1 -1 1 1 1 -1 1 -1 
4 1 1 -1 -1 1 -1 -1 -1 -1 1 -1 -1 1 1 1 
5 -1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 1 -1 
6 1 -1 1 -1 -1 1 -1 -1 1 -1 -1 1 -1 1 1 
7 -1 1 1 -1 -1 -1 1 1 -1 -1 -1 1 1 -1 1 
8 1 1 1 -1 1 1 -1 1 -1 -1 1 -1 -1 -1 -1 
9 -1 -1 -1 1 1 1 -1 1 -1 -1 -1 1 1 1 -1 
10 1 -1 -1 1 -1 -1 1 1 -1 -1 1 -1 -1 1 1 
11 -1 1 -1 1 -1 1 -1 -1 1 -1 1 -1 1 -1 1 
12 1 1 -1 1 1 -1 1 -1 1 -1 -1 1 -1 -1 -1 
13 -1 -1 1 1 1 -1 -1 -1 -1 1 1 1 -1 -1 1 
14 1 -1 1 1 -1 1 1 -1 -1 1 -1 -1 1 -1 -1 
15 -1 1 1 1 -1 -1 -1 1 1 1 -1 -1 -1 1 -1 
16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

6.6 CONCLUSION 

In this chapter, we developed separate models to predict individual’s responses to 

energy price policies in the mid-term and long-term. More specifically, we developed 

a dynamic model of activity-travel behavior to predict effects of energy price policies 

on people’s activity-travel demand. In contrast to existing approaches, the model 

imposes virtually no restrictions on the level of detail to construct scripts. It could 

predict both primary and secondary responses to increasing energy price situations at 

the individual level. The model simultaneously deals with multiple choice facets such 

as location, departure time, activity duration, transport mode, travel company etc. 

With dynamic utility thresholds regarding to the use of money and time, it allows 

simulating how facets of particular scripts making up the activity-travel repertoire of 

an individual may change across multiple time horizons in response to different 

energy price policies including fuel tax, fuel emission tax and public transport fare tax. 

For long-term decisions, to overcome the restriction of single strategy choice, 

the long-term energy conservation choice problem was conceptualized as a portfolio 

choice problem. To understand how consumers respond to increasing fuel prices as a 

result of accumulated pricing policies by investing in portfolios of house and transport 

related options, we formulated a model of portfolio choice behavior. It allows 

estimating the effect of the composition of the portfolio on the utility of a choice 

option and corresponding choice probabilities. To allow for heterogeneity, a random 

parameters logit model was formulated to estimate the effects of the attributes of the 
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choice options, the cross effects of portfolio composition, the effects of socio-

demographic variables and the effects of policies on individual’s portfolio choice.  

To validate the rich model structure, and capture the dynamics in mid-term 

adaptation, existing one-day or two-day activity-travel diary data, which are collected 

in standard surveys in many countries, may not suffice. The model requires the survey 

to be extended to reveal the elapsed time for each activity that can be conducted on 

the observed day. Therefore, we designed a new data collection system - SINA with 

spatial information to support the data collection on repertoires of habitual activity-

travel patterns, and data on adaptation by allowing a complete restructuring of scripts.  

For modelling long-term adaptation, a portfolio experiment was constructed, 

based on a cross effects design that was embedded in a design systematically varying 

policy issues and an orthogonal attribute generating fractional factorial design. 

Because pricing policies tend to have different ramifications for different people, 

depending on their repertoire of activity-travel patterns and energy consumption 

behavior, the long-term stated adaptation experiment was embedded in SINA to 

collect data on individual’s investment decisions under different policy situations, 

based on calculations of the impact of the policies on their energy costs and the cost 

recovery effects of the considered portfolio choice.  

Overall, the chapter marks some improvement in existing activity-based model 

systems by providing a comprehensive model of activity-travel schedule generation 

that include energy consumption. It also provided a powerful and complex stated 

choice experiment calculating the likely costs effects of multiple policies for each 

respondent’s investment in energy efficient products. Moreover, SINA was developed 

to collect detailed data for supporting multi-faceted dynamic adaptation of activity-

travel repertoires, taking into consideration primary and secondary effects. We claim 

this conceptualisation is powerful and does justice to the complexity of every day 

decision-making, compared to the often too hypothetical nature of many stated 

choice experiments. The richer conceptualisation and implementation of the 

experiment also substantially increases the complexity of the experimental task and 

the data requirements. Additional work along these lines is thus needed to further 

judge the feasibility and validity of such experiments. Larger samples and/or more 

efficient design strategies are needed to estimate models that would allow estimating 

the effects of the detailed specification of the policy scenarios.  
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CHAPTER7 
RESULTS OF INDIVIDUAL’S MID- AND LONG-

TERM DYNAMIC ADAPTATION IN RESPONSE TO 

ENERGY PRICE POLICIES  

7.1 INTRODUCTION 

Chapter 6 proposed a framework to model individuals’ scripts adaptation and energy 

efficient products investments at the households level in response to energy price 

policies. Since long-term adaptation covers both in-home and out-of-home energy 

products, while mid-term adaptation mainly concerns out-of-home scripts, two 

separate models were proposed to predict individual’s adaptation in reaction to 

energy price policies. Due to the model complexity and data requirements, no existing 

system could be used to collect the required data. Therefore, SINA was designed and 

implemented for collecting data on individuals’ current in-home and out-of-home 

energy consumption behavior. In addition, the SINA system was used to collect data 

on individual adaptations of scripts and long-term investment decisions, considering 

personalized monthly energy expenditures  

The aim of this chapter is to test the adaptation modeling approaches proposed 

in the previous chapter by estimating and analyzing the supposed relationships using 
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the empirical data collected by SINA. This chapter is organized as follows. First, this 

chapter will describe the data collection process and the  socio-demographics of the 

sample. The next section concerns script adaptation. It starts with a description of the 

estimation method, followed by an overview of data preparation, descriptive analysis 

of the collected response data and the estimation results of the model. Long-term 

adaptation results are presented in section 7.4. The chapter ends with conclusions. 

7.2 SAMPLE 

To guarantee data quality and high response rates, respondents were recruited 

through a Dutch survey company, which maintains an approximately 10% sample of 

the Dutch population with socio-demographic information. The socio-demographic 

information is used to filter or select the target group of the population to participate 

in different surveys. For our case, we required selecting the head of a family who is 

living in the Eindhoven or Rotterdam area. 

Potential respondents were invited by email with a unique ID link to enter the 

SINA survey system. Privacy of respondents was assured by filtering out  respondents’ 

email address by the company. The survey was first distributed to a sample of 50 

respondents to investigate the response rate and collect respondents’ comments for 

improving the survey system. The response rate from the test group is approximately 

6%. The final data collection started on the 5th of May, 2014 and finished on the 14th 

of May, 2014. Due to an expected low response rate, the survey was distributed to 

5000 potential respondents satisfying the requirements, who were otherwise 

randomly selected from the panel. Finally, 572 respondents finished the survey and 

provided 3606 scripts. Thus, the  response rate is 11%. On average, respondents spent 

approximately 1 hour 15 minutes to complete the four parts of the experiment.  

Table 7-1 presents the frequency distribution of socio-demographic 

characteristics. As shown, 76% of the sample is male, while only 24% is female. It 

suggests conventional gender roles among respondents. Age, categorized into six 

groups, shows an unbalanced distribution from the young to the elderly. The younger 

age groups (< 34 years old) are underrepresented. The distribution of marital status 

shows that singles are overrepresented in the sample, while couples with children 

under 12 years of age are underrepresented. 87.7% of respondents with children have 

one or two children, while 13.4% has more than two children. The distribution of 

household size shows that over 90% of the respondents live in households with less 

than 5 persons. As for education level, the sample over-represents highly educated 

people as one may expect. A relatively high percentage of households earn between 

12500 and 77500 euros per year. The sample also over-represents the retired group 

and people, who work more than 35 hours per week.  
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Two possible explanations may account for this situation. First, the respondents 

are the heads of households, who tend to be the primary source of income for their 

households. Second, the survey takes relatively long to complete. It is reasonable to 

assume that retired person may have more patience and/or time to finish the survey. 

The variables related to the travel cost component are presented in a bar chart 

in Figure 7-1. The results indicate that about 21% of the respondents has a public 

transport card (student discount card, discount card for bus and train). Taking into 

account the percentage car ownership, it indicates that around 7% of the respondents 

is both car user and frequent public transport user. Over 18% of the respondents 

mentioned they have more than one car in their household. The information of their 

most frequently used car shows that over 90% of the respondents are still petrol and 

diesel car users. There are only five respondents who are using hybrid cars, indicating 

that energy efficient products still have a relatively small market share at the moment. 

Besides fuel type, respondents were asked to provide information about their cars’ 

production year, average maintenance cost, insurance cost and fuel consumption. As 

shown, a small percentage of respondents does not know the maintenance and 

insurance costs. For maintenance cost, around 7% of the respondents indicated zero 

because their cars are relatively new. 

 

 
FIGURE 7-1 DISTRIBUTION OF PUBLIC TRANSPORT CARD AND BASIC CAR COST 
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FIGURE 7-2 PIE CHART OF CAR OWNERSHIP, CAR SHARING AND TRAVEL 

ALLOWANCE DISTRIBUTION 

For calculating respondents’ current travel costs, respondents were asked about 

their car ownership, public transport card ownership, car sharing situation, and travel 

allowance for their most frequently used car (Figure 7-2). As shown, 87% of the 

respondents have at least one car in their household. The percentage is slightly lower 

than the national statistic (about 92%). Compared to the national statistics, the 

sample also over-represented respondents with only one car. Respondents without a 

car were asked about their car-sharing situation. 85.5% of the non-car respondents do 

not share a car. Those who share do not tend to share expenditures. If they share the 

costs, the monthly average is less than 50 euro. Travel allowance is a complex variable 

in the Netherlands. Different companies and organizations have various rules to 

compensate employees who commute. It might influence respondents’ car use and 

their adaptation behavior. The data indicates that 30.1% of the sample has received 

travel allowance. Their travel allowances differ from around 50 euro per month to 

more than 300 euro per month. 
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TABLE 7-1 DISTRIBUTION OF SOCIO-DEMOGRAPHIC VARIABLES 

Variable Percentage 

Gender 
Male 0.764 

Female 0.236 

Age 

18-24 0.017 
25-34 0.107 
35-44 0.150 
45-54 0.184 
55-64 0.269 
>64 0.273 

Marital status 

Single 0.524 
Couples without children 0.128 

Couples with children <12 years old 0.063 
Couples with children >12 years old 0.276 

Number of Children 
1 0.392 
2 0.485 

>= 3 0.134 

Household size 

1 0.231 
2 0.435 
3 0.145 
4 0.147 

>= 5 0.042 

Education 

Unknown 0.003 
Elementary school 0.044 

High school for general education 0.143 
University oriented high school education 0.257 

Tertiary education -MBO (vocational training) 0.229 
Bachelor or above 0.324 

Income (net per year) 

No income 0.163 
<12,500 Euro 0.031 

12,500 - 26,200 0.157 
26,200 - 38,800 0.203 
38,800 - 65,000 0.273 
65,000 - 77,500 0.072 

> 77,500 0.101 

Work status 

Retired 0.271 
Housewife\househusband\else 0.030 

Unemployed\job-seeking\assistance 0.051 
Incapacitated 0.040 

Students 0.014 
Employed  0.591 

Work hours 

No work 0.023 
<12 hours per week 0.021 

12 -24 hours per week 0.070 
25 - 34 hours per week 0.117 
35 - 39 hours per week 0.292 

40 hours per week 0.421 
> 40 hours per week 0.056 
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7.3 SCRIPTS ESTIMATION  

7.3.1 ESTIMATION METHOD 

Section 6.4 defined the dynamic activity-travel behavior at the script level. In order for 

the model to become estimable, the threshold conditions  of expenditure and time in 

equation 6.10 and 6.11 can be rewritten as:  

 

   E
i iU d c E P 0          7.1 

 

   T
i iU d c T d 0          7.2 

 

The utility of expenditure and time thresholds can be written as: 

 

k k E 2 i2 2k
x c E V            7.3 

 

k k T 3 i3 3k
x c T V            7.4 

 

The probability that the expenditure and time threshold conditions are met is 

expressed by equations 7.5 and 7.6 respectively. Following random utility theory, the 

probability that an individual chooses alternative 𝑖 can be expressed as 7.7: 

 

    i2 i2 i2P exp V 1 exp V 
   

   7.5 

 

    i3 i3 i3P exp V 1 exp V   
     7.6 

 

   zi i1 i1i
P exp V exp V        7.7

 
 

Therefore, for each choice set 𝑍, the probability that alternative 𝑖 is chosen can 

be expressed as the joint probability of 𝑃𝑧𝑖 , 𝑃𝑧𝑖𝑡𝑖𝑚𝑒  and 𝑃𝑧𝑖𝑒𝑥𝑝𝑒𝑑𝑖𝑡𝑢𝑟𝑒. Parameters can 

be estimated using simulated maximum likelihood methods. The log likelihood 

function can be expressed as  

       

        

ni i1 i2 i3n i

ni i1 i1 i2 i2 i3 i3n i i i i

LL y ln P ln P ln P

y V ln exp V V ln exp V V ln exp V

     

      
  

 

    
 7.8 
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According to the theoretical framework, proposed in Chapter 6, there is no difference 

between energy expenditure and additional energy expenditure caused by policies. 

For the estimation, to further understand people’s reactions to additional energy 

expenditures, we allow them to be different. Therefore, an additional parameter of 

extra energy expenditure is estimated. Because travel time and extra travel cost are 

strongly correlated, we simplify the model by removing the travel time threshold. 

Equation 6.12 can then becomes:   

𝑚𝑎𝑥𝑖[𝑈𝑖(𝑑)]              7.9 

 

subject to: 

 

     1 2E E
i i iU d c E P c E P 0           7.10 

Combining equations 7.9 and 7.10, a MNL model will be estimated with the following 

utility specification:   

       1 2E E
i i i iU d,P V d c E P c E P            7.11 

7.3.2 DATA PREPARATION 

The data collected via the SINA System has to be prepared according to a specified 

data structure to estimate the proposed model using the described estimation 

method. In the data collection, we asked respondents to provide their scripts and 

indicate the main activity in each script. The scripts are divided into three categories 

based on the main activity type of each script (compulsory, maintenance and leisure). 

Table 7-2 shows the composition of each category. 

To construct a more realistic choice set for each respondent, we assume that 

scripts provided before and after policies in the same category are the possible 

alternatives, making up a choice set. To capture the frequency of executing a script 

within a month, the choice sets of each individual were replicated for 4 weeks (28 

days). Respondents were asked to indicate which days of the week and how many 

times per month each script was usually conducted. However, this information is not 

enough to generate the specific choice data if the activity is not conducted exactly 4 

times per month. In this case, the frequency was randomly assigned to the weeks of 

the month. The process of arranging the final choice table is presented in Figure 7-3. 
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Collecting scripts

Collecting all non-duplicated  
scripts as Si for each individual i 

(including scripts in two 
scenarios)

Monthly arrangement 

Repeat Si for each 
individual i  28 times1

Arranging script schedule

Based on data of frequency and 
days of the week for each script, 

generating the choice of scripts for 
each individual i  in a month scale

2

Special arrangement

1) If there is more than 1 chosen script on a 
day, duplicate the choice set, until one 
chosen script for each choice set;
2) Adding none of the choice as a base for 
each choice set

Calculating elapsed days for 
each activity

Based on the script schedule, 
calculate elapsed days (how 

many days ago) the same 
activity has been conducted 

3

Splitting scripts

Split the table into three sub-
tables (compulsory, maintenance 
and leisure) according to the main 

activity in the script

4

Finalizing the choice table

Repeat the process two 
times for policy scenarios.

Finally combine all the data 
into one table.  

5

 
FIGURE 7-3 ESTIMATION TABLE ARRANGEMENT PROCESSURE 

The process includes 5 main steps and a special arrangement for generating the 

script scheduling. Most of the variables are directly obtained from the  data,  except 

the variable ‘”elapsed days”, which indicates how many days ago the same activity 

was conducted for the last time by the respondent.  

7.3.3 DESCRIPTIVE ANALYSIS 

Four socio-demographic variables were selected to estimate the mid-term adaptation 

model: gender, age, household income and household structure. The majority of 

respondents is male. They conduct more maintenance and leisure activities than 

compulsory activities, while females who are heads of their family conduct more 

compulsory. The young to middle age group conducts more compulsory activities, 

while the elderly group conducts more maintenance and leisure activities. Low to 

middle household income groups show a higher percentage maintenance and leisure 

activities. However, higher income groups show a relatively higher percentage of 

compulsory activities than other activities. As for household structure, children have a 

significant influence on a household’s lifestyle. Couples without children conduct 

more maintenance and leisure activities than compulsory activities, while households 

with children conduct more compulsory activities and less leisure activities. 
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TABLE 7-2 MAIN ACTIVITIES IN DIFFERENT TYPES OF SCRIPTS  

Script group Main activities included 

Compulsory script 

Full-time work 
Part-time work 
Volunteer work 
Study 

Maintenance script 

Non-daily shopping 
Daily shopping 
Visiting post office 
Visiting bank 
Hair dressing 
Health care 
Visiting church 
Pick-up 
Drop-off 

Leisure script 

Visiting concert/theater/show 
Cycling 
Visiting club 
Walking around/dog walking 
Visiting park 
Visiting café/bar 
Visiting restaurant 
Visiting museum 
Doing sports 
Visiting family/friends 
Hosting family/friends 
Jogging 

 

 

FIGURE 7-4 RELATIONSHIP BETWEEN SOCIO-DEMOGRAPHIC VARIABLES AND 

DIFFERENT TYPES OF ACTIVITIES 
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FIGURE 7-5 PERCENTAGE OF DIFFERENT TYPES OF ACTIVITIES BY DAYS OF THE WEEK 

Figure 7-5 presents the distribution of different types of scripts by days of the 

week. The compulsory scripts are mainly conducted from Monday to Friday. 

Maintenance scripts are more or less evenly distributed from Monday to Thursday 

and Saturday. Respondents are more likely to conduct the maintenance scripts on 

Friday, however less likely on Sunday mainly due to the opening hours in the 

Netherlands. For leisure scripts, the percentages of conducting leisure scripts are 

slightly higher for Saturday and Sunday than for other days. 

7.3.3.1  START TIME OF MAIN ACTIVITY IN DIFFERENT TYPES OF SCRIPTS 

Figures 7-6 to 7-8 display the distribution of start times for each main activity in 

compulsory, maintenance and leisure scripts. The horizontal axis represents the time 

of the day from 0 to 24 o’clock. The vertical axis represents the number of 

respondents conducting the activity. Each dot indicates the number of respondents 

starting the activity at certain time of day. It is clear that for some activities, such as 

non-daily shopping, post office, bank, health care, church and museum, the opening 

hours have significant effects on the start time of the activity. Some activities have 

clear patterns in that respondents prefer to do the activity during a certain time 

period. For example, respondents are inclined to go to restaurants during dinner time 

(16:30-20:00), and to go to concert/theater/show between 18:30 and 22:00. Due to 

constraints, most compulsory activities start between 6:30 to 9:00. To predict the 

start time of the activity in a script, we split the time based on peak hours in the 

Netherlands into five categories: before morning peak (0:00-6:30), morning peak (6:30 

0.00%

5.00%

10.00%

15.00%

20.00%

25.00%

Mon Tue Wed Thu Fri Sat Sun

Compulsory Maintenance Leisure
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to 9:00), after morning peak before evening peak (9:00-16:30), during evening peak 

(16:30-18:30) and after evening peak (18:30-24:00). 

7.3.3.2 ACTIVITY DURATION AND ELAPSED TIME FOR DIFFERENT TYPES OF SCRIPTS 

The distribution of main activity duration is displayed in Figures 7-9 to 7-11. The 

horizontal axis represents activity duration, while the vertical axis represents the 

number of respondents. The figure for compulsory scripts shows a clear regular 

pattern. The full time work duration ranges between 480 and 600 minutes. The 

distribution of part-time work duration has two peaks, which are around 300 and 500 

minutes per day. Most respondents spend less than 200 minutes per day for volunteer 

work. Due to the small number of respondents who participate in study activities in 

compulsory scripts, the distribution of study duration is difficulty to judge. 

For maintenance scripts, the figure displays some interesting findings. First, 

compared to other maintenance activities, daily shopping is the most frequently 

conducted maintenance activity. Second, most maintenance activities have more than 

one preferred duration. Third, the trip and activity component are difficult to 

distinguish for pick-up and drop-off activities as suggested by the high duration of 

pick-up and drop-off activities.  

 

 

FIGURE 7-6 DISTRIBUTION OF START TIME OF COMPULSORY ACTIVITY 
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FIGURE 7-7 DISTRIBUTION OF START TIME FOR MAINTENANCE ACTIVITIES 

 

 

FIGURE 7-8 DISTRIBUTION OF START TIME FOR LEISURE ACTIVITIES 
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FIGURE 7-8 CONTINUED 

 

 

 
FIGURE 7-9 DISTRIBUTION OF THE DURATION OF MAIN ACTIVITIES IN COMPULSORY 

SCRIPTS 

The going to Café/bar activity is underrepresented in leisure scripts. Most leisure 

activities show similar trends, although there are substantial fluctuations in the 

distribution of activity duration, and the distribution is not continuous. In part, this 

may be the result of the relatively small sample size  
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FIGURE 7-10 DISTRIBUTION OF THE DURATION OF MAIN ACTIVITIES IN 

MAINTENANCE SCRIPTS 

 
FIGURE 7-11 DISTRIBUTION OF DURATION OF MAIN ACTIVITIES IN LEISURE SCRIPTS 
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FIGURE 7-11 CONTINUED  

Figures 7-12 to 7-14 show the distribution of elapsed time for different activities. 

The horizontal axis represents the days of a month, while the vertical axis indicates 

the number of respondents. For main activities in compulsory scripts, the figures show 

smooth curves indicating that the number of respondents decreases with increasing 

elapsed time. It indicates that most respondents conduct compulsory activities 

frequently with relatively short intervals. For maintenance activities, most activities, 

except hair dressing, show a peak at 7 days (one week) indicating these activities have 

a strong weekly pattern. Except for daily shopping and church activities, there is 

another peak at 28 days indicating that many respondents conduct these activity once 

per month. Daily shopping is the most frequently repeated maintenance activity. 

There are many respondents who shop for daily products every 1 to 3 days. After 3 

days, there is a dramatic decrease in the number of respondents. However, another 

peak shows at 7 days, which indicates that some respondents conduct daily shopping 

once per week.  

The distribution of interval times for leisure activities in chosen scripts shows 

more variety. For cycling, walking around/dog walking and jogging, the figure shows 

that respondents are more likely to conduct these activities every 1-2 days. Club and 

doing sports activities display a weekly repeating pattern for most respondents. Some 

leisure activities (such as visiting park, café/bar, visiting family/friends and Hosting 

family/friends are mostly conducted every week. However, there are also many 

respondents conducted these activities every 2-4 weeks. The remaining leisure 

activities such as going to concert/theater/show, restaurants and museums show a 

monthly repeating pattern.  
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FIGURE 7-12 DISTRIBUTION OF ELAPSED TIME FOR MAIN ACTIVITIES IN 

COMPULSORY SCRIPTS 

 
FIGURE 7-13 DISTRIBUTION OF INTERVAL TIMES FOR MAIN ACTIVITIES IN 

MAINTENANCE SCRIPTS 
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FIGURE 7-14 DISTRIBUTION OF ELAPSED TIME FOR MAIN ACTIVITIES IN 

COMPULSORY SCRIPTS IN LEISURE SCRIPTS 

Table 7-3 presents the combination of activities in different types of scripts. It 

displays the percentage of combinations of activities that are observed in different 

types of scripts, the minimum/maximum duration, average duration and the average 

interval times for each activity. The first section of Table 6-2 shows the activities that 

appear with compulsory activities in compulsory scripts. In total, there are 931 non-

duplicated compulsory scripts. The activities that mostly are part of compulsory 

scripts in combination of compulsory activities are daily shopping and non-daily 

shopping activities. Each of the remaining activities that were observed in compulsory 

scripts showed up less than 10 times. The average duration of shopping activities is 

around 13 minutes. On average, they are combined with compulsory activities 3 times 

per month.  

The second section presents the same information about the combination of 
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two activities that are part of maintenance scripts are visiting family/friends and 

volunteer work. The third section presents the distribution of combination of activities 

in 4666 leisure scripts. Non-daily shopping is part of the 539 leisure scripts most 

frequently. The average duration of the activities that are included in the leisure 

scripts does not differ much from the average duration of these activities when they 

are the main activity in a script.  

7.3.3.3 TRIP DURATION IN DIFFERENT TYPES OF SCRIPTS 

Respondents were allowed to enter the complete trip details, including transit (origin 

location, transfer location, destination, modes, travel time, et al.) in the SINA system. 

Table 7-4 displays the transport modes, including multi-modal, and average travel 

time used for different kinds of scripts. The results indicate that not all combinations 

of modes are available or used. Respondents are more likely to use different 

combinations of transport modes to conduct compulsory scripts than for other scripts. 

The table clearly shows that car and slow modes are more frequently used compared 

to other transport modes for all different kinds of scripts.  

The distribution of travel times is presented in Figures 7-15 to 7-17. It shows the 

individual’s travel time for each transport mode in different scripts. For compulsory 

scripts, most respondents spend around 40 minutes by car, 60 minutes by public 

transit, 30 minutes by slow modes and 60 minutes by other modes. For maintenance 

and leisure scripts, the majority of respondents spend less time by all transport 

modes. Especially for maintenance trips, most respondents travel less than 30 

minutes by car or slow modes, and no more than 10 minutes by public transit/other 

modes.  

TABLE 7-3 AVERAGE DURATION AND INTERVAL TIMES OF ACTIVITIES IN SCRIPTS 

Activity type Share of the script Minimum Maximum 
Ave. 

duration 
Ave. lagged 

days 

Non-compulsory activities in compulsory scripts 

Restaurant 0.11% 121.00 121.00 121.00 9.6 
Daily shopping 6.44% 2.72 61.00 13.10 8.3 
Non-daily shopping 5.37% 2.72 91.00 12.64 9.2 
Club 0.11% 181.00 181.00 181.00 7.5 
Pick-up 0.43% 16.00 61.00 33.44 3.3 
Drop-off 0.54% 11.00 16.00 13.77 2.5 
Visiting family/friends 0.86% 8.00 301.00 55.98 9.4 
Hosting 0.11% 241.00 241.00 241.00 6.0 
Bar/café 0.11% 301.00 301.00 301.00 3.8 
Hair dressing 0.54% 3.67 91.00 15.70 13.3 
Health care 0.11% 61.00 61.00 61.00 14.5 
Bank 0.21% 6.00 6.00 6.00 2.5 
Post office 0.32% 2.01 11.00 5.10 12.5 
Sports center 0.64% 7.06 181.00 68.56 4.4 
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Activity type Share of the script Minimum Maximum 
Ave. 

duration 
Ave. lagged 

days 

Non-maintenance activities in maintenance scripts 

Full-time work 0.41% 510 600 553.2 2.0 
Part-time work 0.89% 120 540 240.3 3.8 
Volunteer work 6.13% 45 360 101.1 10.3 
Show/Concert 1.45% 50 50 50.0 11.0 
Cycling 4.27% 15 45 21.9 11.7 
Walking (the dog) 0.48% 45 60 53.0 2.3 
Restaurant 2.96% 30 180 96.3 10.8 
Bar/café 0.69% 30 30 30.0 3.1 
Museum 1.45% 60 60 60.0 11.0 
Doing Sports 1.45% 60 210 94.7 5.2 
Visiting family/friends 12.04% 10 420 85.5 8.7 

Non-leisure activities in leisure scripts 

Daily shopping 6.49% 10 90 21.8 8.9 
Non-daily shopping 11.55% 2 150 42.2 11.6 
Health care 0.64% 60 60 60.0 15.4 
Full-time work 0.49% 480 540 500.1 6.4 
Part-time work 0.15% 120 120 120.0 4.0 
Volunteer work 0.32% 60 60 60.0 6.1 
Drop-off 0.15% 10 10 10.0 4.0 
Pick-up 1.07% 15 30 22.4 11.6 
Bank 0.92% 5 10 6.4 12.0 
Hair dressing 1.09% 15 45 24.1 13.2 

 

TABLE 7-4 TRANSPORT MODES USE AND AVERAGE TRAVEL TIME 

Transport 

mode 

Compulsory scripts Maintenance scripts Leisure scripts 

No. of 

respondents 

Ave. travel 

time (min) 

No. of 

respondents 

Ave. travel 

time (min) 

No. of 

respondents 

Ave. travel 

time (min) 

Car  383 55.09 354 33.49 859 43.70 

Public  21 63.86 6 47.33 53 80.79 

Slow  276 39.84 434 19.58 953 31.16 

Other  29 56.97 11 15.55 18 46.67 

Car-Public 5 63.40 4 30.00 10 107.00 

Car-Slow 39 61.82 55 26.69 75 41.45 

Car-Other 3 80.00 1 20.00 - - - - 

Car-Public-

Slow 3 85.86 - - - - 13 100.38 

Public-Slow 61 101.97 8 65.50 78 90.68 

Slow-Other 3 42.33 - - - - - - - - 
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FIGURE 7-15 TRAVEL TIME DISTRIBUTION FOR COMPULSORY SCRIPTS 

 
FIGURE 7-16 TRAVEL TIME DISTRIBUTION FOR MAINTENANCE SCRIPTS 
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FIGURE 7-17 TRAVEL TIME DISTRIBUTION FOR LEISURE SCRIPTS 

 
FIGURE 7-18 DISTRIBUTION ON ENERGY PRICE POLICY SCENARIOS 
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TABLE 7-5 DISTRIBUTION OF ACTIVITY TYPES 

Activity Type Activity name Frequency 
Number of 

modifications 
Modification 
percentage 

Compulsory 

Full time work 1291 105 37.91% 
Part time work 383 28 10.11% 
Volunteer work 480 17 6.14% 

Study 90 1 0.36% 

Maintenance 

Non-daily shopping 1191 36 13.00% 
Daily shopping 1294 41 14.80% 
Visiting church 192 6 2.17% 
Hair dressing 390 15 5.42% 
Visiting bank 129 2 0.72% 
Health care 239 4 1.44% 

Drop-off 333 17 6.14% 
Pick-up 289 12 4.33% 

Visiting post office 104 0 0.00% 

Leisure 

Visiting park 180 2 0.72% 
Doing sports 579 22 7.94% 

Visiting bar/café/disco 136 2 0.72% 
Club activity 285 20 7.22% 

Jogging 210 1 0.36% 
Visiting show/concert 180 2 0.72% 

Visiting family 970 37 13.36% 
Cycling 804 5 1.81% 

Hosting/visiting  609 4 1.44% 
Visiting restaurant 320 12 4.33% 
Visiting museum 126 9 3.25% 

Walking (the dog) 728 7 2.53% 

7.3.3.4  ENERGY PRICE POLICIES AND ADAPTATION 

Further, we explored individual’s adaptation under different energy price policy 

scenarios. The data indicate that 28% of the respondents made adaptations under 

policy scenarios. Adaptations were made to 11% of 3606 scripts. These adaptations 

are related to 16 different energy price policies. As shown in Figure 7-18, around 22% 

of the adaptations happened under scenarios 3 and 11, which include a dramatic 

increase of the fuel price, fuel emission tax price and public transport fare tax. Few 

adaptations happened under scenario 16, which only involved the policy of a 20% 

increase in public transit fares. The results indicate that dramatically increasing energy 

prices may induce respondents to adapt their current scripts more often. 

To further explore which type of activities were mostly influenced by energy 

policies, the distribution of adaptations of various types of activities is presented in 

Table 7-5. In the survey, 25 habitual activity types were included. These 25 types of 

activities appeared 11595 times in total. Daily shopping, non-daily shopping and full-

time work appeared more frequently than other activities, which showed up 1294, 

1191 and 1291 times. The distribution of adaptations of different types of activities is 
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shown in Table 7-5. The results show that around 20% of compulsory activities and 13% 

of maintenance activities were adapted under the different scenarios, whereas only 

8.53% of leisure and social activities were adapted. It indicates that respondents are 

more willing to adapt compulsory activities instead of other activities to compensate 

the extra energy cost by energy policies. 

7.3.4 ESTIMATION RESULTS FOR DIFFERENT TYPES OF SCRIPTS 

Effect coding was used for days of the week, socio-demographic variables, start time 

of the activity and transport modes in estimating the models. The estimations were 

conducted with Matlab. The estimation results for compulsory, maintenance and 

leisure scripts are presented in Tables 7-6 to 7-8. Based on Rho-squared and adjusted 

Rho-squared, results indicate that the estimated model is significantly better than the 

null model. The estimated parameter, standard deviation, t-statistic and p-value are 

presented in the tables. Only the significant parameters will be interpreted in the 

following paragraphs.  

For compulsory scripts, the parameters of interactive effects of logarithm of 

activity duration and days of the week of all compulsory activities show that 

compulsory scripts are preferred to be conducted from Monday to Friday. The 

weekends have negative effects on the script utility. The utility of compulsory scripts 

is higher for males, older people, single people and people with a low household 

income. The start time of the main activity indicates the interactive effects of start 

time and logarithm of activity duration on the utility of the scripts. The higher the 

utility, the more preferred by the respondents. Thus, Table 7-6 indicates that full-time 

work tends to start before evening peak. The utility for part-time work is higher if it 

starts after 6.30am. The start time of volunteer work is before evening peak and after 

evening peak. The utility for study start time is higher before evening peak or after 

evening peak. The utility of an activity tends to increase with increasing of activity 

duration. However there is also evidence of interactive effects of regular time 

intervals and activity duration as indicated by the significant positive effects of the 

weekly pattern of all compulsory activities on script utility. The pattern has higher 

effects on volunteer work and study. The effects of elapsed number of days and the 

weekly pattern show that full-time work and part-time work are regularly conducted 

with a short interval. The script utility for volunteer work and study decreases with an 

increasing number of elapsed days within a week. The combined effect of the 

interactive effects of activity duration with weekly pattern and number of elapsed 

days indicates that the script has a higher utility if it is repeated every week. The 

estimated results are consistent with the distribution of the number of elapsed times 

(days) in Figure 7-12.  
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TABLE 7-6 ESTIMATION RESULTS FOR COMPULSORY SCRIPTS 

Goodness-of-fit 

Number of Observations 15421 Number of Paramenters 85 

LL(0) -37952.9 LL(b) -12164.2 

Rho square 0.679 Adjust Rho square 0.677 

AIC 1.5886     

Variable Coef SE t-statistic p-value 

Constant 3.898 0.047 83.520 0.000 

Socio-demographic 

Male 0.277 0.031 9.087 0.000 
Female -0.277       
Age-young -0.018 0.046 -0.401 0.344 
Age-middle -0.106 0.039 -2.714 0.003 
Age-old 0.124       
Low income household  0.204       
Middle income household  -0.041 0.032 -1.294 0.098 
High income household  -0.163 0.040 -4.120 0.000 
Single 0.140       
Couple without children -0.051 0.035 -1.459 0.072 
Couple with children -0.089 0.043 -2.071 0.019 

in
te

ra
ct

iv
e 

va
ri

ab
le

s 

Days of the 
week 
*duration of 
Full time work 

MON 0.350 0.016 21.948 0.000 
TUE 0.260 0.015 17.263 0.000 
WED 0.221 0.014 15.349 0.000 
THU 0.230 0.015 15.845 0.000 
FRI 0.129 0.013 10.043 0.000 
SAT -0.533 0.016 -34.012 0.000 
SUN -0.656       

Days of the 
week*duratio
n of part time 
work 

MON 0.253 0.022 11.557 0.000 
TUE 0.192 0.021 9.147 0.000 
WED 0.125 0.021 6.069 0.000 
THU 0.210 0.021 9.822 0.000 
FRI 0.042 0.020 2.076 0.019 
SAT -0.405 0.031 -12.970 0.000 
SUN -0.416       

Days of the 
week*duratio
n of volunteer 
work 

MON 0.120 0.024 4.900 0.000 
TUE 0.169 0.024 6.955 0.000 
WED 0.075 0.025 3.013 0.001 
THU 0.173 0.023 7.492 0.000 
FRI 0.023 0.027 0.859 0.195 
SAT -0.262 0.036 -7.323 0.000 
SUN -0.297       

Days of the 
week*duratio
n of study 

MON 0.277 0.049 5.711 0.000 
TUE 0.251 0.047 5.324 0.000 
WED 0.122 0.050 2.453 0.007 
THU 0.179 0.046 3.885 0.000 
FRI 0.017 0.046 0.356 0.361 
SAT -0.255 0.054 -4.753 0.000 
SUN -0.590       
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Variable Coef SE t-statistic p-value 

 

Start time * 
duration of 
full- time work 

Before morning peak 0.588       
Morning peak 0.598 0.013 46.804 0.000 
After MP before EP 0.514 0.020 25.835 0.000 
Evening peak -2.073 0.068 -30.556 0.000 
After evening peak 0.373 0.039 9.689 0.000 

in
te

ra
ct

iv
e 

va
ri

ab
le

s 

Start time * 
duration of 
part-time 
work 

Before morning peak -1.156       
Morning peak 0.427 0.018 24.463 0.000 
After MP before EP 0.429 0.023 18.834 0.000 
After evening peak 0.300 0.063 4.796 0.000 

Start time * 
duration of 
volunteer 
work 

Morning peak 0.077 0.023 3.411 0.000 
After MP before EP 0.202 0.018 10.954 0.000 
Evening peak -0.322 0.054 -6.013 0.000 
After evening peak 0.043       

Start time * 
duration of 
study 

Morning peak 0.384 0.038 10.119 0.000 
After MP before EP 0.499 0.033 15.216 0.000 
Evening peak -1.402 0.088 -15.864 0.000 
After evening peak 0.520       

Elapsed days * 
duration of 
compulsory 
activity 

Full-time work -0.050 0.004 -14.307 0.000 
Part-time work -0.034 0.005 -7.687 0.000 
Voluenteer work -0.025 0.003 -8.222 0.000 
Study -0.023 0.007 -3.356 0.000 

Weeklypatter
n* duration of 
compulsory 
activity 

Full-time work 0.210 0.064 3.298 0.000 
Part-time work 0.419 0.062 6.818 0.000 
Voluenteer work 0.937 0.043 21.891 0.000 
Study 0.952 0.112 8.525 0.000 

Elapsed days * 
duration of 
combined 
maintenance 
activity 

Daily shopping -0.030 0.005 -6.349 0.000 
Non-daily shopping -0.030 0.005 -6.354 0.000 
Pick-up -0.089 0.033 -2.675 0.004 
Drop-off 0.200 0.051 3.936 0.000 
Hair dressing -0.045 0.015 -3.084 0.001 
Health care -0.066 0.034 -1.967 0.025 
Bank 0.717 0.143 4.998 0.000 
Post office -0.052 0.023 -2.268 0.012 

Elapsed days * 
duration of 
combined 
leisure activity 

Restaurant -0.024 0.028 -0.844 0.199 
Club -0.035 0.020 -1.742 0.041 
Visiting family/friends -0.014 0.006 -2.292 0.011 
Hosting family/friends 0.004 0.018 0.241 0.405 
Bar -0.003 0.048 -0.064 0.475 
Sport -0.003 0.012 -0.260 0.398 

Transport mode 

Car 0.992       
Public 0.702 0.152 4.613 0.000 
Slow 1.013 0.067 15.141 0.000 
Other -0.014 0.219 -0.065 0.474 
Car & public 0.684 0.207 3.303 0.000 
Car & slow 0.683 0.095 7.218 0.000 
Car & other -0.987 0.335 -2.947 0.002 
Car & public & slow 0.235 0.179 1.311 0.095 

      



 
 

160 
 

Variable Coef SE t-statistic p-value 

Transport mode 
Public & slow 0.419 0.114 3.665 0.000 

Slow & other -3.727 0.482 -7.729 0.000 

Travel Time 

Car -0.000 0.001 -0.142 0.444 

Public 0.004 0.002 2.563 0.005 

Slow 0.003 0.001 3.294 0.000 

Other -0.014 0.004 -3.825 0.000 

Opportunity cost of 

money and time 

Fuel cost 2.701 1.766 1.530 0.063 

Fuel emission cost 0.730 3.268 0.223 0.412 

Public transit cost 1.168 6.164 0.189 0.425 

Maintenance cost 0.002 0.009 0.190 0.425 

Time cost 1.253 1.395 0.898 0.185 

Combined 

opportunity cost  

Money cost 0.090 0.005 20.078 0.000 

Time cost 1.061 0.609 1.743 0.041 

 

The significant interactive effects of lagged days and logarithm of non-

compulsory activity duration suggests that the compulsory scripts utility increased 

with increasing activity durations and the number of elapsed days for drop off and 

bank activities, and decrease with increasing activity duration and number of elapsed 

days for daily shopping, non-daily shopping, pick-up, hair dressing, health care, going 

to post office, going to club and visiting family/friends activities in compulsory scripts. 

The transport mode parameters represent respondents’ preference for certain types 

of transport modes. The highly positive and significant effect for car/public and 

car/slow indicates that the combination of car and public or car and slow transport is 

preferred if it is available. The estimated coefficients for travel time of pubic and slow 

modes indicate that utility  slightly increases with increasing travel time by slow 

modes, which may suggest a “positive utility” within some range (Redmond & 

Mokhtarian, 2001).  

Finally, the parameters for opportunity costs of time and money indicate how 

much utility that 1 unit of money or time generates is equal to when it would be 

spend in other ways. If we combine the expenditure to assume that 1 euro has the 

same effect on individuals, the results suggest that 1 euro involves a loss of 0.090 

utility if it would have been spent in other ways rather than spending it on out-of-

home compulsory scripts. To invest respondents’ reactions to different policies, the 

expenditure was divided into four parts: fuel cost, fuel emission costs caused by 

emission policy, public fare and maintenance fee to test opportunity costs differences 

by source of energy cost. However, the differences are not significant for compulsory 

scripts. 

Table 7-7 presents the estimation results for maintenance scripts. Considering 

the socio-demographic characteristics, the results show that the maintenance script 
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utility is higher for people older than 35 years of age having a low to middle 

household income, are single or part of a couple with children conduct more 

maintenance scripts than other socio-demographic groups.  

The estimated parameters for the interactive effects of days of the week and 

logarithm of activity duration indicate that respondents prefer to conduct non-daily 

shopping scripts on Tuesday and Saturday, while, daily shopping from Tuesday to 

Saturday, especially on Friday. People prefer to going to bank on non-weekends days, 

going to hair dressing on Friday or Saturday, going to health care center from Monday 

to Thursday instead of Saturday. People prefer not to go to church on Monday. The 

pick-up activity is more preferred to be conducted on Wednesday and Thursday, while 

less prefer to be on Saturday. While, people will gain utility if they conduct drop-off 

activity on Wednesday. The significant positive parameters indicate that the script 

utility increases if the activity starts at these time periods. Vice versa, the negative 

parameters indicate the negative effects of start time on script utility.  

By exploring the significant parameters of the interactive effects of start time 

and activity duration for maintenance activities, the results indicate that the daily-

shopping is less preferred to start before morning peak while, non-daily shopping 

activity is less preferred to start during evening peak. The going to post office activity 

is less preferred to start during evening peak. The going to bank and going to hair 

dressing activities are less preferred to be conducted after morning peak and before 

evening peak. Going to health care center is more preferred to start before evening 

peak. Going to church activity is more preferred to start during evening peak or after. 

The pick-up activity is preferred to start after the morning peak, while the drop-off 

activity is preferred to start during the morning peak or after the evening peak.  

The weekly patterns of all maintenance activities, especially the drop-off, pick-up 

and going to church activity, show significant positive effects on script utility. The 

interactive effects between number of lagged days and activity duration for all main 

activities in maintenance scripts have negative effects on the maintenance script 

utility. Individuals’ preference for the frequency of conducting certain scripts is 

reflected in the combined effects of number of elapsed days and weekly patterns.  

The estimated coefficients for the attributes of the combination of activities in 

maintenance scripts suggest that maintenance scripts’ utility increases if full-time 

work, part-time work, concert/theater/show, walking (the dog), bar/café, museum 

and/or sport activities are included in maintenance scripts. Moreover, the script utility 

increases with the amount of time spent on these activities and the elapsed days 

increasing on these activities. 
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TABLE 7-7 ESTIMATION RESULTS FOR MAINTENANCE SCRIPTS 

Goodness-of-fit 

Number of Observations 13525 Number of Paramenters 131 

LL(0) -38304.8 LL(b) -15998.3 

Rho_2 0.582 Adj_Rho_2 0.579 

AIC 2.3851 
 

131 

Variable Coef SE t-statistic p-value 

Constant 4.059 0.044 91.508 0.000 

Socio-

demographic 

Male 0.373 0.031 12.042 0.000 

Female -0.373 
   

Age-young -0.575 0.053 -10.947 0.000 

Age-middle 0.240 0.044 5.441 0.000 

Age-old 0.334 
   

Low income household  0.350 
   

Middle income household  0.276 0.031 8.880 0.000 

High income household  -0.627 0.041 -15.136 0.000 

Single 0.116 
   

Couple without children -0.302 0.038 -7.953 0.000 

Couple with children 0.186 0.048 3.849 0.000 

in
te

ra
ct

iv
e 

va
ri

ab
le

s 

Days of the 
week *duration 
of non-daily 
shopping 

MON -0.051 0.091 -0.559 0.288 
TUE 0.133 0.075 1.769 0.038 
WED 0.065 0.085 0.767 0.222 
THU 0.107 0.082 1.306 0.096 
FRI 0.081 0.081 1.001 0.158 
SAT 0.214 0.081 2.654 0.004 
SUN -0.549 

   

Days of the 
week*duration 
of daily 
shopping 

MON 0.065 0.015 4.231 0.000 
TUE 0.078 0.016 4.829 0.000 
WED 0.073 0.016 4.434 0.000 
THU 0.082 0.016 4.999 0.000 
FRI 0.146 0.015 9.483 0.000 
SAT 0.044 0.017 2.668 0.004 
SUN -0.488 

   

Days of the 
week*duration 
of  going to post 
office 

MON 0.837 0.143 5.855 0.000 
TUE 0.820 0.155 5.288 0.000 
WED 0.900 0.153 5.863 0.000 
THU 1.106 0.151 7.313 0.000 
FRI 0.777 0.153 5.069 0.000 
SAT -0.566 0.421 -1.343 0.090 
SUN -3.874 

   

Days of the 
week*duration 
of going to bank 

MON 0.160 0.119 1.346 0.089 
TUE 0.078 0.126 0.622 0.267 
WED 0.189 0.133 1.417 0.078 
THU 0.100 0.15 0.664 0.253 
FRI 0.168 0.118 1.423 0.077 
SAT -0.133 0.195 -0.681 0.248 
SUN -0.561 
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 Variable Coef SE t-statistic p-value 

 
Days of the 
week*duration of 
going to hair 
dressing 

MON -0.056 0.059 -0.961 0.168 

TUE 0.012 0.045 0.271 0.393 

WED 0.064 0.047 1.374 0.085 

THU 0.071 0.049 1.456 0.073 

FRI 0.078 0.043 1.823 0.034 

n
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SAT 0.112 0.046 2.448 0.007 

SUN -0.281 
   

Days of the 
week*duration of 
going to health care 

MON 0.085 0.042 2.029 0.021 
TUE 0.109 0.011 9.991 0.000 
WED 0.139 0.043 3.211 0.001 
THU 0.082 0.043 1.899 0.029 
FRI -0.014 0.048 -0.300 0.382 
SAT -0.235 0.065 -3.618 0.000 
SUN -0.166 

   

Days of the 
week*duration of 
going to church 

MON -0.257 0.141 -1.818 0.035 
TUE 0.102 0.066 1.533 0.063 
WED 0.003 0.081 0.040 0.484 
THU -0.206 0.139 -1.477 0.070 
FRI -0.184 0.139 -1.324 0.093 
SAT 0.110 0.077 1.439 0.075 
SUN 0.431 

   

Days of the 
week*duration of 
pick-up 

MON -0.085 0.053 -1.592 0.056 
TUE -0.017 0.052 -0.324 0.373 
WED 0.197 0.044 4.445 0.000 
THU 0.104 0.05 2.087 0.018 
FRI 0.047 0.048 0.988 0.161 
SAT -0.100 0.052 -1.920 0.027 
SUN -0.146 

   

Days of the 
week*duration of 
drop-off 

MON 0.005 0.048 0.096 0.462 
TUE -0.016 0.051 -0.31 0.378 
WED 0.085 0.041 2.091 0.018 
THU 0.058 0.046 1.258 0.104 
FRI 0.033 0.044 0.748 0.227 
SAT -0.039 0.047 -0.833 0.203 
SUN -0.126 

   
Start time of non-
daily 
shopping*duration  

Morning peak 0.218 
   

After MP before EP -0.120 0.087 -1.374 0.085 
Evening peak -0.098 0.049 -2.003 0.023 

Start time of daily 
shopping*duration  

Before morning peak -1.907 0.078 -24.583 0.000 
Morning peak 0.402 0.025 16.091 0.000 
After MP before EP 0.475 0.017 28.193 0.000 
Evening peak 0.594 0.028 21.262 0.000 
After evening peak 0.437 

   
Start time of going 
to post 
office*duration  

Morning peak 0.366 
   

After MP before EV 0.105 0.122 0.864 0.194 
Evening peak -0.471 0.088 -5.347 0.000 

Start time of going 
to bank *duration 

After MP before EV -0.249 0.084 -2.954 0.002 
Evening peak 0.249 
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Variable Coef SE t-statistic p-value 

Start time of going 
to hair 
dressing*duration  

Morning peak -0.280 0.051 -5.480 0.000 
After MP before EV -0.355 0.031 -11.494 0.000 
Evening peak -0.079 0.062 -1.276 0.101 
After evening peak 0.714 

   
Start time of going 
to health 
care*duration  

Morning peak 0.212 0.036 5.847 0.000 
After MP before EV 0.320 0.031 10.407 0.000 
Evening peak -0.533 

   

Start time of going 
to church*duration  

Morning peak -0.150 0.058 -2.598 0.005 
After MP before EV -0.230 0.039 -5.904 0.000 
Evening peak 0.311 0.096 3.243 0.001 
After evening peak 0.069 

   

Start time of pick-
up*duration  

Before morning peak -0.575 0.121 -4.756 0.000 
Morning peak -0.172 0.107 -1.616 0.053 
After MP before EV 0.286 0.033 8.620 0.000 
Evening peak 0.316 0.058 5.465 0.000 
After evening peak 0.144 

   

Start time of drop-
off*duration  

Morning peak 0.218 0.030 7.301 0.000 
After MP before EV -0.154 0.041 -3.804 0.000 
Evening peak -0.139 0.043 -3.208 0.001 
After evening peak 0.075 

   

Weekly pattern 
*duration of 
maintenance 
activity 

Non-daily shopping 0.248 0.079 3.142 0.001 
Daily shopping 0.549 0.027 20.446 0.000 
Post office 0.590 0.172 3.427 0.000 
Bank 0.750 0.120 6.248 0.000 
Hair dressing 0.515 0.045 11.438 0.000 
Health care 0.388 0.053 7.282 0.000 
Church 0.624 0.075 8.298 0.000 
Pick-up 0.772 0.055 14.003 0.000 
Drop-off 0.807 0.051 15.684 0.000 

Lagged days 
*duration of  
maintenance 
activity 

Non-daily shopping -0.013 0.005 -2.707 0.003 
Daily shopping -0.055 0.003 -19.836 0.000 
Post office -0.027 0.009 -2.942 0.002 
Bank -0.007 0.007 -1.126 0.130 
Hair dressing -0.004 0.002 -2.053 0.020 
Health care -0.032 0.003 -10.225 0.000 
Church -0.028 0.005 -5.845 0.000 
Pick-up -0.025 0.003 -7.668 0.000 
Drop-off -0.013 0.003 -4.692 0.000 

Elapsed days * 
duration of 
compulsory activity  

Full-time work 0.159 0.029 5.417 0.000 
Part-time work 0.069 0.017 4.055 0.000 
Volunteer work -0.004 0.005 -0.807 0.210 

Elapsed 
days*duration of 
leisure activity  

Concert/theater/show 0.019 0.014 1.440 0.075 
Cycling -0.013 0.007 -1.805 0.036 
Walking (the dog) 0.203 0.029 6.924 0.000 
Restaurant 0.007 0.007 0.937 0.174 
Bar/café 0.052 0.022 2.305 0.011 
Museum 0.025 0.014 1.863 0.031 
Sport 0.081 0.011 7.294 0.000 
Visiting family/friends -0.007 0.005 -1.418 0.078 
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Variable Coef SE t-statistic p-value 

Transport mode 

Car 0.949 
   

Public -0.683 0.513 -1.332 0.091 

Slow 1.757 0.065 26.991 0.000 

Other 2.966 0.286 10.378 0.000 

Car & public -0.513 0.441 -1.163 0.122 

Car & slow 0.888 0.102 8.750 0.000 

Transport mode 
Car & other -5.906 0.993 -5.948 0.000 

Public & slow 0.543 0.312 1.740 0.041 

Travel time 

Car -0.006 0.001 -4.468 0.000 

Public 0.015 0.005 3.181 0.001 

Slow -0.004 0.002 -2.208 0.014 

Other -0.078 0.017 -4.662 0.000 

Opportunity cost of 

money and time 

Fuel cost 46.514 347.244 0.134 0.447 

Public transit cost 12.2 0.000 0.000 0.500 

Maintenance cost 12.11 0.000 0.000 0.500 

Time cost 13.105 595.197 -0.022 0.491 

Combined opportunity 

cost  

Money cost 78.739 1301.187 0.061 0.476 

Time cost 21.564 1380.147 0.016 0.494 

 

The estimated coefficients for transport modes indicate that utility increased if 

travel is made by car, slow modes, other modes, car & slow and public & slow modes. 

The utility is lower if respondents use public transit, car/public and slow modes for 

maintenance scripts. Moreover, the strong positive effect of other modes compared 

to the negative effect of the base mode (car) indicates that if other modes are 

available, they prefer to use other modes instead of the car for maintenance scripts. 

The parameters of travel time indicate how script utility is influenced by unit of travel 

time. The results show that people gain utility with increasing travel time by public 

transit, while they lose utility by car, slow modes and other modes. No significant 

effect is found for the opportunity costs of time and money, which may signal that 

maintenance activities cater to basic needs of living and therefore are not inclined to 

trade it for any other products or activities. 

Leisure scripts results are presented in Table 7-8. The socio-demographic 

variables show that the utility of leisure scripts is higher for people older than 35 years 

of age than for younger people. Similarly, the utility of leisure scripts is higher for 

people whose household income is below 65,000 euros per year, and for people who 

do not have children in their household. In general, respondents prefer to conduct 

leisure scripts during weekends, and less on weekdays, which is quite reasonable 

considering the schedule of other types of activities. To be more specific, the 

interactive effects of activity duration and days of the week indicate that 

concert/show activity is preferred on Friday and Saturday. Cycling activity is preferred 
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on Tuesday and Thursday. The club activity is preferred to be conducted on Monday, 

Thursday and Saturday, while not preferred to be on Friday. The walking (the dog) 

activity is preferred on Tuesday. Going to park, going to bar/café and going to 

restaurant activities are all preferred to be conducted on weekends. The interactive 

parameters of start time and logarithm of activity duration for leisure activities 

present the effects of time of the day on the utility of leisure scripts. The significant 

effects indicate that cycling and club activities are preferably  conducted during peak 

hours. Walking (the dog) is preferably conducted either in the morning or after 

evening peak. People prefer to go to restaurant after morning peak. Moreover, people 

prefer to conduct hosting friends/family during evening peak or later. People prefer to 

conduct jogging activity either in the middle of the day or after evening peak. 

The interactive effects between activity duration and weekly pattern show 

significant positive effects on the utility of all leisure scripts, while the interactive 

effects with number of elapsed days has negative effects. It indicates that strong 

patterns exist in the leisure script data, with most scripts having 1-2 weeks intervals. 

The results pertaining to combinations of activities show that script utility increases 

with either the amount of time people spend on the combination of full-time work, 

volunteer work and drop off or the increasing of elapsed days of these activities when 

it is combined. Verse vice, the script utility decreased with the amount of time spend 

on and number of days ago the combination of non-daily shopping, daily shopping, 

going to heather care center, going to bank and going to hair dressing. The 

parameters of transport modes reflect people’s preference of transport modes 

compared to the base mode, which is car. The results indicate that slow modes, 

car/slow modes and public/slow modes gain more utility for leisure scripts than car. 

Parameters of travel time by different transport modes show negative effects on 

script utility, which reflect the fact that people need to put effort when travelling.  

Last, we estimated the opportunity costs for money and time. The results 

indicate that 1 euro spent on leisure trip equals a loss of 3 units of utility if it will be 

spent in other ways. The differentiate costs could not be estimated in leisure scripts 

due to strong correlations. Comparing to previous results, we found that energy price 

policy has a stronger significant effect on individuals’ leisure scripts than compulsory 

and maintenance scripts, which indicate that people are more willing to low their cost 

boundary to keep the current scripts instead of making adaptation. 

TABLE 7-8 ESTIMATION RESULTS FOR LEISURE SCRIPTS 

Goodness-of-fit 

Number of observations 18481.000 Number of parameters 122.000 

LL(0) -52731.003 LL(b) -28260.379 

Rho_2 0.464 Adj_Rho_2 0.461 

AIC 3.076     
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Variables Coef Std.error t-statistic p-value 

Constant 2.745 0.024 115.707 0.000 

Socio-demographic 

Male 0.593 0.023 25.525 0.000 

Female -0.593 

 

    

Age-young -1.065 0.037 -28.884 0.000 

Age-middle 0.568 0.031 18.417 0.000 

Age-old 0.498 

 

    

Low income household  0.302 

 

    

Middle income household  0.470 0.022 20.991 0.000 

High income household  -0.772 0.030 -25.714 0.000 

Single 0.471 

 

    

Couple without children 0.078 0.027 2.858 0.002 

Couple with children -0.549 0.035 -15.851 0.000 
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Days of the 
week 
*duration of 
concert 

MON 0.033 0.058 0.560 0.288 
TUE -0.015 0.059 -0.245 0.403 
WED -0.037 0.062 -0.606 0.272 
THU 0.037 0.054 0.688 0.246 
FRI 0.084 0.046 1.817 0.035 
SAT 0.132 0.046 2.871 0.002 
SUN -0.235       

Days of the 
week 
*duration of 
cycling 

MON -0.033 0.019 -1.746 0.040 
TUE 0.060 0.016 3.677 0.000 
WED 0.001 0.018 0.054 0.479 
THU 0.030 0.017 1.709 0.044 
FRI -0.032 0.018 -1.737 0.041 
SAT -0.023 0.019 -1.249 0.106 
SUN -0.003       

Days of the 
week 
*duration of 
club 

MON 0.096 0.025 3.912 0.000 
TUE 0.024 0.030 0.816 0.207 
WED 0.021 0.028 0.755 0.225 
THU 0.052 0.026 1.984 0.024 
FRI -0.105 0.032 -3.262 0.001 
SAT 0.010 0.030 0.342 0.366 
SUN -0.099       

Days of the 
week 
*duration of 
walking (the 
dog) 

MON 0.011 0.016 0.673 0.251 
TUE 0.028 0.016 1.749 0.040 
WED 0.003 0.017 0.184 0.427 
THU -0.006 0.017 -0.338 0.368 
FRI -0.031 0.017 -1.787 0.037 
SAT -0.009 0.017 -0.550 0.291 
SUN 0.003       

Days of the 
week 
*duration of 
going to park 

MON -0.184 0.071 -2.608 0.005 
TUE -0.032 0.057 -0.563 0.287 
WED -0.053 0.059 -0.912 0.181 
THU -0.058 0.056 -1.047 0.148 
FRI 0.009 0.055 0.173 0.431 
SAT 0.155 0.043 3.607 0.000 
SUN 0.164       
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Variables Coef Std.error t-statistic p-value 
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Days of the 

week 

*duration of 

going to 

café/bar 

MON -0.044 0.050 -0.871 0.192 

TUE -0.138 0.059 -2.354 0.009 

WED -0.100 0.052 -1.926 0.027 

THU -0.034 0.047 -0.715 0.237 

FRI 0.089 0.039 2.279 0.011 

SAT 0.190 0.035 5.510 0.000 

SUN 0.035       

Days of the 

week 

*duration of 

going to 

restaurant 

MON -0.244 0.058 -4.197 0.000 

TUE -0.073 0.045 -1.641 0.050 

WED -0.043 0.042 -1.017 0.154 

THU 0.004 0.038 0.105 0.458 

FRI 0.094 0.033 2.842 0.002 

SAT 0.156 0.028 5.571 0.000 

SUN 0.106       

Days of the 

week 

*duration of 

going to 

museum 

MON -0.078 0.072 -1.085 0.139 

TUE -0.081 0.071 -1.131 0.129 

WED 0.114 0.051 2.234 0.013 

THU 0.002 0.058 0.042 0.483 

FRI -0.011 0.063 -0.172 0.432 

SAT 0.017 0.050 0.347 0.364 

SUN 0.036 

   

Days of the 

week 

*duration of 

going to sport 

center 

MON 0.085 0.019 4.480 0.000 

TUE 0.103 0.019 5.512 0.000 

WED 0.029 0.020 1.481 0.069 

THU 0.092 0.019 4.886 0.000 

FRI 0.008 0.020 0.383 0.351 

SAT -0.065 0.023 -2.843 0.002 

SUN -0.252 

   

Days of the 

week 

*duration of 

visiting 

friends/family 

MON -0.065 0.021 -3.067 0.001 

TUE -0.062 0.022 -2.875 0.002 

WED -0.046 0.020 -2.265 0.012 

THU -0.063 0.021 -2.930 0.002 

FRI 0.029 0.019 1.577 0.057 

SAT 0.098 0.016 6.317 0.000 

SUN 0.108 

   
Days of the 

week 

*duration of 

receiving 

visting from 

friends/family 

MON -0.118 0.028 -4.244 0.000 

TUE -0.021 0.022 -0.936 0.175 

WED -0.036 0.023 -1.546 0.061 

THU -0.082 0.026 -3.099 0.001 

FRI 0.012 0.021 0.550 0.291 

SAT 0.139 0.017 8.211 0.000 

SUN 0.106 
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Variables Coef Std.error t-statistic p-value 
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Days of the 
week 
*duration of 
jogging 

MON 0.096 0.033 2.894 0.002 
TUE -0.183 0.050 -3.632 0.000 
WED 0.088 0.034 2.590 0.005 
THU 0.011 0.038 0.290 0.386 
FRI -0.172 0.048 -3.568 0.000 
SAT 0.056 0.034 1.636 0.051 
SUN 0.104       

Start time of 
going to 
concert 

After MP before EV 0.124 0.080 1.542 0.062 
Evening peak 0.090 0.079 1.137 0.128 
After evening peak -0.213       

Start time of 
cycling 

Before morning peak -0.141 0.042 -3.366 0.000 
Morning peak 0.157 0.019 8.444 0.000 
After MP before EV 0.125 0.011 11.284 0.000 
Evening peak 0.104 0.030 3.493 0.000 
After evening peak -0.246       

Start time of 

going to club 

Before morning peak -0.117 0.072 -1.630 0.052 

Morning peak 0.139 0.033 4.202 0.000 

After MP before EV -0.121 0.025 -4.792 0.000 

Evening peak 0.159 0.052 3.068 0.001 

After evening peak -0.060       

Start time of 

walking (the 

dog) 

Before morning peak -0.688 0.033 -20.679 0.000 

Morning peak 0.428 0.014 30.337 0.000 

After MP before EV 0.239 0.011 21.885 0.000 

Evening peak -0.118 0.024 -4.939 0.000 

After evening peak 0.139       

Start time of 

going to park 

Morning peak 0.086 0.054 1.596 0.055 

After MP before EV -0.066 0.029 -2.281 0.011 

Evening peak -0.020       

Start time of 

going to 

bar/café 

Before morning peak -0.036 0.074 -0.488 0.313 

Morning peak 0.005 0.047 0.098 0.461 

After MP before EV 0.087 0.056 1.571 0.058 

Evening peak -0.056       

Start time of 

going to 

restaurant 

Morning peak -0.156       

After MP before EV 0.291 0.051 5.744 0.000 

Evening peak 0.055 0.033 1.671 0.047 

After evening peak -0.190 0.028 -6.908 0.000 

Start time of 

going to sport 

Morning peak -0.029 0.016 -1.815 0.035 

After MP before EV -0.009 0.014 -0.607 0.272 

Evening peak 0.020 0.023 0.880 0.189 

After evening peak 0.017       

Start time of 

visiting 

family/friends 

Morning peak 0.094 0.025 0.846 0.199 

After MP before EV -0.073 0.012 -6.019 0.000 

Evening peak 0.016 0.019 0.824 0.205 

After evening peak -0.037       
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Variables Coef Std.error t-statistic p-value 
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Start time of 

hosting 

family/friends 

Morning peak -0.101 0.030 -3.390 0.000 

After MP before EV -0.010 0.014 -0.674 0.250 

Evening peak 0.110 0.022 5.131 0.000 

After evening peak 0.000       

Start time of 

jogging 

Morning peak -0.148 0.036 -4.102 0.000 

After MP before EV 0.057 0.024 2.359 0.009 

Evening peak -0.118 0.044 -2.695 0.004 

After evening peak 0.209       

Weekly 

pattern 

*duration of 

leisure activity 

Concert/theater 0.398 0.050 7.907 0.000 

Cycling 0.395 0.024 16.784 0.000 

Club 0.640 0.030 21.197 0.000 

Walking (the dog) 0.178 0.032 5.528 0.000 
Park 0.565 0.054 10.493 0.000 
Café 0.294 0.045 6.547 0.000 
Restaurant 0.399 0.033 12.232 0.000 
Museum 0.421 0.059 7.158 0.000 
Sport 0.582 0.024 24.177 0.000 
Visiting family/friends 0.459 0.018 24.928 0.000 
Hosting family/friends 0.381 0.021 18.434 0.000 
Jogging 0.275 0.049 5.617 0.000 

Lagged days 

*duration of  

leisure  

Concert/theater -0.004 0.002 -1.876 0.030 

Cycling -0.020 0.001 -15.466 0.000 

Club -0.026 0.002 -12.241 0.000 

Activity Walking (the dog) -0.015 0.002 -9.183 0.000 

 
Park -0.021 0.003 -7.573 0.000 

Lagged days 

*duration of  

leisure  

Activity 

Café -0.010 0.003 -3.613 0.000 

Restaurant -0.009 0.002 -5.492 0.000 

Museum -0.014 0.003 -5.581 0.000 

Sport -0.024 0.002 -14.002 0.000 

Visiting family/friends -0.014 0.001 -13.001 0.000 

Hosting family/friends -0.014 0.001 -12.021 0.000 

Jogging -0.007 0.003 -2.312 0.010 

Elapsed days * 
duration of 
compulsory 
activity in 
leisure scripts 

Full-time work 0.019 0.010 1.959 0.025 

Part-time work -0.024 0.018 -1.335 0.091 

Volunteer work 0.045 0.021 2.163 0.015 

Elapsed 

days*duration 

of 

maintenance 

activities in 

leisure scripts 

Non-daily shopping -0.016 0.005 -3.383 0.000 

Daily shopping -0.012 0.003 -4.163 0.000 

Going to health care center -0.016 0.007 -2.289 0.011 

Drop-off 0.134 0.048 2.773 0.003 

Pick-up 0.006 0.009 0.659 0.255 

Going to bank -0.032 0.018 -1.778 0.038 

Going to hair dressing -0.030 0.012 -2.494 0.006 
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Variables Coef Std.error t-statistic p-value 

Transport mode 

Car 0.020       
Public -0.303 0.212 -1.430 0.076 
Slow 0.818 0.041 20.139 0.000 
Other 0.055 0.228 0.241 0.405 
Car & public -1.421 0.478 -2.970 0.001 
Car & slow 0.294 0.102 2.875 0.002 
Car & other -0.295 0.299 -0.986 0.162 
Public & slow 0.832 0.140 5.963 0.000 

Travel time 

Car -0.006 0.001 -4.876 0.000 
Public -0.010 0.002 -5.416 0.000 
Slow -0.005 0.001 -6.351 0.000 
Other -0.005 0.003 -1.386 0.083 

opportunity cost of 
money and time 

Money cost 3.011 1.551 1.941 0.026 
Time cost 1.610 1.379 1.168 0.122 

 

7.3.5 ESTIMATION RESULTS FOR SCRIPTS ADAPTATION 

This section presents the results of the MNL model estimated to differentiate the 

effects of trip cost and additional cost incurred due to energy policies on their effects 

on individual’s script adaptation. Since duration is not influenced by additional energy 

policies, the opportunity cost of time was removed from the estimation. The results 

with only opportunity cost of expenditure and opportunity cost of extra energy 

expenditure are shown in Tables 7-9 to 7-11.  

Overall, the goodness-of-fit statistic indicates that the model’s overall 

performance is fine (Rho-square 0.2 to 0.3). Most of the estimated parameters are 

very similar (sign, scale and significance) to the results presented in Tables 7-6 to 7-9. 

Therefore, only additional expenditure effects and significant different parameters 

will be discussed in this section.  

The effects of additional expenditures show that the effects of extra cost on the 

utility of all three different types of scripts are significant and negative. The 

parameters indicate that an individual will lose 0.008 to 0.056 utility with an increase 

of one euro in energy costs  

For compulsory scripts, a few estimated parameters are significantly different 

from previous results. Instead of the negative effects found for the young age group, 

the  current significant positive effects for the  young age group indicates that young 

people who are less than 35 years old conducted more compulsory activities. The 

start time of volunteer work indicates that people would gain utility by conducting 

volunteer work during the afternoon peak (16:30 – 18:00). The estimated parameters 

for the basic preference of other transport mode shows two significant different 

results in Table 7-9. The estimated coefficients for travel time of public transit turns 

into significant negative effects, which indicates that people would reduce 0.011 
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utility by an increase of one minute travel time by public transit for compulsory 

scripts.  

TABLE 7-9 ESTIMATED RESULTS FOR COMPULSORY SCRIPTS ADAPTATION  

Goodness-of-fit 

Number of Observations 15421 Number of Parameters 84 
LL(0) -15963.6393 LL(b) -10728.9 
Rho_2 0.328 AIC 1.402 

Variable Coef SE z |z|>Z* 

Constant 0.695 0.077 9.020 0.000 

Socio-
demographic 

Male 0.092 0.031 2.950 0.003 
Female -0.092       
Age-young 0.288 0.048 5.970 0.000 
Age-middle -0.227 0.040 -5.680 0.000 
Age-old -0.061       
Low income household  0.173       
Middle income household  -0.083 0.032 -2.580 0.010 
High income household  -0.090 0.040 -2.240 0.025 
Single 0.013       
Couple without children -0.070 0.035 -1.970 0.049 
Couple with children 0.057 0.044 1.300 0.193 

in
te

ra
ct

iv
e 

va
ri

ab
le

s 

Days of the 
week *Duration-
Fulltime work 

MON 0.380 0.016 23.740 0.000 
TUE 0.265 0.015 17.850 0.000 
WED 0.224 0.014 15.810 0.000 
THU 0.228 0.014 16.060 0.000 
FRI 0.133 0.013 10.450 0.000 
SAT -0.548 0.017 -31.440 0.000 
SUN -0.682       

Days of the 
week*Duration-
Parttime work 

MON 0.280 0.023 12.100 0.000 
TUE 0.211 0.022 9.680 0.000 
WED 0.144 0.022 6.670 0.000 
THU 0.228 0.022 10.280 0.000 
FRI 0.061 0.021 2.860 0.004 
SAT -0.453 0.040 -11.220 0.000 
SUN -0.472       

Days of the 
week*Duration-
Volunteer work 

MON 0.112 0.024 4.590 0.000 
TUE 0.148 0.024 6.150 0.000 
WED 0.037 0.025 1.480 0.138 
THU 0.121 0.023 5.240 0.000 
FRI -0.011 0.026 -0.430 0.670 
SAT -0.186 0.030 -6.160 0.000 
SUN -0.220       

Days of the 
week*Duration-
Study 

MON 0.273 0.050 5.410 0.000 
TUE 0.297 0.051 5.780 0.000 
WED 0.115 0.053 2.160 0.031 
THU 0.151 0.050 3.030 0.003 
FRI 0.026 0.048 0.530 0.594 
SAT -0.292 0.057 -5.090 0.000 
SUN -0.569       
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Variable Coef SE z |z|>Z* 
in

te
ra

ct
iv

e 
va

ri
ab

le
s 

Start time * 
duration of full- 
time work 

Before morning peak 0.237       
Morning peak 0.234 0.013 17.340 0.000 
After MP before EP 0.155 0.020 7.770 0.000 
Evening peak -0.673 0.061 -11.000 0.000 
After evening peak 0.047 0.034 1.380 0.168 

Start time * 
duration of Part-
time work 

Before morning peak 0.009       
Morning peak 0.051 0.020 2.570 0.010 
After MP before EP 0.038 0.025 1.510 0.132 
After evening peak -0.098 0.076 -1.290 0.196 

Start time * 
duration of 
volunteer work 

Morning peak -0.060 0.020 -2.980 0.003 
After MP before EP -0.057 0.017 -3.380 0.001 
Evening peak 0.142 0.036 3.910 0.000 
After evening peak -0.025       

Start time * 
duration of 
study 

Morning peak 0.122 0.037 3.270 0.001 
After MP before EP 0.100 0.035 2.860 0.004 
Evening peak -0.392 0.089 -4.430 0.000 
After evening peak 0.170       

Days ago * 
duration of 
compulsory 
activity 

Full-time work -0.061 0.004 -16.160 0.000 
Part-time work -0.036 0.005 -7.650 0.000 
Volunteer work -0.053 0.004 -14.300 0.000 
Study -0.059 0.008 -7.240 0.000 

Weekly pattern* 
duration of 
compulsory 
activity 

Full-time work 0.224 0.064 3.480 0.001 
Part-time work 0.371 0.064 5.840 0.000 
Volunteer work 0.982 0.044 22.540 0.000 
Study 0.877 0.107 8.180 0.000 

Days ago * 
duration of 
combined 
maintenance 
activity 

Daily shopping -0.026 0.005 -5.350 0.000 
Non-daily shopping -0.030 0.005 -6.430 0.000 
Pick-up -0.019 0.029 -0.640 0.520 
Drop-off 0.088 0.048 1.820 0.069 
Hair dressing -0.050 0.015 -3.380 0.001 
Health care -0.041 0.028 -1.450 0.146 
Bank 0.577 0.132 4.370 0.000 
Post office -0.045 0.022 -1.990 0.047 

Days ago * 
duration of 
combined 
leisure activity 

Restaurant -0.020 0.027 -0.730 0.467 
Club -0.014 0.020 -0.730 0.466 
Visiting family/friends -0.012 0.006 -1.920 0.055 
Hosting family/friends 0.005 0.018 0.270 0.787 
Bar 0.025 0.047 0.530 0.595 
Sport -0.009 0.012 -0.750 0.453 

Transport mode 

Car -0.335 
   

Public -0.064 0.153 -0.420 0.675 
Slow -0.190 0.068 -2.810 0.005 
Other 0.951 0.212 4.490 0.000 
Car & public 0.516 0.199 2.600 0.009 
Car & slow -0.472 0.092 -5.120 0.000 
Car & other 0.439 0.258 1.700 0.089 
Car & public & slow -0.256 0.161 -1.590 0.111 
Public & slow -0.076 0.110 -0.690 0.489 
Slow & other -0.513 0.289 -1.770 0.077 
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Variable Coef SE z |z|>Z* 

Travel Time 

Car -0.004 0.001 -6.230 0.000 
Public -0.011 0.002 -6.250 0.000 
Slow 0.002 0.001 1.840 0.065 
Other -0.021 0.004 -5.460 0.000 

opportunity cost of 
money  

current cost 0.005 0.000 19.990 0.000 
extra cost -0.008 0.000 -18.310 0.000 

As to maintenance scripts, the effects of the mid-age group became negative 

which indicates that people between 35 and 64 years of age are less likely to conduct 

maintenance activities. The parameter of start time during the after morning peak 

and before the evening peak for drop-off activities turns negative, suggesting that 

script utility will be reduced if people will conduct a drop-off activity between 9:00 

and 16:00. The parameter of basic preference for transport mode combinations of car 

and slow shows a significant opposite sign. Moreover, the estimated coefficients for 

travel time of public transit turns into significant negative effects for maintenance 

scripts. In case of leisure scripts, parameters of starting time of cycling before the 

morning peak and after the morning peak and before the evening peak, going to 

restaurant during the evening peak and jogging after the morning peak until the 

evening peak changed into significant opposite signs. Moreover, the parameters of 

the basic preference for slow mode, car and public transport, car and slow mode and 

car and other show significant different signs, which indicates that the estimation of 

the basic preference for transport modes is not robust for leisure scripts. The 

interpretation of people’s preferences for different types of transport modes needs to 

be further studied.   

TABLE 7-10 ESTIMATION RESULTS FOR MAINTENANCE SCRIPTS ADAPTATION 

Goodness-of-fit 

Number of Observations 13525 Number of Parameters 131 
LL(0) -13440.2 LL(b) -10535.2 
Rho_2 0.216 AIC 1.580 

Variable Coef SE t-statistic p-value 

Constant 1.297 0.065 19.870 0.000 

Socio-demographic 

Male 0.106 0.031 3.460 0.001 

Female -0.106 
   

Age-young 0.007 0.051 0.130 0.895 

Age-middle -0.124 0.043 -2.860 0.004 

Age-old 0.117 
   

Low income household 0.105 
   

Middle income household 0.115 0.030 3.840 0.000 

High income household -0.220 0.039 -5.590 0.000 

Single 0.078 
   

Couple without children -0.242 0.037 -6.460 0.000 

Couple with children 0.163 0.047 3.500 0.001 
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Variable Coef SE t-statistic p-value 
in

te
ra

ct
iv

e 
va

ri
ab

le
s 

Days of the week 
*duration of non-
daily shopping 

MON 0.034 0.077 0.440 0.659 
TUE 0.135 0.066 2.050 0.041 
WED 0.041 0.075 0.540 0.588 
THU 0.026 0.075 0.350 0.725 
FRI 0.070 0.071 0.990 0.323 
SAT 0.095 0.074 1.290 0.198 
SUN -0.401 

   

Days of the 
week*duration of 
daily shopping 

MON 0.156 0.017 9.240 0.000 
TUE 0.071 0.018 4.070 0.000 
WED 0.073 0.018 4.180 0.000 
THU 0.063 0.018 3.550 0.000 
FRI 0.184 0.017 10.790 0.000 
SAT 0.014 0.018 0.790 0.431 
SUN -0.562 

   

Days of the 
week*duration of  
going to post 
office 

MON 0.525 0.130 4.030 0.000 
TUE 0.433 0.136 3.180 0.002 
WED 0.488 0.133 3.680 0.000 
THU 0.485 0.129 3.770 0.000 
FRI 0.443 0.131 3.390 0.001 
SAT -0.944 0.327 -2.890 0.004 
SUN -1.430 

   

Days of the 
week*duration of 
going to bank 

MON 0.135 0.113 1.200 0.232 
TUE 0.103 0.119 0.860 0.388 
WED 0.144 0.120 1.190 0.233 
THU 0.000 0.137 0.000 0.998 
FRI 0.258 0.106 2.430 0.015 
SAT -0.248 0.165 -1.500 0.133 
SUN -0.392 

   

Days of the 
week*duration of 
going to hair 
dressing 

MON -0.012 0.053 -0.230 0.821 
TUE -0.024 0.046 -0.530 0.596 
WED 0.057 0.044 1.300 0.195 
THU 0.003 0.047 0.070 0.943 
FRI 0.053 0.042 1.260 0.208 
SAT 0.101 0.043 2.370 0.018 
SUN -0.178 

   

Days of the 
week*duration of 
going to health 
care 

MON 0.162 0.042 3.840 0.000 
TUE 0.113 0.044 2.600 0.009 
WED 0.075 0.045 1.670 0.094 
THU 0.057 0.045 1.280 0.201 
FRI 0.020 0.049 0.400 0.691 
SAT -0.243 0.071 -3.440 0.001 
SUN -0.184 

   

Days of the 
week*duration of 
going to church 

MON -0.303 0.109 -2.770 0.006 
TUE 0.001 0.068 0.020 0.986 
WED -0.051 0.075 -0.680 0.494 
THU -0.180 0.108 -1.660 0.098 
FRI -0.118 0.109 -1.080 0.280 
SAT 0.081 0.077 1.050 0.292 
SUN 0.569 
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Variable Coef SE t-statistic p-value 

in
te

ra
ct

iv
e 

va
ri

ab
le

s 

Days of the 
week*duration of 
pick-up 

MON -0.037 0.052 -0.720 0.475 
TUE 0.081 0.048 1.670 0.095 
WED 0.129 0.043 2.980 0.003 
THU 0.036 0.048 0.760 0.444 
FRI 0.040 0.045 0.880 0.377 
SAT -0.072 0.049 -1.450 0.146 
SUN -0.178 

   

Days of the 
week*duration of 
drop-off 

MON 0.040 0.044 0.910 0.362 
TUE 0.064 0.044 1.440 0.150 
WED 0.089 0.039 2.250 0.025 
THU 0.006 0.043 0.130 0.894 
FRI 0.030 0.042 0.700 0.485 
SAT -0.061 0.043 -1.420 0.156 
SUN -0.167 

   

Start time of non-
daily shopping 

Morning peak 0.109 
   

After MP before EP -0.032 0.073 -0.440 0.658 
Evening peak -0.076 0.039 -1.940 0.052 

Start time of daily 
shopping 

Before morning peak -0.751 0.074 -10.190 0.000 
Morning peak 0.171 0.025 6.940 0.000 
After MP before EP 0.246 0.016 15.600 0.000 
Evening peak 0.232 0.028 8.250 0.000 
After evening peak 0.102 

   

Start time of going 
to post office 

Morning peak -0.041 
   

After MP before EV 0.295 0.116 2.540 0.011 
Evening peak -0.254 0.075 -3.390 0.001 

Start time of going 
to bank 

After MP before EV -0.350 0.065 -5.400 0.000 
Evening peak 0.350 

   

Start time of going 
to hair dressing 

Morning peak -0.145 0.042 -3.470 0.001 
After MP before EV -0.393 0.028 -14.250 0.000 
Evening peak 0.059 0.048 1.240 0.214 
After evening peak 0.479 

   

Start time of going 
to health care 

Morning peak 0.004 0.035 0.110 0.912 
After MP before EV 0.108 0.030 3.650 0.000 
Evening peak -0.112 

   

Start time of going 
to church 

Morning peak -0.071 0.072 -0.990 0.324 
After MP before EV -0.297 0.043 -6.880 0.000 
Evening peak 0.264 0.093 2.840 0.005 
After evening peak 0.104 

   

Start time of pick-

up 

Before morning peak -0.228 0.087 -2.610 0.009 

Morning peak 0.003 0.086 0.040 0.969 

After MP before EV 0.073 0.030 2.430 0.015 

Evening peak 0.176 0.051 3.470 0.001 

After evening peak -0.024 
   

Start time of drop-

off 

Morning peak 0.116 0.028 4.190 0.000 

After MP before EV -0.172 0.036 -4.810 0.000 

Evening peak 0.006 0.038 0.160 0.873 

After evening peak 0.050 
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Variable Coef SE t-statistic p-value 
in

te
ra

ct
iv

e 
va

ri
ab

le
s 

Weekly pattern 
*duration of 
maintenance 
activity 

Non-daily shopping 0.264 0.080 3.320 0.001 
Daily shopping 0.869 0.036 24.280 0.000 
Post office 0.624 0.153 4.070 0.000 
Bank 0.703 0.121 5.810 0.000 
Hair dressing 0.565 0.044 12.810 0.000 
Health care 0.568 0.057 9.990 0.000 
Church 0.921 0.096 9.590 0.000 
Pick-up 0.867 0.055 15.780 0.000 
Drop-off 0.925 0.053 17.560 0.000 

Lagged days 
*duration of  
maintenance 
activity 

Non-daily shopping -0.020 0.004 -4.400 0.000 
Daily shopping -0.065 0.003 -22.840 0.000 
Post office -0.039 0.008 -4.580 0.000 
Bank -0.024 0.007 -3.580 0.000 
Hair dressing -0.017 0.002 -8.680 0.000 
Health care -0.035 0.003 -10.670 0.000 
Church -0.051 0.006 -8.400 0.000 
Pick-up -0.036 0.003 -10.840 0.000 
Drop-off -0.037 0.003 -12.750 0.000 

Elapsed days * 
duration of 
compulsory 
activity  

Full-time work 0.156 0.036 4.360 0.000 
Part-time work 0.046 0.015 3.120 0.002 

Volunteer work -0.007 0.005 -1.430 0.152 

Elapsed 
days*duration of 
leisure activity in 
maintenance 
scripts 

Concert/theater/show 0.003 0.015 0.230 0.818 
Cycling -0.024 0.009 -2.570 0.010 
Walking (the dog) 0.144 0.038 3.740 0.000 
Restaurant -0.003 0.008 -0.410 0.685 
Course as hobby -0.002 0.012 -0.170 0.864 
Bar/café 0.089 0.026 3.370 0.001 
Museum 0.017 0.014 1.200 0.229 
Sport 0.031 0.011 2.760 0.006 
Visiting family/friends -0.013 0.004 -3.110 0.002 

Transport mode 

Car 1.602 
   

Public -0.739 0.326 -2.270 0.023 
Slow 0.171 0.064 2.690 0.007 
Other 1.997 0.263 7.580 0.000 
Car & public -1.054 0.321 -3.280 0.001 
Car & slow -0.569 0.096 -5.950 0.000 
Car & other -1.105 0.504 -2.190 0.028 
Public & slow -0.303 0.287 -1.060 0.291 

Travel time 

Car -0.008 0.001 -6.060 0.000 
Public -0.012 0.005 -2.280 0.022 
Slow -0.006 0.002 -3.700 0.000 
Other -0.084 0.018 -4.560 0.000 

Opportunity cost of 
money  

current cost 0.004 0.001 5.280 0.000 
extra cost -0.009 0.002 -5.060 0.000 
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TABLE 7- 11 ESTIMATED RESULTS FOR LEISURE SCRIPTS ADAPTATION 

Goodness-of-fit 

Number of observations 18481 Number of parameters 164 
LL(0) -25073.8 LL(b) -20243.3 
Rho_2 0.215 AIC 2.211 

Variables Coef Std. error t-statistic p-value 

Constant 0.308 0.033 9.400 0.000 

Socio-demographic 

Male 0.038 0.025 1.540 0.125 

Female -0.038       

Age-young -0.178 0.037 -4.840 0.000 

Age-middle 0.036 0.032 1.120 0.262 

Age-old 0.142       

Low income household  -0.027       

Middle income household  0.110 0.024 4.690 0.000 

High income household  -0.084 0.031 -2.680 0.008 

Single 0.139       

Couple without children -0.042 0.029 -1.480 0.139 

Couple with children -0.096 0.036 -2.680 0.007 

i n
te

ra
ct

iv
e 

va
ri

ab
le

s 

Days of the week 

*duration of 

concert 

MON -0.026 0.063 -0.410 0.685 

TUE -0.025 0.061 -0.400 0.688 

WED -0.055 0.067 -0.830 0.404 

THU 0.038 0.057 0.670 0.501 

FRI 0.094 0.047 2.010 0.045 

SAT 0.195 0.044 4.410 0.000 

SUN -0.222       

Days of the week 

*duration of cycling 

MON -0.030 0.020 -1.540 0.124 

TUE 0.067 0.018 3.730 0.000 

WED 0.004 0.019 0.220 0.824 

THU 0.045 0.019 2.440 0.015 

FRI -0.037 0.020 -1.880 0.061 

SAT -0.043 0.021 -2.060 0.040 

SUN -0.006       

Days of the week 
*duration of club 

MON 0.127 0.026 4.820 0.000 
TUE 0.004 0.032 0.140 0.891 
WED 0.026 0.029 0.880 0.377 
THU 0.082 0.028 2.900 0.004 
FRI -0.130 0.034 -3.770 0.000 
SAT 0.006 0.031 0.200 0.841 
SUN -0.115       

Days of the week 
*duration of 
walking (the dog) 

MON 0.018 0.018 0.990 0.321 
TUE 0.023 0.018 1.280 0.201 
WED -0.003 0.019 -0.160 0.877 
THU -0.006 0.019 -0.300 0.763 
FRI -0.039 0.019 -2.030 0.042 
SAT 0.013 0.019 0.670 0.505 
SUN -0.007       
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  Variables Coef Std. error t-statistic p-value 
in

te
ra

ct
iv

e 
va

ri
ab

le
s 

Days of the week 
*duration of going 
to park 

MON -0.152 0.063 -2.390 0.017 

TUE -0.089 0.058 -1.530 0.127 

WED -0.033 0.057 -0.570 0.567 

THU -0.018 0.056 -0.330 0.744 

FRI -0.025 0.056 -0.440 0.658 

SAT 0.146 0.045 3.230 0.001 

SUN 0.170       

Days of the week 
*duration of going 
to café/bar 

MON -0.040 0.051 -0.780 0.435 
TUE -0.124 0.062 -2.000 0.046 
WED -0.089 0.056 -1.570 0.116 
THU 0.016 0.047 0.350 0.730 
FRI 0.066 0.042 1.570 0.116 
SAT 0.169 0.037 4.510 0.000 
SUN 0.001       

Days of the week 
*duration of going 
to restaurant 

MON -0.208 0.054 -3.880 0.000 
TUE -0.101 0.045 -2.250 0.024 
WED -0.012 0.040 -0.300 0.766 
THU 0.003 0.038 0.070 0.945 
FRI 0.057 0.034 1.710 0.087 
SAT 0.177 0.029 6.160 0.000 
SUN 0.084       

Days of the week 
*duration of going 
to museum 

MON -0.085 0.060 -1.410 0.158 
TUE -0.060 0.060 -1.000 0.319 
WED 0.055 0.048 1.150 0.252 
THU -0.006 0.052 -0.110 0.911 
FRI -0.042 0.055 -0.770 0.442 
SAT 0.111 0.042 2.650 0.008 
SUN 0.027       

Days of the week 
*duration of going 
to sport center 

MON 0.107 0.020 5.310 0.000 
TUE 0.074 0.020 3.700 0.000 
WED -0.006 0.021 -0.290 0.773 
THU 0.090 0.020 4.580 0.000 
FRI -0.006 0.021 -0.260 0.792 
SAT -0.067 0.024 -2.810 0.005 
SUN -0.193       

Days of the week 
*duration of visiting 
friends/family 

MON -0.086 0.021 -4.160 0.000 
TUE -0.060 0.021 -2.890 0.004 
WED -0.040 0.020 -2.030 0.042 
THU -0.050 0.021 -2.390 0.017 
FRI 0.018 0.018 0.990 0.324 
SAT 0.124 0.016 7.910 0.000 
SUN 0.094       

Days of the week 
*duration of 
receiving visiting 
from friends/family 

MON 0.079 0.033 2.370 0.018 
TUE -0.149 0.044 -3.360 0.001 
WED 0.065 0.035 1.830 0.068 
THU 0.021 0.038 0.550 0.582 
FRI -0.148 0.045 -3.290 0.001 
SAT 0.092 0.036 2.560 0.011 
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Variables Coef Std. error t-statistic p-value 

 

Days of the week 
*duration of jogging 

MON -0.117 0.025 -4.760 0.000 
TUE -0.031 0.022 -1.440 0.150 
WED -0.017 0.022 -0.770 0.443 
THU -0.042 0.024 -1.790 0.073 
FRI -0.001 0.021 -0.040 0.968 
SAT 0.139 0.018 7.690 0.000 
SUN 0.068       

Start time of going 
to concert 

After MP before EV 0.149 0.071 2.110 0.035 
Evening peak 0.225 0.071 3.190 0.001 
After evening peak -0.375       

Start time of cycling 

Before morning peak 0.226 0.037 6.100 0.000 
Morning peak 0.049 0.018 2.640 0.008 
After MP before EV -0.067 0.011 -5.890 0.000 
Evening peak 0.011 0.027 0.390 0.698 
After evening peak -0.219       

Start time of going 
to club 

Before morning peak 0.079 0.062 1.270 0.204 
Morning peak 0.126 0.031 4.020 0.000 
After MP before EV -0.180 0.025 -7.190 0.000 
Evening peak 0.144 0.049 2.930 0.003 
After evening peak -0.169       

Start time of 
walking (the dog) 

Before morning peak -0.236 0.033 -7.100 0.000 
Morning peak 0.207 0.014 14.700 0.000 
After MP before EV 0.067 0.011 6.050 0.000 
Evening peak -0.043 0.023 -1.890 0.059 
After evening peak 0.005       

Start time of going 
to park 

Morning peak 0.124 0.046 2.690 0.007 
After MP before EV -0.156 0.027 -5.860 0.000 
Evening peak 0.032       

Start time of going 
to bar/café 

Before morning peak 0.124 0.064 1.930 0.053 
Morning peak -0.111 0.045 -2.500 0.013 
After MP before EV 0.085 0.050 1.690 0.091 
Evening peak -0.098       

Start time of going 
to restaurant 

Morning peak -0.209       
After MP before EV 0.501 0.052 9.720 0.000 
Evening peak -0.065 0.031 -2.070 0.039 
After evening peak -0.227 0.027 -8.410 0.000 

Start time of going 
to sport 

Morning peak -0.024 0.016 -1.510 0.131 
After MP before EV -0.052 0.014 -3.610 0.000 
Evening peak 0.101 0.021 4.750 0.000 
After evening peak -0.026       

Start time of visiting 
family/friends 

Morning peak 0.222 0.021 10.830 0.000 
After MP before EV -0.139 0.012 -12.090 0.000 
Evening peak 0.035 0.016 2.120 0.034 
After evening peak -0.118       

Start time of 
hosting 
family/friends 

Morning peak -0.113 0.032 -3.530 0.000 
After MP before EV -0.048 0.023 -2.030 0.042 
Evening peak 0.111 0.038 2.920 0.003 
After evening peak 0.050       
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Variables Coef Std. error t-statistic p-value 

 

Start time of jogging 

Morning peak 0.181 0.022 8.180 0.000 

After MP before EV -0.122 0.013 -9.290 0.000 

Evening peak 0.045 0.018 2.540 0.011 

After evening peak -0.105       

Weekly pattern 
*duration of leisure 
activity 

Concert/theater 0.370 0.053 6.920 0.000 
Cycling 0.514 0.028 18.710 0.000 
Club 0.806 0.036 22.560 0.000 
Walking (the dog) 0.429 0.037 11.590 0.000 
Park 0.540 0.057 9.520 0.000 
Café 0.395 0.050 7.910 0.000 
Restaurant 0.430 0.035 12.150 0.000 
Museum 0.382 0.052 7.320 0.000 
Sport 0.844 0.029 29.200 0.000 
Visiting family/friends 0.512 0.019 26.430 0.000 
Hosting family/friends 0.635 0.056 11.280 0.000 
Jogging 0.407 0.024 17.300 0.000 

Lagged days 
*duration of  leisure 
activity 

Concert/theater -0.009 0.002 -3.650 0.000 
Cycling -0.038 0.002 -23.520 0.000 
Club -0.037 0.002 -16.060 0.000 
Walking (the dog) -0.044 0.002 -21.740 0.000 
Park -0.032 0.003 -10.450 0.000 
Café -0.025 0.003 -8.030 0.000 
Restaurant -0.018 0.002 -10.890 0.000 
Museum -0.023 0.002 -9.330 0.000 
Sport -0.051 0.002 -23.480 0.000 
Visiting family/friends -0.025 0.001 -21.950 0.000 
Hosting family/friends -0.051 0.004 -13.490 0.000 
Jogging -0.033 0.001 -24.730 0.000 

Elapsed days* 

duration of 

compulsory activity  

Full-time work -0.002 0.010 -0.210 0.831 

Part-time work -0.024 0.021 -1.130 0.257 

Volunteer work 0.007 0.020 0.370 0.712 

Elapsed 
days*duration of 
maintenance 
activities in leisure 
scripts 

Non-daily shopping -0.017 0.003 -5.570 0.000 
Daily shopping -0.019 0.005 -3.440 0.001 
Going to health care 
center 

-0.031 0.010 -3.120 0.002 

Drop-off 0.024 0.047 0.500 0.614 
Pick-up 0.001 0.009 0.130 0.896 
Going to bank -0.008 0.020 -0.410 0.684 
Going to hair dressing -0.040 0.016 -2.450 0.014 

Transport mode 

Car -0.898       

Public -0.103 0.163 -0.630 0.526 

Slow -0.468 0.044 -10.750 0.000 

Other 0.156 0.210 0.740 0.457 

Car & public 1.477 0.234 6.310 0.000 

Car & slow -0.585 0.094 -6.190 0.000 

Car & other 0.430 0.208 2.070 0.038 

Public & slow -0.009 0.116 -0.070 0.941 
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 Variables Coef Std. error t-statistic p-value 

Travel time 

Car -0.008 0.001 -6.280 0.000 
Public -0.018 0.002 -10.350 0.000 
Slow -0.002 0.001 -1.770 0.076 
Other -0.020 0.005 -4.030 0.000 

Opportunity cost of 
money 

current cost 0.005 0.001 5.490 0.000 
extra cost -0.056 0.005 -10.220 0.000 

7.4 LONG-TERM ADAPTATION RESULTS 

Coefficients were estimated based on respondents’ choices. Options never chosen 

were not included in the estimation. A normal distribution was assumed for the 

random parameters. Effect coding was use to represent the attributes, using the 

middle levels as the reference levels. 400 Halton draws were used.  

We started the estimation with the most general model would estimate effects 

for specific levels of the policy scenarios. However, no significant results were find. 

Therefore, in this chapter, we estimated a simplified model that examined the effects 

of whether a specific policy was implemented or not. The estimation results are 

presented in Table 7-9. The pseudo Rho-squared of the final model is 0.54, which is 

relatively good. The results pertain to four components: effects of the attributes of 

the choice options, cross effects of the options, effects of the policies and effects of 

socio-demographic variables. 

7.4.1 ATTRIBUTE EFFECTS 

The parameter of “none of these choice options” is negative, but not significant at the 

5 per cent probability level. It suggest that a slight, but not significant, majority of 

respondents indicates (across all policy scenarios and attribute levels) to adapt to the 

increase in energy prices by investing in one or more of the provided investment 

options. For the respondents who would like to invest in new energy efficient 

products, the results show that they are more likely to invest in short term payback 

period energy efficient products for their house. The utility for investing in an energy 

efficient car decreases with increasing capital price, higher operation costs and 

decreasing benefits. All these effects are consistent with anticipations and statistically 

significant at conventional levels. The effects of the amount of travel cost saving 

attribute, however, do not show a consistent pattern. Although the utility is highest 

for the highest cost reduction, the estimated part-worth utility function is not 

monotonic for lower savings levels. For investing in a new/additional energy efficient 

car, only effects of travel time savings are in anticipated direction and monotonic. 

Respondents showed a preference for a middle and high travel cost saving cars. For 

the other attributes of a new energy efficient car, results indicate mixed preferences. 
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Regarding capital price and benefit to environment attributes, both the high and low 

levels have significant positive effects on individual’s preference. However, 

parameters of operational cost show that individuals are more likely to invest in new 

energy efficient cars with middle-level maintenance costs. The parameters of the 

relocation option indicate the trade-off of moving efforts and distance reduction 

benefits. It shows that respondents prefer to relocate only if the reduction in total 

travel distance is high.  

TABLE 7-12 PARAMETER ESTIMATES AND THEIR SIGNIFICANCE 

Variable Coefficient Std. error z |z|>Z* 

No change None -0.181 0.213 -0.850 0.396 

Random parameters in utility function 

In-home 

investment      

(A) 

Payback period - 6 years (-40%) 1.577 0.165 9.540 0.000 

Payback period - 8 years (-60%) 0.943 
   

Payback period - 10 years (-80%) -0.634 0.143 -4.430 0.000 

Invest in 

change the 

current car to 

an energy 

efficient car 

(B) 

  

Capital price – 5000 1.233 0.143 8.600 0.000 

Capital price – 10000 0.81 
   

Capital price – 15000 -0.423 0.137 -3.090 0.002 

Operation cost - 10% less 0.464 0.145 3.190 0.001 

Operation cost – same -0.101 
   

Operation cost - 10% more -0.363 0.139 -2.620 0.009 

Travel cost saving – 20% 0.415 0.161 2.580 0.010 

Travel cost saving – 30% -1.792 
   

Travel cost saving – 40% 1.377 0.176 7.810 0.000 

Benefit to environment – low -1.398 0.154 -9.080 0.000 

Benefit to environment – middle -0.35 
   

Benefit to environment – high 1.748 0.169 10.340 0.000 

Invest in a 

new energy 

efficient car 

(C) 

Capital price – 10000 1.055 0.240 4.390 0.000 

Capital price – 15000 -2.186 
   

Capital price – 20000 1.131 0.218 5.180 0.000 

Operation cost - 5% of capital price -0.298 0.217 -1.370 0.170 

Operation cost - 10% of capital price 2.367 
   

Operation cost - 15% of capital price -2.078 0.292 -7.120 0.000 

Travel cost saving – 20% -0.912 0.209 -4.360 0.000 

Invest in a 

new energy 

efficient car 

(C) 

Travel cost saving – 30% 1.372 
   

Travel cost saving – 40% 2.284 0.270 8.460 0.000 

Benefit to environment - low 0.754 0.207 3.650 0.000 

Benefit to environment - middle -1.597 
   

Benefit to environment - high 0.843 0.228 3.700 0.000 

Invest in 

relocation 

(D) 

Travel distance reduction 25% -0.559 0.182 -3.070 0.002 

Travel distance reduction 50% -1.031 
   

Travel distance reduction 75% 1.590 0.178 8.940 0.000 
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Distribution of random parameters 

St.dev(A) 
Payback period - 6 years (-40%) 1.600 0.287 5.580 0.000 

Payback period - 10 years (-80%) 0.274 0.837 0.330 0.744 

Distribution of random parameters 

St.dev(B) 

Capital price – 5000 1.152 0.227 5.070 0.000 

Capital price – 15000 0.585 0.317 1.840 0.065 

Operation cost - 10% less 1.023 0.257 3.980 0.000 

Operation cost - 10% more 0.246 0.352 0.700 0.485 

Travel cost saving – 20% 0.795 0.445 1.790 0.074 

Travel cost saving – 40% 1.575 0.285 5.520 0.000 

Benefit to environment - low 0.364 0.433 0.840 0.401 

Benefit to environment - high 1.178 0.288 4.090 0.000 

St.dev(C) 

Capital price – 10000 2.221 0.391 5.680 0.000 

Capital price – 20000 1.014 0.488 2.080 0.038 

Operation cost - 5% of capital price 1.803 0.546 3.300 0.001 

Operation cost - 15% of capital price 3.200 0.393 8.150 0.000 

Travel cost saving – 20% 0.588 0.654 0.900 0.369 

Travel cost saving – 40% 2.279 0.371 6.140 0.000 

Benefit to environment - low 0.024 0.863 0.030 0.978 

Benefit to environment - high 2.225 0.398 5.580 0.000 

St.dev(D) 
Travel distance reduction 25% 0.074 0.469 0.160 0.874 

Travel distance reduction 75% 1.765 0.342 5.170 0.000 

Cross-effects of options 

The availability of choice option A to option B -0.609 0.110 -5.530 0.000 
The availability of choice option A to option C -0.868 0.156 -5.550 0.000 
The availability of choice option A to option D -0.530 0.127 -4.160 0.000 
The availability of choice option B to option A 0.056 0.103 0.540 0.586 
The availability of choice option B to option C -0.763 0.156 -4.910 0.000 
The availability of choice option B to option D -0.818 0.125 -6.560 0.000 
The availability of choice option C to option A -0.075 0.100 -0.750 0.453 
The availability of choice option C to option B 0.259 0.105 2.460 0.014 
The availability of choice option C to option D -0.818 0.118 -6.930 0.000 
The availability of choice option D to option A -0.272 0.102 -2.670 0.008 
The availability of choice option D to option B -0.276 0.105 -2.640 0.008 
The availability of choice option D to option C -0.113 0.141 -0.800 0.423 

Interactions effects socio-demographic variables 

A 

Income-None/Low 0.491 0.215 2.280 0.023 
Single -0.926 0.277 -3.340 0.001 
Couple with children 12+ 0.907 0.293 3.100 0.002 
Age 65+ 0.565 0.252 2.240 0.025 

B Couple with children <12 -0.406 0.222 -1.830 0.068 

C Income-None/Low 0.491 0.273 1.800 0.073 

D 

Income-None/Low 0.770 0.292 2.640 0.008 
Income-Middle -0.676 0.261 -2.600 0.009 
Income-high -0.094 

   
Age <34 0.462 

   
AGE 34-65 -0.458 0.251 -1.830 0.068 
Age 65+ 0.920 0.329 2.800 0.005 

AB AGE 34-65 -0.771 0.304 -2.530 0.011 
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Variable Coefficient Std. error z |z|>Z*  

AC 
Couple with children <12 -1.030 0.441 -2.340 0.020 

Age 65+ 0.900 0.506 1.780 0.076 

Interactions effects socio-demographic variables 

AD Income-None/Low 1.025 0.475 2.160 0.031 

BC Age 65+ -1.118 0.529 -2.110 0.035 

BD 
Single 1.233 0.494 2.500 0.013 

Couple with children <12 -0.911 0.431 -2.110 0.035 

CD Couple with children <12 -1.067 0.517 -2.060 0.039 

ABC 
Travel allowance 0.987 0.521 1.890 0.058 

Income-None/Low -2.002 1.061 -1.890 0.059 

Interactions effects of policies 

A Public transit policy 0.247 0.149 1.660 0.097 

C 
Fuel price policy 0.509 0.195 2.620 0.009 

Fuel emission policy -0.382 0.199 -1.920 0.054 

AC 
Fuel emission policy -0.564 0.314 -1.800 0.072 

Public transit policy -0.677 0.296 -2.290 0.022 

BC Fuel emission policy -0.666 0.319 -2.090 0.037 

BD Fuel price policy 0.707 0.302 2.340 0.019 

CD Fuel price policy 0.826 0.364 2.270 0.023 

ABD Fuel price policy -0.922 0.553 -1.670 0.096 

 

The influence of unobserved heterogeneity was captured in terms of the random 

parameters of the model, assuming a normal distribution. As evidenced in Table 7-9, 

the standard deviation of the random parameters show significant individual 

heterogeneity across respondents for all attributes related to investment options.  

7.4.2 CROSS EFFECTS 

The estimated cross effects are almost all significant, which indicates that the 

inclusion of different choice options in the portfolio has a significant influence on 

people’s final choice. The majority of the effects is negative, suggesting substitution 

between the choice options. To be more specific, results indicate that including 

investing in new energy efficient products at home and relocation will decrease the 

utility of the other choice options. Investing in changing the current car to an energy 

efficient car would reduce the utility of purchasing an additional energy efficient car 

or relocation. Investing in a new or additional energy efficient car has significant 

negative effects on choosing the relocation option. However, investing in a 

new/additional energy efficient car will increase the utility of investing in changing the 

existing car into an energy efficient car.  
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7.4.3 EFFECTS OF SOCIO-DEMOGRAPHICS 

As for the socio-demographic variables, results show that singles are less likely to 

choose the in-home appliance investment only option, while respondents older than 

65 years of age or partners with children above 12 years of age and lower income 

households are more likely to choose this option. Couples with children younger than 

12 are less likely to choose changing the current car into an energy efficient car. 

Investing in a new/additional energy efficient car is a more attractive option for 

low/no income households. For the relocation option only, individuals, aged between 

34-65, in middle or high-income households are less likely to choose this option. Only 

individuals who are younger than 34 or older than 65 in no income or low-income 

households have a higher probability to relocate.  

For the portfolio options, more than half of the significant effects are negative, 

which indicates that energy efficient product combinations are less likely to be chosen. 

Respondents between 34-65 years old are less likely to invest in both energy efficient 

products at home and changing the current car to an energy efficient car. However, 

respondents above 65 years of age are more likely to invest in both in-home energy 

products and a new/additional energy efficient car. Respondents from low/no income 

households are more likely to choose the combination of in-home energy saving 

productions and relocation. Single respondents are more likely to choose the 

combination investment of changing the current car to an energy efficient car and 

investing in a new energy efficient car. Moreover, respondents who have a travel 

allowance are more likely to invest in the combination of investing in energy efficient 

products at home, changing the current car into an energy efficient car and investing 

in a new energy efficient car.  

7.4.4 POLICY EFFECTS 

In interpreting the policy effects, it should be realised that they can have direct and 

indirect effects. Direct effects can be observed if a transportation policy has positive 

effects on investing in more efficient cars. All policies, however, lead to increased 

energy costs and indirect effects may also be observed in the sense that respondents 

state to save energy in other (house-related) investments. Evidence of significant 

direct effects was found for fuel price policy and fuel emission policy. Fuel emission 

policy does not show any positive effects on new energy products investment. It 

presents a direct negative effect on investing in a new energy efficient car. Moreover, 

it shows a negative effect on the combined investment of changing to an energy 

efficient car and buying a new energy efficient car. Only the fuel price policies show 

significant positive effects on the choice of investment in energy efficient products. It 

has positive effects on respondents’ choice of investment in a new energy efficient car. 
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It also increases the probability of the combined choice of investing in changing to an 

energy efficient car and relocation. Moreover, it increases the probability of investing 

in the combination of investing in a new energy efficient car and relocation. However, 

for the investment choice combination of investing in home appliances, changing the 

current car to an energy efficient car and a new energy efficient car, increasing fuel 

cost will reduce its choice probability. 

The direct effects were not found to be significant for home energy 

(electricity/gas) price and home energy environmental tax on the choice of investing 

energy efficient products at all. However, examples of significant indirect positive 

effects were found for public transit fare policy on in-home energy efficient products. 

For combination options of in-home investment and investing in a new energy 

efficient car, public transit fare policy shows significant negative effects. 

7.5 CONCLUSIONS 

The chapter descripted the data collection with SINA for both mid-term and long-term 

adaptation in response to energy price policies. Finally, 572 respondents completed 

the survey. Due to the requirements of the survey and complexity of the system, 

certain socio-demographic groups are over-represented in the sample, which is hard 

to avoid. 

The overall goodness-of-fit of the models of script adaptation in response to 

energy pricing policies is good. Most of the estimated parameters are significant and 

mostly have expected signs. However, some parameters are inconsistent with 

descriptive results. Since more than 80 parameters were estimated, this inconsistency 

might be partly explained by the interaction between variables which could not be 

easily controlled for such a large number of parameters. Energy policies were taken 

into account in terms of an energy cost threshold.  

More specifically, results indicate that days of the week have significant different 

effects on various types of scripts. Compulsory scripts are preferably conducted from 

Monday to Friday. People prefer to execute maintenance scripts from Tuesday to 

Saturday, and leisure scripts on Saturdays and Sundays. The socio-demographic 

results exhibit significant heterogeneity among respondents in terms of their 

preference of various types of scripts. Young and low-income people have a higher 

utility for compulsory and maintenance scripts, while older and higher income people 

demonstrate a higher utility for leisure scripts. A higher utility for maintenance scripts 

was estimated for households with children, whereas a lower utility was estimated for 

leisure scripts. The differences in value of the estimated parameters of start time 

suggest that people have strong preferences for the start time of the majority of 

activities. The duration of the majority of activities has a positive effect on the utility 
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of scripts, indicating that people gain utility by participating in these activities for a 

longer period of time. Remarkably, the indicator variable for weekly patterns in the 

execution of scripts has strong and significant effects on script utility, while most 

lagged days variables have negative effects. Most scripts are repeated in 1-2 weekly 

intervals.  

The concept of complex scripts was captured differentiating between different 

types of scripts (maintenance, compulsory and leisure), classifying activities in the 

same manner and including the duration and the number of elapsed days of non-

typical activities in the various types of scripts. The results show that the combination 

of particular activities increases the utility of some complex scripts. The utility of 

compulsory scripts increases if drop-off and bank activities are included and the utility 

increases with increasing amount of time spent on these activities. However, it 

decreases when non-daily shopping, pick-up, post office and club activities are 

included in compulsory scripts. The utility of maintenance scripts increases with 

increasing amount of time spent on restaurant, bar/café and sport activities included. 

However, the utility decreased if part-time work is included in maintenance scripts. 

For leisure scripts, the combination of leisure activities and volunteer work and/or 

pick-up yields a higher utility, whereas the combination with full-time work decreases 

the utility of the script. The significant parameters for the number of elapsed days for 

combinations of activities in compulsory scripts indicate that script utility increases  

with an increasing number of lagged days of daily, non-daily shopping and hair 

dressing activities. In contrast, with an increasing number of lagged days of club and 

bar activities, compulsory script utility decreases. For maintenance scripts, the utility 

increases with an increasing number of elapsed days of volunteer work, while it 

decreases with an increasing number of days has passed since part-time work and 

walking (the dog) activities have been conducted. For leisure scripts, the utility 

increases with an increasing number of lagged days of non-daily shopping. However, it 

decreases with an increasing number of elapsed days for full-time work.  

The parameters of transport modes indicate that people prefer to use car and 

slow modes. If other modes and the combination of car and public transit is available, 

people prefer to use the combination of modes rather than the car only for 

compulsory scripts, and other modes for maintenance scripts. The utility of travel 

decreases with increasing travel times for most transport modes, except for slow 

modes in compulsory scripts and public transit in maintenance scripts. This may reveal 

that other than travel time considerations play in role in deciding which transport 

mode to use in these scripts. 

Respondents adapted around 10% of the scripts. Comparing the adaptation 

percentages between different types of activities, respondents are inclined to adapt 

their compulsory scripts rather than maintenance and leisure scripts. Fuel emission 
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policy costs and public transit fare policy did not show any significant effects on script 

utility. However, respondents are sensitive to fuel price policy. The significant 

opportunity cost of fuel price showed that people will loss utility per unit of money 

spent in other ways. The complexity of the model, reflected in the number of 

parameters to be estimated, relative to the sample size prohibited the estimation of a 

full random parameters logit model. For further exploration of heterogeneity in 

respondents’ scripts adaptation, model simplification is needed. 

A random parameter logit model of portfolio choice was formulated to estimate 

the effects of the attributes of the investment choice options, the cross effects of 

portfolio composition, the effects of socio-demographic variables and the effects of 

policies on individual’s portfolio choice. The results indicate that respondents are 

inclined to compensate the increased energy costs triggered by the manipulated 

energy pricing policy scenarios by investing in one or more of the provided investment 

options. The characteristics of the products, especially cost-related characteristics, 

influence people’s adaptation preferences. Moreover, choice option availability seems 

to influence people’s adaptation preferences. In general, there is little evidence of 

synergy between investment decisions; rather the choice options tend to act as 

substitutes as long as a single investment is sufficient to counterbalance the increase 

in energy costs. Portfolio choices are systematically related to socio-demographic 

variables and policy scenarios. In particular, the fuel price policy showed a direct 

positive effect on investing in products for reducing travel expenses.   
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CHAPTER8 
CONCLUSIONS AND FUTURE WORK 

8.1 CONCLUSIONS 

The effects of energy price policies on travel demand have been intensively discussed 

in transportation research during the last two decades. The results are used for 

supporting urban planners and transportation policy makers in their endeavors to 

create efficient urban designs and control emissions. During the last decade, a shift 

from aggregate to disaggregate models of energy price effects can be witnessed, 

coinciding with the development of activity-based models and new data collection 

systems. Researchers try to better understand the effects of energy price spikes on 

people’s daily activity-travel behavior. 

Activity-based models of travel demand have embedded spatial and temporal 

interdependencies in predicting travel demand and use of transport services under 

alternative socio-economic scenarios. However, the current generation of activity-

based travel demand forecasting systems still does not fully address the relationships 

between energy price and activity-travel behavior. Existing studies lack 

comprehensive choice modeling of behavioral changes in relation to traveler 

characteristics, land use, and neighborhood characteristics. Moreover, most studies 

did not consider the nature of different types of activities and trips, and neglected the 
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connections among them. Further, most researchers focused on primary adaptations 

such as adaptation of destination and transport mode. The secondary adaptations 

have usually been neglected. Only a very limited literature has focused on dynamic 

adaptation of individual travel behavior, the reasons being the lack of appropriate 

models and the lack of appropriate data collecting systems.  

This thesis filled in the research gap by contributing to both the modeling and 

data collection challenges. Rather than the common focus on trips, it assumes that 

individuals organize their daily activity-travel patterns in terms of scripts and that 

responses to energy price policies are reflected in changes in these scripts. Because 

available data sets are not based on scripts, the SINA system was developed to assist 

respondents reconstructing their scripts and the characteristics of these scripts. The 

focus on script also implies that a new model was formulated which predicts the 

probability that a script is activated in response to energy price policies. The model is 

dynamic to account for the dynamically changing needs of people. 

To explore the effects of energy price increases on individual’s dynamic activity-

travel repertories, both a revealed preference approach and a stated approach was 

developed and applied. Chapters 2 to 4 aimed at exploring the effects of real fuel 

price fluctuation on individual’s out-of-home activity-travel behavior. Individual’s 

revealed adaptation caused by the fluctuation of fuel price is examined. Chapters 5 

and 6 focused on individual’s stated adaptation to hypothetic scenarios with 

dramatically increasing energy prices. These chapters report the results of analyses of  

mid-term and long-term effects of increasing energy prices on individual’s adaptation 

of habitual activities and potential investment in new energy products. As activity 

participation and scheduling decisions are influenced by space-time and temporal 

constraints, it is reasonable to expect that travel time may vary across travel purposes 

and space-time constraints at the individual level. To further investigate energy price 

fluctuation effects on travel time, chapter 2 investigated the impacts of fluctuation in 

fuel prices on people’s activity-travel time expenditure with a focus on day of the 

week differences. Moreover, it explored whether impacts differ between population 

segments and types of neighbourhoods. The 2004-2009 national activity-travel diary 

data set in the Netherlands (MON) was used. A simultaneous equation model system 

was formulated to estimate the relationships between duration of activity 

participation, travel time expenditure, fuel price and a set of socio-demographics and 

spatial variables. Seemingly unrelated regression was applied to estimate the system.  

The results of chapter 2 revealed that, given time constraints, activities compete 

for limited available time. The results of the model provide empirical evidence that 

activity engagement has a positive impact on travel engagement. Moreover, travel 

time expenditures have feedbacks on the duration of activities. It also proved that fuel 

price fluctuation has a negative influence on travel time by car, with the specific 
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effects depending on the types of trip. The reduction of travel time by car is 

substituted by travel by other transport modes. Moreover, the results indicate that 

the causal structures underlying people’s activity-travel behavior are significantly 

different between weekdays and weekends and between Saturdays and Sundays. 

These findings elaborate earlier studies on the impact of fuel price fluctuations on 

travel behavior in that the detailed activity-based conceptualization allows breaking 

down general effects into activity-type and day-of-the-week effects.  

However, these results are limited by the fact that the data used only allow 

cross-sectional analysis. The dynamic effects were restricted by the data. Further, the 

influences of non-observed variables should not be ruled out. To overcome limitations 

of the cross-sectional data and further examine fuel price elasticities in both short- 

and long-term at the individual level for different trip purposes and various transport 

modes, chapter 3 proposed a pseudo-panel approach to estimate a dynamic model of 

individual travel distance by public transit and slow modes. Chapter 3 presents the 

results of the estimation of these dynamic models for the resulting 28 cohorts 

constructed from the MON data. 

The main results of chapter 3 can be summarised as follows. First, the current 

month elasticities of VMT for fuel price are negative for all three kinds of trips 

(compulsory, maintenance and leisure). Moreover, the elasticities differ substantially 

between different travel purposes, which indicate that the people will reduce their 

travel distance variously according the purposes of the trip in reaction to increasing 

fuel prices. Second, adjustment to change in prices takes time and differs for different 

travel purposes. Third, results indicates that fuel price increasing do not have many 

strong positive effects on travel distance by both public transit and slow mode, which 

indicate that people’s adaptation to increasing fuel price may include substituting 

trips by activities. Fourth, the cohort effects on energy consumption shows that the 

younger generation used more private transport modes than the older generations, 

consuming more energy.  

Comparing the energy price effect results of chapter 3 with chapter 2, we found 

slightly different results between compulsory and leisure trips. In chapter 2, we found 

that price elasticity of compulsory trips is much higher than of leisure trips. In chapter 

3, we took both current month energy price effects and one month lagged energy 

price effects into consideration in the dynamic model. The results showed a slightly 

higher elasticity for leisure trips by car compared to compulsory trips for the current 

month. However, taking into account one month lagged energy price effects, we 

found that people have a much higher significant rebound effect for leisure trips by 

car than for compulsory trips. This effect could have been neglected by taking only 

current month energy prices into account in chapter 2. 
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To further understand individuals’ adjusting of their activity-travel behavior as a 

consequence of external effects, such as weather and fuel price, and intrinsic 

variability due to the daily or weekly activity habitual patterns, a GPS panel survey 

data were applied for this chapter. The GPS survey was conducted in the context of 

the U4IA project. Chapter 4 aims at analysing whether transport mode choice and 

travel duration by car co-vary with fluctuations in fuel price in the short-term, 

controlling for different weather conditions, socio-demographic characteristics and 

intrinsic day-to-day variability in individual mode choice. A two-step estimation 

methodology was applied to estimate 1) individuals’ decisions of making car-based 

trips and 2) the influence of real fuel price fluctuations on car travel duration. 

The results of chapter 4 indicate that changes in car use in response to increased 

fuel prices demonstrate a significant degree of inertia and are constrained by activity 

agenda. Moreover, the results show that weather and living conditions have 

significant effects on individual’s decisions to use the car. It indicates that people are 

less likely to drive on sunny and high temperature days. Compared to respondents 

who are living in other areas, respondents living in a city are more likely to conduct 

car trips. This is an interesting finding in that current policies are based on the notion 

that high density, mixed land use areas induce people to use environmentally friendly 

transport modes. Further, the effects of fuel price showed that individual’ reactions to 

fuel price changes depend on time. The two week lagged fuel price has significant 

negative effects on people’s decision of travel time by car.  

The indirect effects of fuel price on individual’s fuel consumption and CO2 

emission were also presented in chapter 4. The results show a significant difference 

between individuals in their reduction of fuel consumption and CO2 emission with a 

10% to 30% increasing of current fuel price. The significant difference in reduction is 

mainly due to car type, trip duration and trip frequency.  

Chapter 5 shifted the focus of attention from out-of-home activity-travel 

behavior to the trade-off problems between in-home and out-of-home energy 

consumption problems due to dramatically increasing energy prices. An extended 

context-dependent mixture amount design was developed to study the problem of 

energy–saving strategies (combinations of transportation related options such as 

buying an energy efficient car, using slow modes more often and saving for investing 

energy efficient equipment at home) under price increases. A sample of 315 

respondents provided the choice data for estimating a mixed logit model. The 

experiment considered budget constraints and context dependency. Although the 

percentage of correct predictions could be higher, the suggested approach shows 

evidence of face validity and is particularly relevant for choices under resource 

constraints.  
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The results of chapter 5 indicate that individuals are inclined to compensate for 

increasing energy bills. Moreover, results indicated significant heterogeneity among 

respondents in terms of their sensitivity to various energy saving choices. They prefer 

to choose a combination of saving package instead of single option. The combination 

of using slow modes more often and saving energy at home is the most preferred 

option. Context situations of weather conditions and luggage to carry show significant 

effects on people’s energy saving preferences. Respondents dislike the option of using 

slow transport modes more often in the situation of carrying heavy luggage. They 

dislike the saving option of in-home energy saving and travelling more often by slow 

modes in winter conditions. The socio-demographic variables such as income and 

public transport card ownership influence energy saving preferences as well. The 

lower income group dislikes options such as buying an efficient car and investing in 

home facilities to compensate for increasing expenditures. Public transport card 

owners are more likely to choose a combination of adaptation strategies, which 

includes buying an energy-efficient car.   

These findings can help both planners and policy makers in developing a more 

thorough understanding of individual/household energy-savings as it relates to 

transportation and in-home energy-savings. Policy makers should be aware that 

individual/household energy-savings should include out-of-home energy consumption, 

which is mostly travel-related, in-home energy consumption and ownership of a more 

efficient car. For transportation planners and policy makers, these results may help 

them understanding that energy price policy (such as increasing fuel tax or CO2 tax) 

might trigger multiple conservation strategies to reduce energy consumption. 

Moreover, the results indicate that combined energy-saving strategies such as change 

of transport modes and ownership of a more efficient car are easier to be accepted 

than single saving options. Policies should also be sensitive to the influence of context 

and socio-demographic variables. 

Chapter 5 focused on the trade-offs between transportation and energy savings 

at home to understand individuals’ reactions to dramatic increasing energy prices. 

However, the adaptation alternatives are limited by the experiment design. Chapter 6 

extended the scope of analysis by allowing more flexibility in out-of-home activity re-

scheduling processes and exploring the whole decision process. Further, it 

investigated people’s long-term energy efficient products investment decisions to 

answer the research question “how do respondents invest in new energy efficient cars 

or even become energy producers in the long-term in reaction to energy price 

spikes?”. Separate models were developed. To predict effects of energy price policies 

on people’s activity-travel demand, a dynamic model of scripts was proposed. The 

model simultaneously deals with the choice facets of script profile and imposes 

virtually no restrictions on the level of detail. It simulates how facets of particular 
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scripts making up the activity-travel repertoire with dynamic utility thresholds 

regarding to the use of money and time are changed in the adaptation process. The 

energy price policies were taken into account in the dynamic money threshold to 

predict individual’s reactions across multiple time horizons in response to different 

energy price policy combinations. A model of portfolio choice behavior was 

formulated and estimated to understand how consumers respond to increasing fuel 

prices as a result of accumulated pricing policies by investing in portfolios of house 

and transport related options.  

Based on the requirement of these models, a new data collection system - SINA 

was designed to collect 1) data on repertoires of habitual activity-travel patterns, 2) 

data on adaptation by allowing a complete restructuring of each activity-travel script 

in this repertoire, and 3) long-term stated adaptation data regarding new technology 

investment both in-home and out-of-home.  

The data collection and models estimation were presented in chapter 7. The 

results of scripts indicate that days of the week have significantly different effects on 

various types of scripts. There is significant heterogeneity among respondents in 

terms of their preference of various types of scripts. Moreover, for the activities 

included in a script, the parameters for start time showed that people have strong 

preferences for particular start times for the majority of activities. People gain utility 

by spending more time on the main activity defining the scripts. Strong patterns exist 

in scripts and most scripts repeat within 1-2 week time intervals. Some combinations 

of duration and preference show significantly higher utility for various types of scripts. 

For the transportation part, overall people prefer to use the car and slow modes. If 

other modes or the combination of car and public transit is available, people gain 

utility by using the combination of car and public transit as opposed to the car only for 

compulsory scripts, and other modes for maintenance scripts. Further, script utility 

decreases with increasing travel time for most transport modes.  

To distinguish between trip expenditure and extra expenditure caused by 

policies, the opportunity costs by extra expenditure on individual’s scripts utility were 

estimated by a simplified MNL model. The results indicate that people would gain 

utility if an extra unit of money will be spent in any other way instead of spending on 

these three types of scripts (compulsory, maintenance and leisure). Meanwhile, the 

estimated parameters also indicate that people would reduce their utility if they have 

to spend extra money due to energy price policies.  

Next, a ramdom parameter logit model of portfolio choice model was 

formulated to estimate people’s long-term adaptation. It estimates the effects of the 

attributes of the choice options, the cross effects of portfolio composition, the effects 

of socio-demographic variables and the effects of policies on individual’s portfolio 

choice of long-term energy efficient products investment. The results of long-term 
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adaptation indicated that respondents are inclined to compensate the increased 

energy costs triggered by the manipulated energy pricing policy scenarios by investing 

in one or more of the provided investment options. The characteristics of the 

products, especially cost-related characteristics such as capital price for investment, 

influence people’s adaptation preferences. Moreover, choice option availability seems 

to influence people’s adaptation preferences. In general, there is little evidence of 

synergy between investment decisions; rather the choice options tend to act as 

substitutes as long as a single investment is sufficient to counterbalance the increase 

in energy costs. Portfolio choices are systematically related to socio-demographic 

variables and policy scenarios. In particular, the fuel price policy showed a direct 

positive effect on investing in products (such as energy efficient car, electric vehicles 

and in-home energy generation products) for reducing travelling expenses. 

Overall, methodologically, based on activity-travel modelling approach, the 

thesis investigated the complicated multi-level (from static to dynamic, from short-

term to long-term perspectives) effects of energy prices on individual’s activity-travel 

repertories and energy efficient products investment. Both stated choice experiments 

and revealed preference studies were conducted to model individuals’ adaptation to 

energy price fluctuations. The results of empirical studies from revealed preference 

data indicated that there are significant negative effects of fuel price on individual’s 

car travel time and driving distance. The effects are varied across types of activities 

and trips. Further, when controlling context and intrinsic variability in individual 

preferences, the effects of fuel price showed that individual’ reactions to changes in 

fuel price depend on time. To further explore the effects of multiple energy price 

policies in the mid-term and long-term, a dynamic scripts generation model was 

developed. In addition, a long-term energy efficient products investment portfolio 

experiment was designed. Instead of revealed data, stated data are more 

appropriable for estimating the model. To validate the models and experiments, the 

SINA system was proposed and implemented for collecting stated choice data based 

on individuals’ or households’ current energy expenditures. Different from previous 

stated choice experiments, it allows respondents to simultaneously adapt choice 

facets of script profiles such as frequency, location, departure time, activity duration, 

transport mode, etc. The advanced SINA system also assisted respondents in 

systematically reporting past behavior and scripts, checking their responses for 

consistencies and triggering memory. The stated results indicate the significant effects 

of fuel price on script utility.  

Giving the increasing concern for energy and the environment, these results are 

important for city planners and policy makers alike to understand the pivotal role of 

individuals/households in any reduction of both transportation-related and in-home 

energy consumption by rescheduling current activity-travel repertories or purchasing 
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energy efficient products in the future. Moreover, the findings of this thesis can help 

developing more efficient policies to induce consumers to invest in energy efficient 

products through understanding individual/household energy-savings preferences. 

 

8.2 FUTURE WORK 

The previous section summarized the main results of the analyses that have been 

done. The research presented in this thesis also raised some further questions 

concerning the results of these studies. There are several possible lines of research 

arising from this work, which should be pursued. 

First, the fuel price data used in the current study represent an average for the 

Netherlands, and therefore these data do not reflect local differences. Further, the 

MON data pertain to a particular day, whereas the fuel price data concern a monthly 

average. This means that any within-month variability in the fuel price data is not 

captured in the model estimation. Consequently, although the general tendencies in 

the model findings will likely hold, one should not over-emphasize the specific findings. 

Because it is impossible to obtain more detailed data (local - on a daily basis), it would 

be interesting in future research to apply uncertainty analysis to these uncertain input 

data and examine to what extent the model outcomes are influenced by the degree of 

uncertainty in these input data. A second line of research follows from chapter 4. We 

estimated the elasticity of fuel price fluctuation on travel distance by car and 

predicted energy consumption accordingly based on car information and the collected 

GPS data. The accuracy of imputation algorithms for recognizing transport modes still 

needs to be improved. We used recall processes to compensate for imputation errors, 

however it added human error. Besides, there is no record of fuel refill information. 

The energy price information was collected separately from a Dutch local fuel 

company website which is relatively closer to the real information. However, 

respondents are normally aware of the fuel price when they refill the car instead of 

when the activity was conducted. Moreover, the prediction of energy consumption 

and CO2 emission is calculated according to travel distance and car types, disregarding 

acceleration, speed and stops. It potentially underestimates CO2 emissions in cities, 

where more traffic lights are installed. The road characteristics are not taken into 

account either, which may have effects on energy consumption and CO2 emission, 

especially for out-of-city travelling. Thus, further work could improve imputation 

algorithms and data collection designs to reduce human error and incorporate fuel 

refill as an activity. Further, acceleration and road characteristics may be taken into 

account in future work.  
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A third line of research comes from chapters 6 and 7. The dynamic modeling 

approach proposed in this chapter represents a comprehensive dynamic model to 

predict individual complete script generation processes by taking into account 

frequency, days of week, time of the day, activity duration, transport modes and trips 

with dynamic utility thresholds regarding the use of money and time. It allows 

simulating how facets of particular scripts making up the activity-travel repertoire of 

an individual may change across multiple time horizons in response to different 

energy price policies, including fuel tax, fuel emission tax and public transport fare tax. 

The model imposes virtually no restrictions on the level of detail of the used activity 

classification. It simultaneously deals with choice facets of script profiles such as 

frequency, location, departure time, activity duration, transport mode, etc. Maximum 

likelihood was applied for parameter estimation. Model estimation was based on the 

assumption of independently and identically normally distributed error terms, 

implying that any unobserved heterogeneity in the repeated measurements 

underlying the experimental design was not accounted for. Future research might 

incorporate the panel effects in estimating the joint probability. 

Chapters 6 and 7 investigated energy expenditure of travel at the individual level. 

The time expenditure, related to activity duration and travel time, was considered in 

each script utility. However, for out-of-home activities, there might be activity 

expenditures besides travel expenditure. It is reasonable to extend the utility model 

by including activity expenditure in future research. Further, the estimated model 

assumed independence of the three joint probabilities. However, the assumption may 

not be met, and therefore a future model may cake correlated error terms into 

account. In additional, due to the data limitations, the estimated model did not take 

into consideration the location attributes which may cause difficulties in detangling 

the joint effect of travel expenditure and unobserved preference of locations. A 

possible extension is to include location attributes based on geographic and building 

information. Fourth with the development of technology, many out-of-home activities 

can be conducted through the Internet at home, which may reduce or replace travel. 

Therefore, the model could be further expanded by embedding in-home household 

activity participation, which will ensure a behavioral approach to predicting resource 

demand that acknowledges its derived nature. It would be a useful extension for the 

prediction of energy consumption as a result of households’ activities and decisions. 

This extension would be beneficial for predicting dynamic energy demand at the 

household level. These empirical results could be further embedded in a multi-agent 

activity-travel behavior system to provide a platform for coupling a discrete choice 

model of activity-travel scripts choice and new technology diffusion. Further, the 

design of the experiment SINA is different from traditional stated choice designs by 

allowing multi-faceted adaptations. It dramatically increased the complexity of the 
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experiment, which raises the question of answers’ consistency. Some improvements 

could be made by adding more checks and warnings in SINA to  alert respondents 

about possibly unrealistic answers. In the current version of SINA, the monthly (28 

days) frequency on specific days of the week is asked for each script. However, there 

is no check of overlapping episodes on the same day of the week if the total frequency 

across the scripts exceeds four. Such checks could be added to the system to further 

judge the feasibility and validity of the response patterns in such complex 

experiments.  

Last, methodologically, the current long-term study is an example of a stated 

choice experiment that has become quite complex in the attempt of calculating the 

costs effects of multiple policies for each respondent and as the result of the decision 

to formulate the problem as a portfolio problem. While we claim this 

conceptualisation is powerful and does justice to the complexity of every day decision 

making compared to the often too hypothetical nature of many stated choice 

experiments, the richer conceptualisation and implementation of the experiment also 

substantially increase response burden. Additional work along these lines is thus 

needed to further judge the feasibility and validity of such experiments. Larger 

samples and/or most efficient design strategies are needed to estimate models that 

would allow estimating the effects of the detailed specification of the policy scenarios. 

In the present study, the focus has been on individual activity travel behaviour, 

energy consumption and response to increasing fuel prices. In cases of the existing 

data sets, there was no other choices as synchronises household level data either do 

not exist or are limited. In case of the dynamice activity model and the SINA 

experiment, in light of its complecity we started with the forumulation of individual 

level model and the corresponding data collection. However activity travel decisions 

have consequences and it could be argued that a substantial part involoves household 

level decisions (activity, task allocation, vehicle holding, household budget allocations). 

Hense, it is worthwild exploring  the possibility to expend the framework to houshole 

level decisions and data collection, none of which is trivial.  

Response behaviour may also be influenced by environmental attitudes. Because 

such data are not included in MON or the GPS panel data, we cannot separate out 

their effects. They are embedded in the average responses. Principle, a group of 

attitudinal questions could have been included in the SINA experiment, but this being 

the first application of the system, we do not know its ability and reliability and did 

not wish to paralyze these aspects by adding much questions further prolonging the 

already long time it takes to complete the experiment. Hence, we leave this issue for 

future research.   

 

  



 
 

200 
 

 

 

 

REFERENCES 

Aaheim, H.A. & Hauge, K.E. (2005). Impacts of climate change on travel habits: A 
national assessment based on individual choice. CICERO Report No. 2005:07. 
Center for International Climate and Environmental Research. Oslo. 

Aarts, H., Verplanken, B. & Van Knippenberg, A. (1998). Predicting behaviour from 
actions in the past. Repeated decision making or a matter of habits? Journal of 
Applied Social Psychology 28, 1355-1374. 

Abrahamse, W., Steg, L., Vlek, C. & Rothengatter, T. (2005). A review of intervention 
studies aimed at household energy conservation. Journal of Environment 
Psychology 25, 273-291.  

Achnicht, M. (2012). German car buyers willingness to pay to reduce CO2 emissions. 
Discussion Paper No. 09-058, Centre for European Economic Research, 
Mannheim, Germany.  

Alberti, M., Marzluff, J.M., Schulenberger, E., Bradley, G., Ryan, C. & Zumbrunnen, C. 
(2003). Integrating humans into ecology: Opportunities and challenges for 
studying urban ecosystems. BioScience 53(12), 143-158.  

Arentze, T.A. & Timmermans, H.J.P. (2000). Albatross: A learning-based trasportation 
oriented simulation system, Eindhoven: The Netherlands: European Institute of 
Retailing and Services Studies. 

Arentze, T.A. & Timmermans, H.J.P. (2005). Albatross version 2: A learning-based 
transportation oriented simulation system, Eindhoven: The Netherlands: 
European Institute of Retailing and Services Studies. 

Arentze, T.A. & Timmermans, H.J.P. (2009). A need-based model of multi-day, multi-
person activity generation. Transportation Research B 43(2), 251-265. 

http://www.sciencedirect.com/science/article/pii/S0272494407000746#bib2


 
 

201 
 

Arentze. T.A., Hofman F. & Timmermans, H.J.P. (2004). Predicting multi-faced activity-
travel adjustment strategies in response to possible congestion pricing scenarios 
using an internet based stated adaptation experiment. Transport Policy 11, 31-
41. 

Arentze, T.A., Ettema, D.F. & Timmermans, H.J.P. (2010). Incorporating time and 
income constraints in dynamic agent-based models of activity generation and 
time-use: Approach and illustration. Transportation Research C 18(1), 71-83. 

Axhausen, K.W., Schönfelder, S., Wolf, J., Oliveira, M. & Samaga, U. (2004). 80 weeks 
of GPS-traces: Approaches to enriching trip information. Proceedings of the 83rd 
TRB Annual Meeting, Washington, DC, USA.  

Balcombe, R., Mackett, R., Paully, N., Preston, J., Shires, J., Titheridge, H., Wardman, 
M. & White, P. (2004). The demand for public transport: A practical guide. TRL 
report, TRL593. www.DemandForPublic Transport. co.uk. 

Balmer, M., Rieser, M., Meister, K., Charypar, D., Lefebvre, N. & Nagel, K., (2009). 
Multi-Agent Systems for Traffic and Transportation Engineering, 57–78, 
Information Science Reference, Hershey. 

Ben-Elia, E., Boeije, H. & Ettema, D.F. (2011). Behaviour change dynamics in response 
to rewarding rush-hour avoidance: A qualitative research approach. Proceedings 
of the 90th TRB Annual Meeting, Washington, DC, USA.  

Berkhout, P.H.G., Muskens, J.C. & Velthuijsen, J.W. (2000). Defining the rebound 
effect. Energy Policy 28(6/7), 425-432.  

Bernard, J.T., Bolduc, D. & Yameogo, N.D. (2011). A pseudo-panel data model of 
household electricity demand. Resource and Energy Economics 33(1), 315-325.  

Berry, S., Levinsohn, J. & Pakes, A. (1995). Automobile prices in market equilibrium. 
Econometrica 63 (4), 841-890.  

Bhat, C.R., Guo, J.Y., Srinivasan, S. & Sivakumar, A. (2004). A comprehensive 
econometric micro-simulator for daily activity-travel patterns (CEMDAP). 
Transportation Research Record 1894, 57-66. 

Bhat, C.R., Sen, S. & Eluru, N. (2009). The impact of demographics, built environment 
attributes, vehicle characteristics, and gasoline prices on household vehicle 
holdings and use. Transportation Research B 43(1), 1-18.  

Bieber, A., Massot, M. & Orfeuil, J. (1994). Prospects for daily urban mobility. 
Transport Reviews 14(4), 321-339. 

Boer, E. Den, Brouwer, F. & van Essen, H. (2008). Studie naar Transport Emissies van 
Alle Modaliteiten, Delft: CE, Delft. 

Bomberg, M. (2007). Traveler response to the 2005 gas price spike. Proceedings of the 
86th TRB Annual Meeting, Washington, DC, USA.  

Brons, M., Nijkamp, P., Pels, E. & Rietveld, P. (2008). A meta-analysis of the price 
elasticity of gasoline demand. A system of equations approach. Energy 
Economics 30(5), 2015-2122. 

Brownstone, D. & Train, K. (1998). Forecasting new product penetration with flexible 
substitution patterns. Journal of Econometrics 89(1-2), 109-129.  

Carrus, G., Passafaro, P. & Bonnes, M. (2008). Emotions, habits and rational choices in 
ecological behaviours: The case of recycling and use of public transportation. 
Journal of Environmental Psychology 28, 51-62. 



 
 

202 
 

Caussade, S., Ortuzar, J., Rizzi L. & Hensher D.A. (2005). Assessing the influence of 
design dimensions on stated choice experiment estimates. Transportation 
Research B 39, 621-640. 

Cherchi, E., Meloni, I. & Ortuzar, J. (2014). The latent effect of inertia in the modal 
choice. In: Roorda, M.J. & Miller, E.J. (Eds), Travel Behavior Research: Current 
Foundations, Future Prospects. Toronto: Lulu.com, pp. 517-534. 

Cools, M., Moons, E. & Wets, G. (2010). Assessing the impact of weather on traffic 
intensity. American Meteorological Society 2(1), 60-68. 

Currie, G. & Phung J. (2008). Understanding links between transit ridership and auto 
gas prices – US and Australian evidence. Proceedings of the 87th TRB Annual 
Meeting, Washington, DC, USA.  

Dane, G.Z., Arentze, T.A.,Timmermans, H.J.P. & Ettema, D.F. (2015). Money allocation 
to out-of-home leisure activities and the organization of these activities in time 
and space. International Journal of Sustainable Transport 9, 398-404. 

Dargay, J.M. (2007). The effect of prices and income on car travel in the UK. 
Transportation Research A 41(10), 949-960.  

Dargay, J.M. & Clark, S. (2012). The determinants of long distance travel in Great 
Britain. Transportation Research A 46(3), 576-587.  

Deaton, A. (1985). Panel data from time serious of cross section. Journal of 
Econometrics 30, 109-126. 

Devillaine, F., Munizaga, M. & Centre-Ville, S. (2012). Detection of public transport 
user activities through the analysis of smartcard data: A qualitative research 
approach. Proceedings of the 91st TRB Annual Meeting, Washington, DC, USA.  

Dimitropoulos, J. (2007). Energy productivity improvements and the rebound effect: 
An overview of the state of knowledge. Energy Policy 35(12), 6354-6363. 

Doherty, S.T. & Miller, E.J. (2000). A computerized household activity scheduling 
survey. Transportation 27(1), 75-97. 

Doherty, S.T., Lee-Gosselin, M.E.H., Burns K. & Andrey, J. (2002). Household activity 
rescheduling in response to automobile reduction scenarios. Transportation 
Research Record 1807, 174-181. 

Draper, N.R. & Pukelsheim, F. (1998). Mixture models based on homogeneous 
polynomials. Journal of Statistical Planning and Inference 71, 303-311. 

Espey, M. (1998). Gasoline demand revisited: An international meta-analysis of 
elasticities. Energy Economics 20, 273-295.  

Ettema, D.F., Borgers, A.W.J. & Timmermans, H.J.P. (1994). Using interactive 
computer experiments for identifying activity scheduling heuristics. Paper 
presented at the Seventh International Conference on Travel Behavior, Santiago, 
Chile. 

Fatmi, M.R., Habib, M.A. & Salloum, S.A. (2014). Modeling short-term and long-term 
responses to the incresase in gas price: A latent class modeling approach. 
Proceedings of the 93rd TRB Annual Meeting, Washington D.C., USA.  

Feng, T. & Timmermans, H.J.P. (2012). Imputing transport model using GPS and 
accelerometer data. Proceedings 13th International Conference of the 
International Association for Travel Behavior Research, Toronto, Canada. 



 
 

203 
 

Feng, T. and H.J.P. Timmermans. (2014). Multi-week travel survey using GPS devices: 
Experiences in the Netherlands. In: Mobile Technologies for Activity-Travel Data 
Collection and Analysis. Rasouli, R. and Timmermans, H.J.P. (Eds.), IGI Galobal. 
pp. 104-119.  

Frondel, M. & Vance, C. (2010). Driving for fun? Comparing the effect of fuel prices on 
weekday and weekend fuel consumption. Energy Economics 32(1), 102-109. 

Gärling, T. & Axhausen, K.W. (2003). Introduction: Habitual travel choice. 

Transportation 30, 1-11. 

Gärling, T., Fujii, S. & Boe, O. (2001). Empirical tests of a model of determinants of 

script-based driving choice. Transportation Research F 4, 89-102. 

Gärling, T., Eek, D., Loukopoulos, P., Fujii, S., Johansson-Stenman,O., Kitamura, R., 

Pendyala, R.M. & Vilhelmsson, B. (2002). A conceptual analysis of the impact of 

travel demand management on private car use. Transport Policy 9(1), 59-70. 

Geller, E.S. (2002). The challenge of increasing pro-environment behavior. In: Bechtel, 
R.G. & Churchman, A. (Eds.), Handbook of Environmental Psychology. John 
Wiley: New York. pp. 525-540. 

Glerum, A., Themans, M. & Bierlaire, M. (2011). Modeling demand for electric 
vehicles: The effect of car users’ attitudes and perceptions. Proceedings Second 
International Choice Modeling Conference, Leeds, UK. 

Glerum, A. & Bierlaire, M. (2012). Accounting for response behavior heterogeneity in 
the measurement of attitudes: An application to demand for electric vehicles. 
Proceedings Swiss Transport Conference, Ascona, Switzerland. 

Golob, T.F. (1998). A model of household demand for activity participation and 
mobility. In: Gärling, T., Laitilla, T. & Westin, K. (Eds.), Theoretical Foundations of 
Travel Choice Modeling. Pergamon: Oxford, pp. 365-398. 

Goodwin, P. (1992). A review of new demand elasticities with special reference to 
short and long run effects of price changes. Journal of Transport Economics and 
Policy 26, 155-163.  

Graham, D. & Glaister, S. (2002). The demand for automobile fuel: A survey of 
elasticities. Journal of Transport Economics and Policy 36(1), 1-26. 

Graham, D. & Glaister, S. (2004). Road traffic demand elasticity estimates: A review. 
Transport Reviews 24(3), 261-274. 

Greening, L.A., Jeng, H.T., Formby, J.P. & Cheng, D.C. (1995). Use of region, life-cycle 
and role variables in the short-run estimation of the demand for gasoline and 
miles travelled. Applied Economics 27(7), 643–656.  

Haire, A.R. & Machemehl, R.B. (2007). The impact of rising fuel prices on US transit 
ridership. Transportation Research Board 1992, 11-19. 

Hanly, M., Dargay, J.M. & Goodwin, P. (2002). Review of income and price elasticities 
in the demand for road traffic. Report 2002/13 (London: ESRC Transport Studies 
Unit, University College London); available at: 
http://www.cts.ucl.ac.uk/tsu/elasfinweb.pdf. 

Hato, E. & Kitamura, R. (2008). Data oriented travel behavior analysis based on probe 
person systems. Innovations in Travel Demand Modeling 2, 187-196. 

http://www.cts.ucl.ac.uk/tsu/elasfinweb.pdf


 
 

204 
 

Hausman, J. & Wise, D. (1979). Attrition bias in experimental and panel data: The gary 
income maintenance experiment. Econometrica 47, 455-473. 

Heckman, J.J. (1976). The common structure of statistical models of truncation, 
sample selection and limited dependent variables and a simple estimator for 
such models. Annals of Economic and Social Measurement 5, 475-492. 

Hennessy, H. & Richard, S.J.T. (2011). The impact of tax reform on new car purchases 
in Ireland. Energy Policy 39 (11), 7059-7067. 

Hensher, D.A. (1994). Stated preference analysis of travel choices: The state of 
practice. Transportation 21, 107-133. 

Hensher, D.A. (2008). Assessing systematic sources of variation in public transport 
elasticities: Some comparative warnings. Transportation Research Part A 42 (7), 
1031-1042.  

Hensher, D.A. & Li, Z. (2010). Accounting for differences in modelled estimates of RP, 
SP and RP/SP direct petrol price elasticities for car mode choice: A warning. 
Transport Policy 17(3), 191-195.  

Hensher, D.A., Milthorpe, F. & Smith, N. (1990). The demand for vehicle use in the 
urban household sector: Theory and empirical evidence. Journal of Transport 
Economics and Policy 24(2), 119-137.  

Henson, K.M., Goulias, K.G. & Golledge, R.G. (2009). An assessment of activity-based 
modeling and simulation for applications in operational studies, disaster 
preparedness, and homeland security. Transportation Letters 1, 19–39. 

Hensher, D.A., Green, W.H., (2001). The mixed logit model: the state of practice and 
warnings for the unwary. Working paper, Institute of Transport Studies, 
University of Sydney, 1-39. 

Hollander, Y. (2010). The multiple objectives in travel demand modeling. Proceedings 
of the 89th TRB Annual Meeting, Washington, DC, USA.  

Holmgren, J. (2005). Demand and supply of public transport – the problem of cause 
and effect. In: Hensher, D.A. (Ed.), Competition and Ownership in Land 
Passenger Transport: Selected Refereed Papers from the International 
Conference. Elsevier: London, pp. 405-421. 

Holmgren, J. (2007). Meta-analysis of public transport demand. Transportation 
Research A 41, 1021-1035.  

Huang, B. (2007). The use of pseudo panel data for forecasting car ownership. 
Doctoral Dissertation, University of London. Jaeger, S.R. & Rose, J.M. (2008). 
Stated choice experimentation, contextual influences and food choice: A case 
study. Food Quality and Preference 19(6), 539-564. 

Jaeger, S.R. & Rose, J.M. (2008). Stated choice experimentation, contextual influences 
and food choice: A case study. Food Quality and Preference 19(6), 539-564. 

Jäggi, B. & Axhausen, K.W. (2011). Modeling long term investment decisions in 
housing and transportation. Proceedings Swiss Transport Conference, Ascona, 
Switzerland. 

Jensen, F.A., Cherchi, E. & Mabit, S.(2013). On the stability of preferences and 
attitudes before and after experiencing an electric vehicle. Transportation 
Research Part D 25, 24-32. 



 
 

205 
 

Jones, P.M. (1979a). HATS: A technique for investigating household decisions. 
Environment and Planning A 11 (1), 59-70.  

Jones, P.M. (1979b). Methodology for assessing transportation policy impacts. 
Transportation Research Record 723, 52-58.  

Kayser, H.A. (2000). Gasoline demand and car choice: Estimating gasoline demand 
using household information. Energy Economics 22, 331-348. 

Kennedy, D. & Wallis, I. (2007). Impact of fuel price changes on New Zealand 
transport. Land Transport New Zealand Research Report 331. Land Transport 
New Zealand.  

Kremers, H., Nijkamp, P. & Rietveld, P. (2002). A meta-analysis of price elasticities of 
transport demand in a general equilibrium framework. Economic Modelling 19, 
463-485.  

Kua, H.W. & Wong, S.E. (2012). Lessons for integrated household energy conservation 
policies from an intervention study in Singapore. Energy Policy 47, 49-56. 

Kwan, M.P. (1999). Gender, the home‐work link, and space‐time patterns of non-
employment activities. Economic Geography 75, 370-394. 

Kyriazidou, E. (1997). Estimation of a panel data sample selection model. 
Econometrica 65, 1335-1364. 

Lee-Gosselin, M.E.H. (1989). In-depth research on lifestyle and household car use 
under future conditions in Canada. In: International Association for Travel 
Behaviour Research (Ed.), Travel Behavior Research, Aldershot: Avebury, pp. 
102-118. 

Lee-Gosselin, M.E.H. (1990). The dynamics of car use patterns under different 
scenarios: A gaming approach. In: Jones, P.M. (Ed.), Developments in Dynamic 
and Activity-Based Approaches to Travel Analysis. Aldershot: Gower, pp. 250-
271. 

Lopes, M.A.R., Antunes, C.H. & Martins, N. (2012). Energy behaviors as promoters of 
energy efficiency: A 21st century review. Renewable and Sustainable Energy 
Reviews 16, 4095-4104.  

Louviere, J., Hensher, D.A., Swait J.D. & Adamowicz, W. (2000). Stated Choice 
Methods: Analysis and Applications. Cambridge University Press: New York. 

Mabit, S. L. & Fosgerau, M.(2011). Demand for alternative-fuel vehicles when 
registration taxes are high. Transportation Research D 16(3), 225-231. 

Mattson, J., (2008). The effects of gasoline prices on bus ridership for different types 
of transit systems. Journal of the Transportation Research Forum 47(3), 5-21. 

McCalley, L.T. & Midden, C.J.H. (2002). Energy conservation through product-
integrated feedback: The roles of goal-setting and social orientation. Journal of 
Economic Psychology 23, 589-603.  

Miller, E.J. & Roorda, M. (2003). A prototype model of household activity-travel 
scheduling. Transportation Research Record 1831, 98-105. 

Moiseeva, A., Jessurun, J. & Timmermans, H.J.P. (2010). Semiautomatic imputation of 
activity travel diaries: Use of global positioning system traces, prompted recall, 
and context-sensitive learning algorithms. Transportation Research Board 2183, 
60-68. 



 
 

206 
 

Moiseeva., A. & Timmermans., H.J.P. (2010). Imputing relevant information from 
multi-day GPS tracers for retail planning and management using data fusion and 
context-sensitive learning. Journal of Retailing and Consumer Services 17, 189-
199. 

Newbold, K.B., Scott, D.M., Spinney, J.E.L., Kanaroglou, P. & Paez, A. (2005). Travel 
behavior within Canada’s older population: A cohort analysis. Journal of 
Transport Geography 13(4), 340-351.  

Oppewal, H. & Timmermans, H.J.P. (1991). Context effects and decompositional 
choice modeling. The Journal of Regional Science 70, 113-131. 

Oum,T.H., Waters, W.G. & Yong, J.S. (1992). Concepts of price elasticities of transport 
demand and recent empirical estimates: An interpretative survey. Journal of 
Transport Economics and Policy 23, 163-187.  

Pendyala, R.M., Kitamura, R. & Kikuchi, A. (2005). The Florida activity mobility 
simulator. Transportation Research Record 1921, 123-130. 

Phifer, S.P., Neveu, A.J. & Hartgen, D.T. (1980). Family reactions to energy constraints, 
Transportation Research Record 765, 12-16.  

Pinjari, A.R. & Bhat, C. (2011). An efficient forecasting procedure for Kuhn-Tucker 
consumer demand model systems: Application to residential energy 
consumption analysis, 1-48, avaialbe at: http://www.ce.utexas.edu 
/prof/bhat/ABSTRACTS/Pinjari_Bhat_MDCEV_Forecasting_June14_RES.pdf. 

Puller, S.L. & Greening, L. A. (1999). Household adjustment to gasoline price change: 
An analysis using 9 years of US survey data. Energy Economics 21(1), 37-52.  

Raghavarao, D. & Wiley, J.B. (2009). Conjoint measurement with constraints on 
attribute levels: A mixture-amount model approach. International Statistical 
Review 77, 167-178. 

Rasouli, S. & Timmermans, H.J.P. (2012). Uncertainty in travel demand forecasting 
models: Literature review and research agenda. Transportation Letters 4(1), 55-
73. 

Rasouli, S. & Timmermans, H.J.P. (2014). Activity-based models of travel demand: 
Promises, progress and prospects. International Journal of Urban Sciences 18(1), 
1-30. 

Rasouli, S. & Timmermans, H.J.P. (2015). Influence of social networks on latent choice 
of electiric cars: A mixed logit specification using experimental design data. 
Networks and Spatial Economics, to appear. 

Redmond, L. and Mokhtarian, P. L. (2001). The positive utility of the commute: 
Modeling ideal commute time and relative desired commute amount. 
Transportation 28(2), 179-205. 

Ren, F. & Kwan, M.P. (2009). The impact of the Internet on human activity-travel 
patterns: Analysis of gender differences using multi-group structural equation 
models. Journal of Transport Geography 17(6), 440-450. 

Rentziou, A., Gkritza, K. & Souleyrette, R.R. (2012). VMT, energy consumption, and 
GHG emissions forecasting for passenger transportation. Transportation 
Research A 46(3), 487-500. 



 
 

207 
 

Romero-Jordán, D., Del Rio, P., Jorge-Garcia, M. & Burguillo, M. (2010). Price and 
income elasticities of demand for passenger transport fuels in Spain. Energy 
Policy 38(8), 3898-3909.  

Rose, J.M. & Bliemer, M.C.J. (2005). Constructing efficient choice experiments, 
Working Paper, ITLS-WP-05- 07. Institute of Transport and Logistics Studies, The 
University of Sydney, Sydney. 

Rouwendal, J. (1996). An economic analysis of fuel use per kilometer by private cars. 
Journal of Transport Economics and Policy 30, 3-14. 

Sabir, M., Koetse, M.J. & Rietveld, P. (2008). The impact of weather conditions on 
mode choice decisions: Empirical evidence for the Netherlands. Discussion 
paper in Tinbergen Institute. VU University, Amsterdam.  

Saneinejad, S., Roorda, M.J. & Kennedy, C. (2012). Modeling the impact of weather 
conditions on active transportation travel behavior. Transportation Research 
Part D 17, 129-137. 

Schafer, A. & Victor, D.G. (2000). The future mobility of the world population. 
Transportation Research A 34(3), 171-205.  

Scheffe, H., (1958). Experiments with mixtures, Royal Statistical Society Journal 20, 
344-360.  

Schlich, R. & Axhausen, K.W. (2003). Habitual travel behaviour: Evidence from a six-
week travel diary. Transportation 30(1), 13-36. 

Sezgan, O. & Koomey, J.G. (2000). Interactions between lighting and space 
conditioning energy use in US commercial buildings. Energy 25, 793-805. 

Staats, H.J., Wit, A.P. & Midden, C.Y.H. (1996). Communicating the greenhouse effect 
to the public: Evaluation of a mass media campaign from a social dilemma 
perspective. Journal of Environmental Management 45, 189-203. 

Sugie, Y., Zhang, J. & Fujiwara, A. (2003). A weekend shopping activity participation 
model dependent on weekday shopping behavior. Journal of Retailing and 
Consumer Services 10(6), 335-343. 

Tanimoto, J., Hagishima, A. & Sagara. H.A. (2008). Methodology for peak energy 
requirement considering actual variation of occupants’ behavior schedules. 
Building and Environment 43, 610-619. 

Tian, G. & Fang. K. (1999). Uniform designs for mixture-amount experiments and for 
mixture experiments under order restrictions. Science in China Series A: 
Mathematics 42, 456-470.  

Truelove, H.B. & Parks, C. (2012). Perceptions of behaviors that cause and mitigate 
global warming and intentions to perform these behaviors. Journal of 
Environmental Psychology 32, 246-259. 

Tsai, C., Leong, W. Mulley, C. & Clifton, G. (2012). Examining estimator bias and 
efficiency for pseudo panel data: A Monte Carlo simulation approach. 
Proceedings of the 91st TRB Annual Meeting, Washington, DC, USA.  

Verbeek, M. (1990). On the estimation of a fixed effects model with selectivity bias. 
Economics Letters 34, 267-270. 

Verbeek, M. & Nijman, T. (1992). Testing for selectivity bias in panel data models. 
International Economic Review 33(3), 681-703. 



 
 

208 
 

Verhoeven, M. (2010). Modelling Life Trajectories and Transport Mode Choice Using, 
Bayesian Belief Networks. Ph.D. Thesis, Technische Universiteit Eindhoven, the 
Netherlands. 

Vilhelmson, B. (1999). Daily mobility and the use of time for different activities: The 
case of Sweden. GeoJournal 48, 177–185.  

Wadud, Z. Graham, D. & Noland, R.B. (2007). Modelling fuel demand for different 
social-economic groups. Proceedings of the 86th TRB Annual Meeting, 
Washington, DC, USA.  

Wang, G. & Skinner, D. (1984). The impact of fare and gasoline price changes on 
monthly transit ridership: Empirical evidence from seven U.S. transit authorities. 
Transportation Research B 18(1), 29-41.  

Wang, T. & Chen, C. (2012). Understanding the changes of vehicle miles travelled in 
response to fuel price and fuel efficiency for different income groups. 
Proceedings of the 91st TRB Annual Meeting, Washington, DC, USA.  

Wardman, M. & Grant-Muller, S. (2011). Price elasticities of travel demand in Great 
Britain: A meta-analysis. Proceedings of the 90th TRB Annual Meeting, 
Washington, DC, USA.  

Wardman, M. & Shires, J. (2004). Review of fares elasticities in Great Britain. Paper 
presented at 10th World Conference on Transport Research, Istanbul, Turkey. 

Warunsiri, S. & McNown, R. (2010). The returns to education in Thailand: A pseudo-
panel approach. World Development 38(11), 1616-1625.  

Wegener, M. (2013). The future of mobility in cities: Challenges for urban modelling. 
Transport Policy 29, 275-282. 

Weis, C. & Axhausen, K.W. (2009). Induced travel demand: evidence from a pseudo 
panel data based structural equations model. Research in Transportation 
Economics 25(1), 8-18. 

Weis, C. & Axhausen, K.W. (2012). Assessing changes in travel behaviour induced by 
modified travel times: A stated adaptation survey and modelling approach. disP 
- The Planning Review 48(3), 40-53. 

Weis, C., Dobler, C. & Axhausen, K.W. (2011). A stated adaptation approach to 
surveying activity scheduling decisions. Paper presented at the 9th International 
Conference on Transport Survey Methods, Termas de Puyehue, Chile. 

Wiley, J.B.& Timmermans, H,J.P. (2009). Modelling portfolio choice in transportation 
research. Transport Reviews 29(5), 569-586. 

Winett, R.A., Kagel, J.H., Battalio, R.C. & Winkler, R.C. (1978). Effects of monetary 
rebates, feedback and information on residential electricity conservation. 
Journal of Applied Psychology 63(1), 73-80. 

Yanez, M.F., Cherchi, E., Heydecker, B.G. & Ortuzar, J. (2011). On the treatment of the 
repeated observations in panel data: Efficiency of mixed logit parameter 
estimates. Network and Spatial Economics 11, 393-418. 

Yanmaz-Tuzel, O. & Ozbay, K. (2010). Impacts of gasoline prices on New Jersey transit 
ridership. Transportation Research Record 2144, 52-61.  

Yu, B., Zhang, J. & Fujiwara. A. (2012). Analysis of the residential location choice and 
household energy consumption behavior by incorporating multiple self-
selection effects. Energy Policy 46, 319-334. 



 
 

209 
 

Yun, D. & O’Kelly, M. (1997). Modeling the day-of-the-week shopping activity and 
travel patterns. Socio-Economic Planning Sciences 31(4), 307-319. 

Zabel, J. (1992). Estimating fixed and random effects models with selectivity. 
Economics Letters 40, 269-272. 

Zhang, T., Siebers, P. & Aickelin, U. (2012). A three-dimensional model of residential 
energy consumer archetypes for local energy policy design in the UK. Energy 
Policy 47, 102-110. 

Zheng, Z., Mao, B. Liu, M. Chen, J. & Guo, J. (2007). Analysis of travel characteristics of 
elders in Beijing. Journal of Transportation Systems Engineering and Information 
Technology 7(6), 11–20. 

 



 
 

210 
 

 

 

 

APPENDIX 1 

 

 

 

 

 

 



 
 

 

2
1

1
 

 

RESULTS OF THE MIXED LOGIT MODEL 

Variable Variable description 
100 

Coef |P[|Z|>z] 

A First order energy-saving 0.13 0.00 
A2 Second order energy-saving -0.00 0.00 
AX Energy-saving by buying a more efficient car -0.03 0.00 
AY Energy-saving by using slow modes more often 0.00 0.77 
X Buying an energy efficient car -0.47 0.21 
Y Using slow modes more often -0.65 0.07 
Z Saving energy at home -0.89 0.01 
XY Interaction between buying a more efficient car and using slow modes more often 1.28 0.00 
XZ Interaction between buying a more efficient car and saving energy at home -0.43 0.42 
YZ Interaction between using slow modes more often and saving energy at home 2.26 0.00 
St.dev(A) 

Random parts of the basic function 

0.04 0.00 
St.dev(A2) 0.00 0.00 
St.dev(AX) 0.08 0.00 
St.dev(AY) 0.06 0.00 
St.dev(X) 1.19 0.00 
St.dev(Y) 2.20 0.00 
St.dev(Z) 1.37 0.00 
St.dev(XY) 1.65 0.01 
St.dev(XZ) 4.43 0.00 
C1A Interaction between season and first order energy-saving -0.02 0.00 
C1A2 Interaction between season and second order energy-saving 0.00 0.00 
C1AX Interaction between season and buying a more efficient car 0.01 0.08 
C1AY Interaction between season and saving by using more slow modes 0.01 0.00 
C1X Interaction between season and an energy efficient car -0.47 0.05 
C1YZ Interaction among season and using slow modes more often and saving energy at home 0.59 0.05 
C2A Interaction between luggage and first order energy-saving -0.01 0.02 
C2A2 Interaction between luggage and second order energy-saving 0.00 0.02 
C2X Interaction between luggage and buying a more efficient car -0.40 0.00 
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Variable Variable description 
100 

Coef |P[|Z|>z] 

C2Y Interaction between luggage and saving by using slow modes more often 0.45 0.00 
C2XZ Interaction among luggage and a more efficient car and saving energy at home -0.51 0.14 
C1C2Y Interaction among season, luggage and using more slow modes 0.16 0.03 
I1A Interaction between low income and first order energy-saving -0.07 0.00 
I1A2 Interaction between low income and second order energy-saving 0.00 0.00 
PTDA Interaction between PTD and first order energy-saving 0.04 0.00 
PTDA2 Interaction between PTD and second order energy-saving 0.00 0.00 
PTDXY Interaction among PTD and a more efficient car and using slow modes more often 1.79 0.01 
PTDXZ Interaction among PTD and a more efficient car and saving energy at home 2.33 0.01 
Rho-sqrd 0.285  
Rho-sqAdj 0.282  

Variable 
200  300  400  500  600  700  

Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  

A 0.13 0.00  0.13 0.00  0.12 0.00  0.14 0.00  0.13 0.00  0.14 0.00  
A2 -0.00 0.00  -0.00 0.00  -0.00 0.00  -0.00 0.00  -0.00 0.00  -0.00 0.00  
AX 0.00 0.66  0.00 0.76  0.00 0.70  -0.01 0.15  -0.02 0.03  -0.01 0.34  
AY 0.00 0.91  0.01 0.20  0.01 0.12  0.01 0.26  0.02 0.04  0.01 0.51  
X -1.59 0.00  -1.57 0.00  -1.36 0.00  -1.18 0.01  -1.14 0.01  -1.70 0.00  
Y -0.12 0.74  -0.64 0.10  0.08 0.83  -0.28 0.47  -1.05 0.01  -0.37 0.36  
Z -0.78 0.03  -0.69 0.06  -0.29 0.42  -0.68 0.06  -0.73 0.05  -0.94 0.01  
XY 0.76 0.15  1.68 0.00  1.12 0.03  1.30 0.02  1.46 0.00  1.55 0.00  
XZ -0.52 0.42  -0.56 0.33  -0.76 0.20  -0.60 0.32  -0.81 0.19  -0.37 0.53  
YZ 2.31 0.00  2.58 0.00  2.68 0.00  2.58 0.00  2.68 0.00  2.65 0.00  
St.dev(A) 0.03 0.00  0.03 0.00  0.05 0.00  0.04 0.00  0.04 0.00  0.01 0.00  
St.dev(A2) 0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  
St.dev(AX) 0.03 0.00  0.01 0.11  0.03 0.00  0.05 0.00  0.06 0.00  0.04 0.00  
St.dev(AY) 0.08 0.00  0.06 0.00  0.04 0.00  0.06 0.00  0.03 0.00  0.06 0.00  
St.dev(X) 2.90 0.00  3.30 0.00  3.09 0.00  2.85 0.00  2.78 0.00  3.17 0.00  
St.dev(Y) 1.41 0.00  3.05 0.00  3.26 0.00  2.71 0.00  2.99 0.00  2.50 0.00  



 
 

 

2
1

3
 

 

Variable 
200  300  400  500  600  700  

Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  

St.dev(Z) 1.77 0.00  2.08 0.00  1.85 0.00  1.93 0.00  1.90 0.00  1.99 0.00  
St.dev(XY) 2.75 0.00  1.66 0.03  3.43 0.00  3.77 0.00  3.24 0.00  3.38 0.00  
St.dev(XZ) 4.08 0.00  5.00 0.00  4.50 0.00  5.29 0.00  5.46 0.00  5.83 0.00  
C1A -0.02 0.00  -0.02 0.00  -0.02 0.00  -0.02 0.00  -0.02 0.00  -0.02 0.00  
C1A2 0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  
C1AX 0.01 0.03  0.01 0.07  0.01 0.02  0.01 0.03  0.01 0.02  0.01 0.04  
C1AY 0.01 0.00  0.01 0.00  0.01 0.00  0.01 0.00  0.01 0.00  0.01 0.00  
C1X -0.58 0.02  -0.54 0.03  -0.65 0.01  -0.64 0.02  -0.66 0.01  -0.62 0.02  
C1YZ 0.59 0.06  0.65 0.04  0.56 0.07  0.62 0.05  0.67 0.03  0.61 0.05  
C2A -0.01 0.00  -0.02 0.00  -0.01 0.01  -0.02 0.00  -0.02 0.00  -0.01 0.01  
C2A2 0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.01  
C2X -0.39 0.00  -0.33 0.00  -0.39 0.00  -0.39 0.00  -0.37 0.00  -0.43 0.00  
C2Y 0.49 0.00  0.56 0.00  0.54 0.00  0.49 0.00  0.54 0.00  0.49 0.00  
C2XZ -0.74 0.03  -0.63 0.08  -0.69 0.05  -0.79 0.03  -0.60 0.10  -0.76 0.04  
C1C2Y 0.15 0.04  0.14 0.06  0.15 0.05  0.17 0.03  0.15 0.05  0.18 0.02  
I1A -0.07 0.00  -0.09 0.00  -0.10 0.00  -0.08 0.00  -0.09 0.00  -0.10 0.00  
I1A2 0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  
PTDA 0.05 0.00  0.04 0.00  0.05 0.00  0.03 0.01  0.05 0.00  0.04 0.01  
PTDA2 0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 0.01  
PTDXY 2.46 0.00  1.82 0.01  2.36 0.00  2.43 0.01  1.92 0.02  2.22 0.01  
PTDXZ 1.97 0.02  2.47 0.01  2.76 0.00  3.20 0.00  2.80 0.00  2.04 0.04  
Rho-sqrd 0.288  0.293  0.294  0.293  0.295  0.294  
Rho-sqAdj 0.286  0.291  0.292  0.291  0.293  0.292  

Variable 
800 

 
900 

 
1000 

 
1100 

 
1200 

 
1300 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

A 0.14 0.00   0.15 0.00   0.14 0.00   0.13 0.00 
 

0.14 0.00 
 

0.14 0.00 
A2 -0.00 0.00   -0.00 0.00   -0.00 0.00   -0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

AX -0.01 0.41   -0.03 0.01   0.00 0.72   0.00 0.93 
 

-0.01 0.25 
 

-0.01 0.62 
AY 0.01 0.16   0.01 0.20   0.00 0.57   0.02 0.01 

 
0.01 0.25 

 
0.01 0.12 
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Variable 
800 

 
900 

 
1000 

 
1100 

 
1200 

 
1300 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

X -1.74 0.00   -1.09 0.01   -1.51 0.00   -1.62 0.00 
 

-1.68 0.00 
 

-1.57 0.00 
Y -0.32 0.42   -0.84 0.04   -0.49 0.23   -0.30 0.47 

 
-0.69 0.10 

 
-0.43 0.28 

Z -0.68 0.07   -0.99 0.01   -0.65 0.08   -0.74 0.05 
 

-1.02 0.01 
 

-0.94 0.02 
XY 0.91 0.09   1.35 0.01   1.21 0.02   1.30 0.01 

 
1.47 0.01 

 
1.44 0.01 

XZ -1.41 0.03   -0.32 0.58   -0.65 0.30   -0.84 0.19 
 

-1.18 0.07 
 

-0.62 0.33 
YZ 2.62 2.62   2.64 0.00   2.63 0.00   2.73 0.00   2.69 0.00   2.59 0.00 
St.dev(A) 0.04 0.04   0.00 0.94   0.03 0.00   0.03 0.00 

 
0.01 0.02 

 
0.04 0.00 

St.dev(A2) 0.00 0.00   0.00 0.00   0.00 0.00   0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
St.dev(AX) 0.04 0.04   0.06 0.00   0.03 0.00   0.02 0.00 

 
0.04 0.00 

 
0.04 0.05 

St.dev(AY) 0.07 0.07   0.04 0.00   0.07 0.00   0.04 0.00 
 

0.06 0.00 
 

0.06 0.00 
St.dev(X) 2.72 2.72   2.49 0.00   3.09 0.00   3.40 0.00 

 
3.15 0.00 

 
3.10 0.00 

St.dev(Y) 2.69 2.69   2.95 0.00   2.91 0.00   3.05 0.00 
 

3.09 0.00 
 

2.65 0.00 
St.dev(Z) 2.11 2.11   2.25 0.00   2.05 0.00   1.97 0.00 

 
2.20 0.00 

 
2.13 0.00 

St.dev(XY) 3.58 3.58   3.19 0.00   3.23 0.00   3.27 0.00 
 

3.89 0.00 
 

3.59 0.00 
St.dev(XZ) 5.88 5.88   4.15 0.00   5.12 0.00   5.51 0.00   5.71 0.00   4.69 0.00 
C1A -0.02 -0.02   -0.02 0.00   -0.02 0.00   -0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

C1A2 0.00 0.00   0.00 0.00   0.00 0.00   0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
C1AX 0.01 0.01   0.01 0.03   0.01 0.03   0.01 0.04 

 
0.01 0.03 

 
0.01 0.05 

C1AY 0.01 0.01   0.01 0.00   0.01 0.00   0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
C1X -0.54 -0.54   -0.66 0.01   -0.62 0.02   -0.59 0.02 

 
-0.65 0.01 

 
-0.56 0.03 

C1YZ 0.62 0.62   0.65 0.04   0.60 0.06   0.66 0.04 
 

0.64 0.04 
 

0.62 0.05 
C2A -0.02 -0.02   -0.01 0.01   -0.02 0.00   -0.02 0.00 

 
-0.01 0.01 

 
-0.01 0.01 

C2A2 0.00 0.00   0.00 0.02   0.00 0.00   0.00 0.00 
 

0.00 0.01 
 

0.00 0.01 
C2X -0.36 -0.36   -0.44 0.00   -0.36 0.00   -0.38 0.00 

 
-0.43 0.00 

 
-0.39 0.00 

C2Y 0.54 0.54   0.53 0.00   0.54 0.00   0.52 0.00 
 

0.54 0.00 
 

0.55 0.00 
C2XZ -0.76 -0.76   -0.68 0.06   -0.78 0.03   -0.71 0.06 

 
-0.86 0.02 

 
-0.76 0.04 

C1C2Y 0.19 0.19   0.17 0.03   0.17 0.03   0.17 0.03 
 

0.17 0.03 
 

0.15 0.06 
I1A -0.09 -0.09   -0.09 0.00   -0.09 0.00   -0.08 0.00 

 
-0.10 0.00 

 
-0.10 0.00 

I1A2 0.00 0.00   0.00 0.00   0.00 0.00   0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
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Variable 
800 

 
900 

 
1000 

 
1100 

 
1200 

 
1300 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

PTDA 0.04 0.04   0.04 0.00   0.05 0.00   0.05 0.00  0.05 0.00  0.05 0.00 
PTDA2 0.00 0.00   0.00 0.00   0.00 0.00   0.00 0.00  0.00 0.00  0.00 0.00 
PTDXY 1.79 1.79   1.85 0.03   1.95 0.02   2.00 0.02 

 
2.46 0.01 

 
1.76 0.04 

PTDXZ 3.13 3.13   3.03 0.00   2.73 0.00   3.14 0.00 
 

3.26 0.00 
 

2.88 0.00 
Rho-sqrd 0.296   

 
 0.294 

 
  0.296   

 
 0.295 

 
 0.296 

  
0.296 

 
Rho-sqAdj 0.294   

 
 0.292 

 
  0.294   

 
 0.293 

 
 0.294 

  
0.294 

 

Variable 
1400 

 
1500 

 

1600 
 

1700 
 

1800 
 

1900 

Coef |P[|Z|>z]   Coef |P[|Z|>z] Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

A 0.13 0.00 
 

0.14 0.00   0.14 0.00 
 

0.13 0.00 
 

0.14 0.00 
 

0.13 0.00 
A2 -0.00 0.00 

 
-0.00 0.00   -0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

AX 0.00 0.90 
 

0.00 0.93   0.00 0.64 
 

-0.01 0.25 
 

-0.02 0.03 
 

-0.01 0.22 
AY 0.01 0.37 

 
0.01 0.41   0.00 0.75 

 
0.01 0.09 

 
0.01 0.28 

 
0.01 0.15 

X -1.74 0.00 
 

-1.72 0.00   -1.44 0.00 
 

-1.43 0.00 
 

-1.15 0.01 
 

-1.36 0.00 
Y -0.30 0.47 

 
-0.37 0.37   -0.42 0.31 

 
-0.38 0.36 

 
-0.40 0.34 

 
-0.35 0.40 

Z -0.60 0.12 
 

-0.63 0.10   -0.72 0.06 
 

-0.62 0.09 
 

-0.82 0.03 
 

-0.70 0.06 
XY 1.53 0.01 

 
1.51 0.01   1.52 0.01 

 
1.53 0.00 

 
1.35 0.01 

 
1.32 0.02 

XZ -0.42 0.52 
 

-0.31 0.63   -0.65 0.30 
 

-0.97 0.13 
 

-0.46 0.45 
 

-0.66 0.29 
YZ 2.70 0.00   2.72 0.00   2.73 0.00   2.77 0.00   2.66 0.00   2.61 0.00 
St.dev(A) 0.02 0.00 

 
0.02 0.00   0.02 0.00 

 
0.05 0.00 

 
0.03 0.00 

 
0.04 0.00 

St.dev(A2) 0.00 0.00 
 

0.00 0.00   0.00 0.00 
 

0.00 0.07 
 

0.00 0.00 
 

0.00 0.00 
St.dev(AX) 0.02 0.05 

 
0.02 0.00   0.03 0.00 

 
0.05 0.00 

 
0.07 0.00 

 
0.05 0.00 

St.dev(AY) 0.06 0.00 
 

0.06 0.00   0.07 0.00 
 

0.05 0.00 
 

0.06 0.00 
 

0.06 0.00 
St.dev(X) 3.49 0.00 

 
3.59 0.00   3.76 0.00 

 
3.30 0.00 

 
2.37 0.00 

 
3.07 0.00 

St.dev(Y) 2.95 0.00 
 

2.95 0.00   3.16 0.00 
 

3.41 0.00 
 

2.96 0.00 
 

2.84 0.00 
St.dev(Z) 2.10 0.00 

 
2.14 0.00   2.14 0.00 

 
1.98 0.00 

 
1.92 0.00 

 
1.99 0.00 

St.dev(XY) 4.08 0.00 
 

4.08 0.00   3.87 0.00 
 

3.81 0.00 
 

3.64 0.00 
 

3.82 0.00 
St.dev(XZ) 5.88 0.00   5.95 0.00   5.27 0.00   5.65 0.00   5.07 0.00   5.32 0.00 
C1A -0.02 0.00 

 
-0.02 0.00   -0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

C1A2 0.00 0.00 
 

0.00 0.00   0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
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Variable 
1400 

 
1500 

 

1600 
 

1700 
 

1800 
 

1900 

Coef |P[|Z|>z]   Coef |P[|Z|>z] Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

C1AX 0.01 0.02 
 

0.01 0.03   0.01 0.04 
 

0.01 0.03 
 

0.01 0.03 
 

0.01 0.03 
C1AY 0.01 0.00 

 
0.01 0.00   0.01 0.00 

 
0.01 0.00 

 
0.01 0.00 

 
0.01 0.00 

C1X -0.65 0.01 
 

-0.63 0.02   -0.61 0.02 
 

-0.62 0.02 
 

-0.64 0.01 
 

-0.64 0.02 
C1YZ 0.65 0.04 

 
0.66 0.04   0.65 0.04 

 
0.63 0.05 

 
0.61 0.05 

 
0.64 0.04 

C2A -0.02 0.00 
 

-0.02 0.00   -0.02 0.01 
 

-0.01 0.01 
 

-0.02 0.00 
 

-0.02 0.00 
C2A2 0.00 0.00 

 
0.00 0.00   0.00 0.01 

 
0.00 0.01 

 
0.00 0.01 

 
0.00 0.01 

C2X -0.40 0.00 
 

-0.40 0.00   -0.40 0.00 
 

-0.43 0.00 
 

-0.42 0.00 
 

-0.40 0.00 
C2Y 0.53 0.00 

 
0.52 0.00   0.54 0.00 

 
0.53 0.00 

 
0.49 0.00 

 
0.54 0.00 

C2XZ -0.77 0.04 
 

-0.79 0.04   -0.76 0.04 
 

-0.77 0.04 
 

-0.72 0.05 
 

-0.79 0.03 
C1C2Y 0.17 0.03 

 
0.17 0.03   0.17 0.03 

 
0.16 0.05 

 
0.17 0.03 

 
0.18 0.02 

I1A -0.11 0.00 
 

-0.11 0.00   -0.11 0.00 
 

-0.11 0.00 
 

-0.10 0.00 
 

-0.10 0.00 
I1A2 0.00 0.00 

 
0.00 0.00   0.00 0.00 

 
0.00 0.00 

 
0.00 0.00 

 
0.00 0.00 

PTDA 0.06 0.00 
 

0.06 0.00   0.05 0.00 
 

0.06 0.00 
 

0.05 0.00 
 

0.06 0.00 
PTDA2 0.00 0.00 

 
0.00 0.00   0.00 0.00 

 
0.00 0.00 

 
0.00 0.00 

 
0.00 0.00 

PTDXY 1.81 0.04 
 

1.80 0.04   1.74 0.04 
 

1.80 0.04 
 

1.75 0.04 
 

1.99 0.03 
PTDXZ 2.78 0.01 

 
2.67 0.01   2.56 0.01 

 
3.04 0.00 

 
2.70 0.01 

 
2.91 0.00 

Rho-sqrd 0.296   0.296   0.296   0.298   0.296   0.297 
Rho-sqAdj 0.294   0.294   0.294   0.296   0.294   0.295 

Variable 
2000 

 
2100 

 
2200 

 
2300 

 
2400 

 
2500 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

A 0.14 0.00 
 

0.14 0.00 
 

0.14 0.00 
 

0.14 0.00 
 

0.14 0.00 
 

0.13 0.00 
A2 -0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

AX 0.00 0.95 
 

-0.01 0.33 
 

-0.01 0.40 
 

-0.02 0.22 
 

-0.01 0.12 
 

-0.01 0.30 
AY 0.01 0.27 

 
0.01 0.14 

 
0.01 0.26 

 
0.01 0.16 

 
0.01 0.10 

 
0.01 0.46 

X -1.50 0.00 
 

-1.34 0.00 
 

-1.70 0.00 
 

-1.45 0.00 
 

-1.54 0.00 
 

-1.65 0.00 
Y -0.35 0.40 

 
-0.53 0.23 

 
-0.47 0.25 

 
-0.58 0.17 

 
-0.53 0.20 

 
-0.22 0.60 

Z -0.73 0.06 
 

-0.64 0.09 
 

-0.84 0.03 
 

-0.95 0.02 
 

-0.97 0.01 
 

-0.62 0.10 
XY 1.53 0.00 

 
1.53 0.00 

 
1.31 0.02 

 
1.32 0.02 

 
1.46 0.01 

 
1.14 0.04 

XZ -0.22 0.73 
 

-0.65 0.31 
 

-0.35 0.58 
 

-0.55 0.39 
 

-0.48 0.45 
 

-0.43 0.49 
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Variable 
2000 

 
2100 

 
2200 

 
2300 

 
2400 

 
2500 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

YZ 2.65 0.00   2.72 0.00   2.65 0.00   2.73 0.00   2.77 0.00   2.64 0.00 
St.dev(A) 0.03 0.00 

 
0.03 0.00 

 
0.02 0.00 

 
0.02 0.00 

 
0.03 0.00 

 
0.03 0.00 

St.dev(A2) 0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
St.dev(AX) 0.03 0.00 

 
0.05 0.00 

 
0.04 0.00 

 
0.06 0.00 

 
0.05 0.00 

 
0.04 0.00 

St.dev(AY) 0.06 0.00 
 

0.04 0.00 
 

0.06 0.00 
 

0.05 0.00 
 

0.04 0.00 
 

0.07 0.00 
St.dev(X) 3.72 0.00 

 
3.23 0.00 

 
3.24 0.00 

 
3.05 0.00 

 
3.27 0.00 

 
2.91 0.00 

St.dev(Y) 2.54 0.00 
 

3.12 0.00 
 

3.02 0.00 
 

3.15 0.00 
 

3.28 0.00 
 

2.71 0.00 
St.dev(Z) 2.32 0.00 

 
2.00 0.00 

 
2.08 0.00 

 
2.21 0.00 

 
2.10 0.00 

 
2.08 0.00 

St.dev(XY) 3.61 0.00 
 

3.69 0.00 
 

3.93 0.00 
 

3.86 0.00 
 

3.62 0.00 
 

4.09 0.00 
St.dev(XZ) 5.27 0.00   5.67 0.00   5.43 0.00   5.65 0.00   5.44 0.00   5.17 0.00 
C1A -0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

C1A2 0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
C1AX 0.01 0.03 

 
0.01 0.02 

 
0.01 0.03 

 
0.01 0.03 

 
0.01 0.02 

 
0.01 0.04 

C1AY 0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
C1X -0.63 0.02 

 
-0.64 0.01 

 
-0.66 0.01 

 
-0.66 0.01 

 
-0.70 0.01 

 
-0.59 0.03 

C1YZ 0.61 0.05 
 

0.64 0.04 
 

0.62 0.05 
 

0.63 0.05 
 

0.64 0.04 
 

0.62 0.05 
C2A -0.01 0.01 

 
-0.02 0.00 

 
-0.01 0.01 

 
-0.01 0.01 

 
-0.01 0.01 

 
-0.02 0.00 

C2A2 0.00 0.01 
 

0.00 0.01 
 

0.00 0.01 
 

0.00 0.01 
 

0.00 0.01 
 

0.00 0.00 
C2X -0.40 0.00 

 
-0.41 0.00 

 
-0.43 0.00 

 
-0.41 0.00 

 
-0.45 0.00 

 
-0.36 0.00 

C2Y 0.52 0.00 
 

0.55 0.00 
 

0.48 0.00 
 

0.52 0.00 
 

0.50 0.00 
 

0.52 0.00 
C2XZ -0.79 0.03 

 
-0.76 0.04 

 
-0.80 0.03 

 
-0.73 0.05 

 
-0.74 0.05 

 
-0.74 0.04 

C1C2Y 0.17 0.03 
 

0.16 0.04 
 

0.17 0.03 
 

0.17 0.03 
 

0.16 0.05 
 

0.17 0.03 
I1A -0.10 0.00 

 
-0.10 0.00 

 
-0.09 0.00 

 
-0.10 0.00 

 
-0.08 0.00 

 
-0.09 0.00 

I1A2 0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
PTDA 0.05 0.00 

 
0.05 0.00 

 
0.06 0.00 

 
0.05 0.00 

 
0.06 0.00 

 
0.05 0.00 

PTDA2 0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
PTDXY 1.90 0.03 

 
1.71 0.05 

 
2.37 0.01 

 
2.17 0.02 

 
2.41 0.01 

 
2.21 0.01 

PTDXZ 2.77 0.01 
 

2.91 0.00 
 

2.63 0.01 
 

2.56 0.01 
 

2.74 0.01 
 

2.69 0.01 
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Variable 
2000 

 
2100 

 
2200 

 
2300 

 
2400 

 
2500 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

Rho-sqrd 0.296   0.297   0.297   0.297   0.298   0.296 
Rho-sqAdj 0.294   0.295   0.295   0.295   0.296   0.294 

Variable 
2600 

 
2700 

 
2800 

 
2900 

 
3000 

Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z]   Coef |P[|Z|>z] 

A 0.14 0.00 
 

0.13 0.00 
 

0.13 0.00 
 

0.13 0.00 
 

0.14 0.00 
A2 -0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

 
-0.00 0.00 

AX -0.01 0.14 
 

-0.02 0.23 
 

-0.01 0.22 
 

-0.02 0.07 
 

-0.02 0.03 
AY 0.01 0.53 

 
0.01 0.28 

 
0.01 0.29 

 
0.01 0.19 

 
0.01 0.35 

X -1.53 0.00 
 

-1.07 0.02 
 

-1.41 0.00 
 

-1.12 0.01 
 

-0.90 0.05 
Y -0.24 0.56 

 
-0.05 0.90 

 
-0.42 0.31 

 
-0.37 0.36 

 
-0.47 0.26 

Z -0.67 0.08 
 

-0.48 0.22 
 

-0.62 0.10 
 

-0.78 0.04 
 

-0.85 0.03 
XY 1.48 0.01 

 
1.44 0.01 

 
1.54 0.00 

 
1.36 0.01 

 
1.39 0.01 

XZ -0.20 0.74 
 

-0.64 0.32 
 

-0.73 0.26 
 

-0.73 0.27 
 

-0.74 0.25 
YZ 2.60 0.00   2.58 0.00   2.67 0.00   2.65 0.00   2.62 0.00 
St.dev(A) 0.04 0.00 

 
0.04 0.00 

 
0.03 0.00 

 
0.03 0.00 

 
0.02 0.00 

St.dev(A2) 0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
St.dev(AX) 0.05 0.00 

 
0.05 0.00 

 
0.05 0.00 

 
0.06 0.00 

 
0.07 0.00 

St.dev(AY) 0.07 0.00 
 

0.06 0.00 
 

0.04 0.00 
 

0.05 0.00 
 

0.05 0.00 
St.dev(X) 2.87 0.00 

 
2.66 0.00 

 
3.09 0.00 

 
2.59 0.00 

 
2.16 0.00 

St.dev(Y) 2.72 0.00 
 

2.75 0.00 
 

3.05 0.00 
 

2.88 0.00 
 

2.95 0.00 
St.dev(Z) 1.96 0.00 

 
1.82 0.00 

 
1.97 0.00 

 
2.00 0.00 

 
2.10 0.00 

St.dev(XY) 3.56 0.00 
 

3.67 0.00 
 

3.73 0.00 
 

3.63 0.00 
 

3.93 0.00 
St.dev(XZ) 4.85 0.00   5.34 0.00   5.12 0.00   5.62 0.00   5.40 0.00 
C1A -0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

 
-0.02 0.00 

C1A2 0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
 

0.00 0.00 
C1AX 0.01 0.04 

 
0.01 0.04 

 
0.01 0.03 

 
0.01 0.02 

 
0.01 0.03 

C1AY 0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
 

0.01 0.00 
C1X -0.62 0.02 

 
-0.64 0.02 

 
-0.65 0.01 

 
-0.69 0.01 

 
-0.62 0.02 

C1YZ 0.59 0.06 
 

0.63 0.05 
 

0.61 0.05 
 

0.64 0.04 
 

0.63 0.05 
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Variable 
2600   2700   2800   2900   3000  

Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z]  Coef |P[|Z|>z] 

C2A -0.02 0.00 
 

-0.01 0.01 
 

-0.02 0.00 
 

-0.01 0.01 
 

-0.01 0.01 
C2A2 0.00 0.01 

 
0.00 0.01 

 
0.00 0.00 

 
0.00 0.01 

 
0.00 0.01 

C2X -0.39 0.00 
 

-0.42 0.00 
 

-0.41 0.00 
 

-0.44 0.00 
 

-0.41 0.00 
C2Y 0.52 0.00 

 
0.51 0.00 

 
0.55 0.00 
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SUMMARY 

Over the past decades, travel demand models have been developed for the purpose 

of forecasting travel demand to support infrastructure planning decisions, and assess 

the impact of policy decisions on activity-travel patterns. The need for realistic 

representations of travel demand triggered the shift from evaluating long-term 

improvement strategies to understanding travel behavior in response to short and 

mid-term traffic management such as congestion policies, environment tax and 

alternate work schedules. The behavioral inadequacy of the trip-based approach, and 

the consequent limitations of the approach in evaluating demand management 

policies, led the activity-based approach to demand analysis. Since the 1990s, activity-

based models of travel demand have gradually replaced the traditional four-step 

models by embedding spatial and temporal interdependencies between travel 

characteristics. The activity-based approach is now considered to be a more 

sophisticated platform to understand travel behavior. 

The activity-based approach, with its focus on a detailed representation of 

behavior in time and spaces, also constitutes the ideal approach to examine related 

phenomena. However, the dominant approach to capturing the effects of fuel price 
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on activity-travel behavior is to estimate functional relationships in aggregate data or 

disaggregated cross-sectional data, and assume these estimated relationships are 

invariant across time. There is only a very limited literature on individual dynamics of 

travel behavior adaptation based on the activity-based approach. Several limitations 

can be identified. First, the dominant approaches lack comprehensive choice 

modeling of behavioral changes in relation to traveler’s attributes, land use, and 

neighborhood characteristics. Second, these approaches did not consider the nature 

of different types of activities and trips, and neglected connections among them.  

The objective of this thesis is to expand the activity-based approach to bridge 

the gap between activity-based modeling and models of energy price effects and 

energy consumption performance by developing advanced models based on different 

types of data. The aim is to develop a comprehensive dynamic model of activity-travel 

patterns, expanding and integrating concepts and partial approaches that have been 

suggested over the last few years to predict consumer behavioral adaptations and 

energy consumption in reaction to energy price spikes. More specifically, the thesis 

investigates the complicated multi-level (from static to dynamic, from short-term to 

long-term perspectives) impacts of energy price increasing on travel demand and 

energy consumption as a performance indicator of activity-based models. 

To bridge the research gap, the thesis starts with revealed preference analysis to 

explore individual’s activity-travel behavior adaptation to existing fluctuation in 

energy price. The 2004-2009 national travel survey data (MON) of the Netherlands is 

used for the first analysis, which explores the static effects of fuel price fluctuation on 

individual’s travel time and the differences between population segments and types 

of neighborhoods. To achieve this research goal, a simultaneous equation model 

system is formulated to estimate the relationships between duration of activity 

participation, travel time expenditure, fuel price and a set of socio-demographics and 

spatial variables. The results indicate that fuel price has a greater impact on travel 

times for compulsory travel on weekdays, whereas leisure travel times are more 

affected on weekends (especially on Saturdays). Compulsory activities have 

considerable negative impacts on the duration of maintenance and leisure activities, 

while maintenance activities have a negative impact on the time expenditures of 

leisure activities, suggesting a hierarchy in the decision making process. These findings 

elaborate earlier studies on the impact of fuel price fluctuations on travel behavior in 

that the detailed activity-based conceptualization allows breaking down general 

effects into activity-type and day-of-the-week effects. However, because the MON 

data pertain to a particular day, it assumed that parameters are constant across 

individuals and over time. It cannot capture preference variation among respondents 

and over time. Hence, this approach inherently limits the study of dynamic effects.  
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Given the importance of dynamics for the problem and the non-existence of 

long-term (a few years) panel data in the Netherlands, a pseudo-panel approach is 

used to estimate a dynamic model of individual travel distance by public transit and 

slow modes in the next step. The analysis addresses the long term dynamic effects of 

fuel price fluctuations on activity travel patterns. The pseudo panel data is created 

from the 2004-2009 Dutch MON data (travel survey) on individual activity-travel 

behavior. A generalized least squares model (GLS) is applied to study the effects of 

fuel price fluctuation on individual travel distance by car, public transit and slow 

modes. The elasticity results indicate that travel distance for compulsory and leisure 

trips are more sensitive to changes in current month fuel price. There is also evidence 

of rebound effects in the next month by taking into account of one month lagged 

energy price effect. Rebound effects for leisure trips by car are much higher than for 

compulsory trips. Moreover, effects of fuel price on travel distance by both public 

transit and slow mode are small, suggesting that peoples’ adaptation to increasing 

fuel price may include substituting trips by activities.  

To further explore the short-term dynamic effects of energy price fluctuation on 

travel behavior at the individual level, one year GPS panel data is collected and fused 

with daily weather data. The analysis explores whether transport mode choice and 

travel duration by car co-vary with fluctuations in fuel price, controlling for different 

weather conditions, socio-demographic characteristics and intrinsic day-to-day 

variability in individual mode choice. Sample selection models for panel data are used 

to estimate individuals’ decisions of making car-based trips and the influence of real 

fuel price fluctuations on car travel duration. The analysis also predicts the effects of 

fuel price on fuel consumption and CO2 emission at the individual level. The results 

show that individuals’ reactions to price fluctuation depend on time. The two week 

lagged fuel price has significant negative effects on people’s decision of travel 

duration by car. The results also indicate that with 30% increasing of fuel price, the 

reduction in average fuel consumption per trip ranges from 1.3 to 60 liter, while the 

CO2 emission reduction is between 3700 g and 169260 g. The significant difference of 

reduction is mainly due to car type, trip duration and trip frequency. 

To further testing specific hypothetical energy price policies based on individual 

current behavior, the second part of the thesis takes up the challenge to build two 

dynamic activity-based models focusing on complex behavioral adaptation in 

response to budget constraints and multiple energy policies. The focus moves from 

only out-of-home activity-travel behavior adaptations to both activity-travel behavior 

and residential energy related behavioral adaptations. To that end, first an extended 

context-dependent mixture-amount model is estimated to study the problem of 

energy saving strategies (combinations of transportation related options and 

technology) under hypothetical price scenarios. A mixed logit model is used to analyze 
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energy saving choice panel data collected from 317 respondents, incorporating 

budget constraints and context dependency. Evidence of face validity is provided. 

Results suggest that people are inclined to compensate for increased expenditures, 

although there are significant differences across individuals in their sensitivity to 

different energy-saving options, except for the combination of using slow 

transportation modes more often and saving energy at home.  

To consistently capture both primary and secondary adaptations based on 

individuals’ current situations, in the last analysis, a dynamic model of activity-travel 

behavior is developed to predict effects of energy price policies on people’s activity-

travel demand. To validate the model, a sophisticated interactive dynamic data 

collection system (SINA) is designed. Moreover, a portfolio model of how respondents 

invest in new energy efficient products and trade-off between energy saving in the 

housing and transportation domains is formulated. 572 respondents completed the 

survey. Results suggest that these models sufficiently captured individual’s preference 

of scripts and energy efficient products investment. For the dynamic model of activity-

travel behavior with money and time constraints, the results of opportunity cost for 

money indicate that people are incline to adapt their compulsory scripts more than 

leisure scripts. People loss more utility if they spend the money on other ways instead 

of on leisure than on compulsory scripts. Fuel emission policy cost and public transit 

fare policy did not show any significant effects on script utility. However respondents 

are sensitive to fuel price policy. The long-term investment portfolio choice 

experiment studied the cross effects of portfolio composition, the effects of socio-

demographic variables and the effects of policies on individual’s portfolio choice. The 

results indicate that respondents are inclined to compensate the increased energy 

costs by investing in one or more energy efficient products or changing home or work 

locations. The characteristics of the products, especially cost-related characteristics 

have significant influence on people’s preferences. Moreover, the cross-effect 

indicate that the choice option availability have influence on people’s adaptation 

preference as well. The effect of energy price policies shows that the fuel price policy 

showed a direct positive effect on investing in products for reducing travelling 

expenses. 
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