
 

A bounded rationality model of short and long-term dynamics
of activity-travel behavior
Citation for published version (APA):
Psarra, I. (2016). A bounded rationality model of short and long-term dynamics of activity-travel behavior. [Phd
Thesis 1 (Research TU/e / Graduation TU/e), Built Environment]. Technische Universiteit Eindhoven.

Document status and date:
Published: 24/03/2016

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 24. May. 2023

https://research.tue.nl/en/publications/7b9f7dae-3edc-45b0-a398-1b7e8aa5cbb0




 

 

  
 

A Bounded Rationality Model of  
Short and Long-Term Dynamics 

of Activity-Travel Behavior 
 
 
 

PROEFSCHRIFT 
 
 
 
ter verkrijging van de graad van doctor aan de 

Technische Universiteit Eindhoven, op gezag van de 
rector magnificus, prof.dr.ir. F.P.T. Baaijens, voor een 

commissie aangewezen door het College voor 
Promoties in het openbaar te verdedigen 

op donderdag 24 maart 2016 om 16.00 uur 
 
 
 

door 

 

 

 

Ifigeneia Psarra 

 

 

 

geboren te Athene, Griekenland 



ii 

 

Dit proefschrift is goedgekeurd door de promotoren en de samenstelling 
van de promotiecommissie is als volgt:  

 
voorzitter:  prof.ir. E.S.M. Nelissen 
1e promotor:  prof.dr. H.J.P. Timmermans 
2e promotor:  prof.dr. T.A. Arentze 
leden:  prof.dr.ir. C.G. Chorus (Technische Universiteit Delft) 

prof.dr. P. Hooimeijer (Universiteit Utrecht) 
  prof.dr. F. Witlox (Universiteit Gent) 
  prof.dr.ir. B. de Vries 
  dr.ir. A.D.A.M. Kemperman 
   

 

 

 

 

 

 

 

 

 
 
Het onderzoek of ontwerp dat in dit proefschrift wordt beschreven is 
uitgevoerd in overeenstemming met de TU/e Gedragscode 
Wetenschapsbeoefening. 

 
 
 
 
 
 
 
 
 
 
 
 
 



iii 

 

A Bounded Rationality Model of Short and Long-Term Dynamics 

of Activity-Travel Behavior 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This research received funding from the EU Research Council under the European Community's 

7th Framework Programme (FP7/2007-2013)/ERC grant agreement n° 230517 (U4IA project). 

The opinions in this publication represent those of the authors only. The ERC and European 

Community are not liable for any use of this information. 

 

 

A catalogue record is available from the Eindhoven University of Technology Library 

 

ISBN: 978-90-386-4012-9 

NUR: 955 

 

Cover design by Dipl.-Eng. Ifigeneia Psarra 

Cover photo by MD Georgios Kapsas PostMSc: Thessaloniki Ring Road, Greece 

Printed by the Eindhoven University Press, Eindhoven, The Netherlands 

Published as issue 213 in de Bouwstenen Series of the Department of the Built Environment of 

the Eindhoven University of Technology 

 

 

 

Copyright © by Dipl.-Eng. Ifigeneia Psarra, 2016 

 

All rights reserved. No part of this document may be photocopied, reproduced, stored, in a 

retrieval system, or transmitted, in any form or by any means whether, electronic, mechanical, or 

otherwise without the prior written permission of the author. 

 



v 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Στον Γρηγόρη µου… 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



vi 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



vii 

 

Acknowledgements 
 

I would like to express my sincere thanks and appreciation to all of the people who have 

helped and supported me during my PhD study. The last five years have been a very special part 

of my life; and now that this circle is almost complete, I feel the need to express my gratitude to 

the people that contributed to this great experience. This PhD was the passport for a challenging 

trip to knowledge, as well as to places and countries that some years ago I would not even have 

dared to imagine that I could have visited. But most importantly, it offered me the opportunity to 

meet and get to know people coming from various parts of the world, and that was the most 

valuable experience. 

First and foremost, I want to thank my promotors prof. Harry Timmermans and prof. 

Theo Arentze. Harry gave me the opportunity to embark on this PhD and honored me with his 

trust and continuous support. I will never forget the enthusiasm I felt when he reacted positively 

to my e-mails and accepted me as a PhD candidate for his group, without even having seen me or 

listened to my voice before. During the next years, we shared a myriad of e-mails, several 

meetings, quite a lot of trips to conferences, and he always remained supportive, open and 

positive to me. He was gradually and constantly contributing to my self-confidence and 

independence as a researcher. I heartily wish him and his kind wife Ria Timmermans all the best. 

Theo became involved in my PhD project in the end of my first year, a few weeks before 

my first year evaluation. Since then, I have constantly been wondering how I would find the 

suitable words to express my deepest gratitude to him. He is the cornerstone of this thesis; and I 

am certain that without his constant support, meticulous feedback during all of the phases of this 

PhD, his patience in answering all of my questions with detailed and helpful explanations, and 

his generous contributions of time and ideas, this project would not have been the same. He was 

always there for me; and I feel extremely lucky to have been one of his PhD students. 

At this point, I would also like to thank my committee members, for the effort and time 

they have taken to read this PhD thesis carefully, and for offering me their valuable feedback, 

comments and suggestions for improvement. I really appreciate it. 

Since my first day in the Urban Planning Group, I have felt welcome and part of an 

amazing, international, multidisciplinary and multicultural group! First of all, I would like to 

express my sincere gratitude to my colleague and friend Feixiong Liao. His contribution to the 

development of the 4500 lines of Matlab code upon which the numerical simulations have been 

based and conducted was very significant. He was so kind and not only helped me with the 



viii 

 

development of the specific code, but also systematically and patiently taught me how to 

program efficiently. I will always feel deeply grateful for that gift. Furthermore, I would like to 

thank Joran Jessurun for assisting me with the development of the “Artemis” platform, on which 

the web-based, interactive experiment was based and constructed. It was a sheer pleasure to 

collaborate and exchange ideas with him. He was always happy to explain and guide me through 

Ruby on Rails and Sql. Additionally, I would like to express my deep gratitude to Gamze Dane, 

Anna Grigolon and Dujuan Yang for their constant help and guidance in the analysis of the 

empirical data. They were always willing to answer my questions about statistical analysis, Sql, 

Spss, Nlogit, etc.; and I learned so many things from them. Aloys Borgers, Astrid Kemperman 

and Peter van der Waerden have been very helpful to me and they always found time amongst 

their teaching and research activities in order to share their valuable knowledge with me. Finally, 

I gratefully acknowledge the help provided by Marielle Kruizinga and Mandy van de Sande. 

Apart from the great research-related help that I received from my colleagues, I have also 

received lots of psychological support, positive energy and useful advice. Their contribution to a 

fun and pleasant working environment was decisive and I would therefore like to thank all past 

and present group members with whom I had the pleasure of working. They are the people with 

whom I shared my worries and my ups and downs, with whom I travelled to various countries in 

Europe, Asia, North and South America, with whom I cried and celebrated. Especially, I would 

like to mention Tao Feng, Pauline van de Berg, Bilin Han, Elaheh Khademi, Jinhee Kim, 

Anastasia Moiseeva, Zahra Parvaneh, Aida Pontes de Aquino, Soora Rasouli, Fariya Sharmeen, 

Elaine Schneider de Carvalho, Widiyani, Nienke Wielens, as well as my good friends Sehnaz 

Cenani, Gamze Dane, Anna Grigolon, Feixiong Liao and Dujuan Yang. Finally, special thanks 

go to my sweet compatriot colleague Eleni Charoniti. It is great to be part of an international 

group and communicate with people that have so very different and interesting cultures; but it is 

also amazing to be able to say a few words with a colleague and share your feelings and thoughts 

in your mother tongue. I feel so lucky for having met Eleni, not only because I had the chance to 

have a Greek colleague, but also because I had the chance to make a great friend. 

I have also received considerable help from many people beyond my group. I would like 

to thank the members of the Bouwkunde PhD network, for the exchange of knowledge and the 

inspiring discussions. Additionally, I would like to acknowledge the precious help I received in 

developing this code from the computer programmer and researcher at the University of Ioannina 

in Greece, Costas Voglis. Finally, I would once more like to thank my pilot respondents, who 

tested my web-based experiment and gave me their precious comments. Elly Arkesteijn, Aloys 



ix 

 

Borgers, Annemiek Engelen, Zara Huijbregts, Marielle Kruizinga, Roel Loonen, Sabine 

Loverbosch,Pauline Neirynck, Nienke Wielens, Michael Kraa, Dujuan Yang-thank you so much! 

My time in Eindhoven was made enjoyable in large part due to the many friends that 

became a part of my life. I am grateful for the wonderful and fascinating time spent with my dear 

friends Pooya Khoshgoftar & Solmaz Javanbakhti and also Pauline Neirynck, Beulah McKenzie, 

Gianna Russo and Rossella Ferraro. Special thanks also go to my good old friend Maria 

Papaioannou, for the thrilling moments we had in Eindhoven, Tilburg and other Dutch cities over 

the last five years! Last but not least, I would like to express my gratitude to my friends and co-

dancers: Natalia Mylonaki & Charalampos Xanthopoulakis, Eleni Charoniti, Christos Vichas, 

Nikos Kanavas, Antonis Mantzaris, Ilias Papaliouras, Michalis Politis, Thomi Zacharopoulou, as 

well as to the rest of the past and present members of the Greek dances group in Eindhoven. 

Meeting and dancing with you once a week was something much more important and meaningful 

to me than just working out a hobby. Thank you for all the amazing dance meetings, parties, 

board game nights and especially thank you for making me feel like I was in Greece! 

I would also like to thank from the bottom of my heart my beloved family, my dear 

parents and sister, my grandmothers and my parents-in-law for all of their love and 

encouragement. Thank you for coming and visiting me frequently and bringing me Greek flavors 

and tastes in The Netherlands. Special thanks go to my dearest aunt and best friend Sotiria 

Kastiza, my cousins Giorgos and Epameinondas Bekris, and my wonderful sister Penelope Psarra 

for the psychological boosts and the unforgettable memories during their visits to Eindhoven. I 

would also like to express my gratitude to my beloved grandfather Epameinondas Kastizas. 

Although I cannot see him anymore, I constantly feel his presence and his memory will always 

be very supportive to me. Finally, I would like to especially THANK my parents who raised me 

with so much love and supported me in all of my pursuits. It is so amazing to know that whatever 

you decide and whatever you become in your life, there are always two people who will always 

be there unconditionally loving you. Σας ευχαριστώ τόσο πολύ για όλα όσα έχετε κάνει για µένα! 

Lastly, most of all, I would like to thank the man of my life, my dearest husband 

Gregory. My dear love, how can I express the deep gratitude I feel for all the things you have 

done for me and for all the things you mean to me? Without your love, support, patience and 

encouragement, nothing would have been possible, because you are the reason for me to try. 

Recently I was wondering: and now what is next? I really have no idea what the future will 

bring… But I am sure that I want to live it all with you… 

               Eindhoven, November 2015 



x 

 

A poem about trips and journeys, origins, destinations and routes… 

By C.P. Cavafy  (translated by E. Keeley and P. Sherrard) 

 

Ithaka 

As you set out for Ithaka 

hope the voyage is a long one, 

full of adventure, full of discovery. 

Laistrygonians and Cyclops, 

angry Poseidon-don’t be afraid of them: 

you’ll never find things like that on your way 

as long as you keep your thoughts raised high, 

as long as a rare excitement 

stirs your spirit and your body. 

Laistrygonians and Cyclops, 

wild Poseidon-you won’t encounter them 

unless you bring them along inside your soul, 

unless your soul sets them up in front of you. 

  

Hope the voyage is a long one. 

May there be many a summer morning when, 

with what pleasure, what joy, 

you come into harbors seen for the first time; 

may you stop at Phoenician trading stations 

to buy fine things, 

mother of pearl and coral, amber and ebony, 

sensual perfume of every kind- 

as many sensual perfumes as you can; 

and may you visit many Egyptian cities 

to gather stores of knowledge from their scholars. 

  

Keep Ithaka always in your mind. 

Arriving there is what you are destined for. 

But do not hurry the journey at all. 

Better if it lasts for years, 

so you are old by the time you reach the island, 

wealthy with all you have gained on the way, 

not expecting Ithaka to make you rich. 

  

Ithaka gave you the marvelous journey. 

Without her you would not have set out. 

She has nothing left to give you now. 

  

And if you find her poor, Ithaka won’t have fooled you. 

Wise as you will have become, so full of experience, 

you will have understood by then what these Ithakas mean.  
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The current generation of activity-based models rely on cross-sectional data and therefore 

are static models. However, as the environment within which people act, is stochastic and non-

stationary, current activity-travel patterns may become inadequate, triggering short or even long-

term changes. This study, therefore, aims at formulating a dynamic activity-travel behavior 

model, focusing on short and long-term dynamics of activity-travel behavior. Based on Simon’s 

satisficing theory, the agent-based model can predict the formation of habitual behavior, the 

upward or downward adjustment of aspiration values, as well as the formation of dynamic and 

context-specific choice sets. Furthermore, as a reaction to various scenarios/exogenous factors, it 

can predict the distortion of habitual behavior and the emergence of short and long-term 

dynamics. Specifically, short-term changes are predicted in detail (by distinguishing between 

exploitations of the existing choice sets and exploration efforts). On the other hand, it does not 

predict the exact long-term changes that may be decided. However, it can predict the point in 

time and the context-condition under which an agent becomes “awake” and realizes that a 

dramatic, long-term change should be considered. Finally, it is a bounded-rationality model, 

since learning and forgetting processes, cognitive and emotional responses of the agents and 

tolerance to stress (which represents the discrepancy between current experiences and aspiration 

values) are taken into account. 

Numerical simulations were conducted to calibrate and test the face validity of this day-

to-day, dynamic and agent-based model. First, some basic case simulation runs have taken place. 

During those simulations, the agents explored the spatial setting, adapted their aspirations and 

developed habitual behavior. At that point, the system reached an equilibrium and the numerical 

simulation was stopped by the user. Second, some simulations, where the values of each of the 

model parameters systematically vary, have been conducted. In this way, the model was 

calibrated, while the effect of each parameter on model behavior was elucidated. Finally, travel 
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time and travel cost scenarios have been tested, in order to trace the behavioral changes of the 

agents and the emergence of dynamics on the system. When an agent considers conducting a 

long-term change, it stops acting. During this process of numerical simulations, reasonable 

results have been acquired, while the face validity of the model was considered to be plausible. 

Finally, a stated adaptation experiment was designed in order to collect empirical data 

and gain a better insight into the short and long-term dynamics of activity-travel behavior.  Field 

data could not be collected to observe the underlying decision process at many time horizons. 

Therefore, the challenge was how to use other data collection methods in innovative ways. A 

stated adaptation experiment was considered the most appropriate method, in order to trace 

behavioral response on the short and long-term time horizon. Therefore, an innovative interactive 

computer experiment was designed, in order to create realistic and familiar to the respondents 

scenarios and to collect the relevant data. The experiment consisted of three parts: first, it 

included questions focusing on the sociodemographic characteristics of the respondents; second, 

some questions followed, focusing on the current habitual behavior, the aspiration values and the 

current choice set of the respondents; third, it was terminated with the stated adaptation part. 

Specifically, in the last part of the questionnaire, a scenario was formulated, based on the 

previous answers of the respondent. Therefore, the questionnaire was designed in such a way that 

every respondent faced a scenario that was constructed according to his /her current experiences, 

so that it is realistic and familiar to him/her. Then, a process of accumulated stress was 

generated, while the respondent was asked to indicate his/her reactions to the presented 

imaginary situation. 

After the descriptive analysis of the empirical data, the following models have been 

estimated. First, three random coefficient logit (binary) models indicating whether a short-term 

change is decided or not, under a travel time, a travel cost and a parking scenario, accordingly. 

Second, three random parameters (mixed) logit models (one for every scenario case) indicating 

which specific activity attribute is adjusted, once a short-term adaptation takes place. Third, one 

random coefficient logit and two binary logit models indicating whether an exploitation of the 

existing choice set or an exploration effort occurs, once an activity attribute is decided to be 

adapted. Finally, three random coefficient logit (binary) models (one for every scenario case) 

indicating whether a long-term change is decided or not, as well as a multinomial logit model 

indicating which is the specific type of long-term change that is selected under the travel time 

scenario. Summing up, the collected data allowed the validation of the model’s basic 

assumptions (response to short/long-term stress, resistance to change, etc.), while the logit model 

estimation gave information about parameter settings of the model. 
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One of the major findings of this thesis is that there is inertia to short and long-term 

change, however stress can trigger these adaptations. Additionally, it was seen that richer choice 

sets lead to more short-term changes and specifically to more efforts of exploiting the current 

choice sets. Moreover, heterogeneity plays a significant role in most of the estimated logit 

models. Finally, effects of various socio-demographic (gender, education, occupation, income, 

household composition, number of cars in the household, car availability, days working at home, 

travel allowance, urban density of the residential location) and activity-specific variables 

(activity type, destination location, transport mode, day of the week) were found. These effects 

can be taken into account in the design of various spatial/transportation policies. 

It is suggested that future research focuses on the further development of the proposed 

dynamic model (e.g. incorporation of a social interaction mechanism), as well as on the conduct 

of further empirical research, to collect the appropriate data that are needed in order to estimate 

specific parameters of the model. 
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1.1 Motivation 

Integrated urban development policy constitutes one of the basic goals of urban and 

spatial planning nowadays (Leipzig Charta, 2007). Spatial structures, urban forms, land use and 

transportation systems should be regarded as interconnected elements, in the context of a 

comprehensive approach during the planning process. Moreover, in a similar vein, both the 

primary and the secondary effects of a policy should be considered before implementing it. For 

instance, while creating compact cities would induce people using non-motorized transport, a 

secondary effect of that policy could be an increased use of car, in order to reach the green areas 

outside the city or an increased tendency of buying a second house in these areas. On the other 

hand, the direct and short-term effect of higher fuel prices would be reduced use of car (by 

switching to other modes or choosing closer destinations). However, on the long-term 

perspective, people might move to a house closer to their job (van Wee, et al., 2013). 

Understanding activity-travel behavior of people would be beneficial to this process of 

predicting direct and side-effects of various policies. Policies and planning aim at improving 

people’s quality of life and, in turn, people’s reactions, adaptations and attitudes usually 

determine the success of these interventions (Cervero, 2007). Models of travel behavior are 

important tools, used to analyze these complex relationships and to predict the effect of various 

policies. They can help understanding the decision making mechanisms of the population in the 

study-area and improve the effectiveness of a policy. 

Nowadays, activity-based models of travel demand constitute the most prevalent 

modeling approach, as they can provide an integrated framework where various activity types 

can be combined, a detailed spatio-temporal representation is allowed and the complex 

interdependencies between activities, locations, transport modes, household members, etc. can be 

taken into account. Thus, while the four-step models of travel demand, which have been the 

state-of-the-art in modeling for decades, step back, activity-based models steadily gain 

momentum in urban and transportation planning. They also constitute the basis for generating 

measures of economic, social and environmental impact. CEMDEP (Bhat, et al., 2004), 

FAMOS/PCATS (Pendyala, et al., 2005), TASHA (Roorda, et al., 2008) and ALBATROSS 

(Arentze & Timmermans, 2000; Arentze & Timmermans, 2005) are some examples of 

operational activity-based models, used in planning practice in various countries. 

However, most developed activity-based models rely on cross-sectional data and, 

therefore, are static models. This means that as they are based on single day data, they can only 

simulate one typical day. Moreover, during the policy assessment process, it needs to be 
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implicitly assumed that activity-travel behavior remains time-invariant. However, the stochastic 

and non-stationary environment, within which people act, may trigger short or even long-term 

changes in their activity-travel behavior.  

Dynamic models simulate behavioral adaptation along various time horizons, as a 

response to various exogenous and endogenous changes. So far, the main obstacles in the 

development of dynamic models of activity-travel behavior is the lack and the difficulty to obtain 

the appropriate data and until recently, the lack of useful theories and comprehensive approaches.  

Thus, the next challenge in the scientific agenda is to incorporate the notion of dynamics 

in the models of activity-travel behavior. While the current static models focus on the covariance 

of a set of variables, hindering the interpretation of the results in behavioral terms, a shift towards 

dynamic models should provide new opportunities to test and apply behavioral principles. As it 

is mentioned in Arentze & Timmermans (2000), dynamic models are expected to be more valid 

and sensitive to a larger spectrum of policies. Moreover, in Arentze & Timmermans (2007), it is 

highlighted that there is a need to link the short and the long-term time horizon in one dynamic 

model of activity-travel behavior.  

The current thesis is part of the EUPHORIA (Emerging Urban Futures and Opportune 

Repertoires of Individual Adaptation) research program, which is funded by the European 

Science Foundation (section: Environment) and consists of six PhD projects. All of these projects 

have their own objectives; however, they are linked to each other in a broader perspective 

(Timmermans, et al., 2010). They focus on different aspects of dynamic activity-travel behavior, 

which will be integrated into one comprehensive multi-agent model in the future (Ma, et al., 

2012). Specifically, while the other five PhD projects focus on various aspects of exogenously 

triggered dynamics (energy prices, pricing policies, urban form, social networks and information 

provision), the current project elucidates the effect of both exogenous and endogenous changes 

on the short and long-term time horizon. However, it does not focus on a specific case of 

exogenous change, but on the way that exogenous changes can influence an individual, resulting 

in an endogenous process of reconsidering current habits and developing short and long-term 

adaptation strategies. 

 

1.2 Research goals 

The basic goal of this thesis is the understanding and modeling of short and long-term 

adaptations of activity-travel behavior, in reaction to exogenous and endogenous change. 
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Specifically, due to various economic, social, environmental and other exogenous to an 

individual reasons, it is possible that at some point in time, his/her expectations deviate from 

his/her activity-travel experiences. This discrepancy is defined as stress and can trigger an 

endogenous, self-improvement process, which may result in short or even long-term adaptations 

of the activity-travel behavior of the individual. In this thesis, it is assumed that when stress 

accumulates, an individual will try to reduce it. Moreover, the inertia that characterizes 

individuals’ behavior is taken into account, as well as their tendency to develop habits. Thus, it is 

expected that when stress exceeds a specific tolerance threshold, an individual will first try to 

alleviate it by trying some short-term adaptations of his/her activity-travel patterns. However, if 

this does not prove to be fruitful, a long-term adaptation will be considered. 

Therefore, an exogenous change can induce this process of endogenous dynamics of 

activity-travel behavior, which is modeled through a bottom-up process of influence, where daily 

experiences feedback an adaptation process, which hierarchically can influence the short and the 

long-term time horizon. This thesis aims at linking the short and the long-term time horizon, by 

predicting at which point in time the former can trigger the latter.  

The current thesis is oriented towards a disaggregate, individual-based approach and aims 

at modeling and gaining a better insight into the dynamics of activity-travel behavior. To reach 

that goal in the developed framework of dynamic activity-travel behavior, both cognitive and 

emotional responses are taken into account, formation of dynamic choice sets is generated, 

memory activation processes are simulated, while aspiration values play a key role. Summing up, 

the main methodological challenges of this thesis have been the following: 

1. The development of a mathematical model of dynamic activity-travel behavior, 

predicting how various activities are conducted under various types of 

constraints and uncertainties, based on cognitive and affective responses of 

individuals that change over time due to learning. Furthermore, modeling how 

context-specific routines emerge over time, as well as how they are reinforced 

or dissociated. 

2. Conducting an agent-based micro-simulation, based on realistic process 

assumptions and key decision mechanisms. In this microsimulation, agents’ 

activity-travel patterns emerge and complex dynamic decisions across the short 

and the long-term time horizons evolve. 

3. Collecting empirical data on short and long-term dynamics of activity-travel 

behavior. Field data could not be collected to observe the underlying decision 
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process at many time horizons. Therefore, the challenge was how to use other 

data collection methods in innovative ways. The stated adaptation approach 

was applied. However, the validity and reliability of such data collection 

method has not been studied at length yet. Even if this turns out to be 

acceptable, it is unlikely that the validation of any dynamic model of activity-

travel patterns will be similar to the validation of static models. Moreover, the 

design and administration of an innovative interactive computer experiment, in 

order to create realistic and familiar to the respondents scenarios and to collect 

the appropriate data, was an additional challenge. 

4. The analysis of the collected data and the logit model estimations. 

 

1.3 Research questions 

The main research question of this thesis is: When and under which circumstances do 

short and long-term adaptations of activity-travel behavior occur and how can these be modeled? 

This main research question consists of the following sub-questions: 

From methodological point of view: 

1. How can this dynamic model of activity-travel behavior be specified and 

calibrated? 

2. How can empirical data on short and long-term adaptations of activity-travel 

behavior be collected? 

From theoretical point of view: 

3. Is activity-travel behavior characterized by inertia? To what extent can 

individuals tolerate dissatisfaction with current habitual state? 

4. To what extent do we find that the adjustments are always primarily focused on 

those choice facets that are easier to change and have a short-term impact on 

activity-travel repertoires? 

5. How individuals adjust their activity-travel behavior, when they have decided 

to conduct a short-term change? 

6. When and under which circumstances an individual becomes “awake” 

(realizing that a long-term change needs to be implemented and starting 

exploring possible alternatives on that level)? 
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7. To what extent do affective responses in spatial learning behavior influence the 

formulation of dynamic choice sets? How awareness and memory activation 

responses affect the formulation of dynamic choice sets and the evolution of 

dynamics in activity-travel behavior of people?  

Taking into account the literature review and adding to it, the theoretical framework of 

this thesis was articulated in such a way that various mechanisms of bounded rationality have 

been combined, specific behavioral components were orchestrated and the short and long-term 

time horizon were linked to each other. Then, based on this framework, formation and 

dissociation of habitual behavior, as well as short and long-term adaptation strategies, were 

modeled in relation to cognitive and affective responses. This model was calibrated with a series 

of numerical simulations, while the model behavior was illustrated with the implementation of 

various simulation scenarios. Finally, empirical data have been collected with a stated adaptation 

technique, in order to gain a better insight and understand dynamic activity-travel behavior of 

people.  

 

1.4 Rationale and outline of the thesis 

The theoretical background of this thesis is presented in detail in chapter 2. First, a short 

overview of the main approaches of activity-travel behavior modeling is included. The transition 

from the trip-based to the activity-based and finally to the simulation models is explained, while 

some characteristic examples are also mentioned. A reference to LUTI models and ACT-R 

model is also made. Then, there is a focus on the notion of dynamics and the differentiation 

between the short and the long-term time-horizon. Moreover, there is a reference to the 

exogenously and endogenously triggered dynamics of activity-travel behavior, as well as a 

reference to some previous studies, focusing on those perspectives. Finally, the last part of this 

chapter presents the main points of satisficing theory, one of the main theoretical underpinnings 

of this thesis.  

In chapter 3, the conceptual framework of this thesis is presented, as well as the 

mathematical model that was developed, based on it. The main concepts of activity profiles, 

(universal) choice sets, conditional and unconditional aspiration values, stress and tolerance to 

stress, as well as the notion of becoming “awake” are explained in detail and connected to each 

other. Then the mathematical representation of the model follows, where the equations 

describing each function of the model are formulated and justified. In this way, it is explained in 
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accuracy, how the cognitive and emotional responses, the dynamic choice set formation, the 

decision making mechanism, the development of habitual behavior, the updating/learning 

process, as well as the evolution of short and long-term dynamics have been modeled.  

The basic properties of the developed model are illustrated with a series of numerical 

simulations, based on which the parameters of the model are calibrated. In chapter 4, after 

reporting the simulation settings and the way that the input data have been generated, there is a 

detailed description of the initialization, the decision making and the learning/updating phase of 

the simulation. At the beginning of the numerical simulations, there are five agents acting, who 

are totally unaware of the spatial setting within which they act. During the simulation run, they 

explore, learn and become familiar with the area. At some point in time, they can manage to find 

some satisfactory solutions for conducting all the activity types of their agenda, under all the 

relevant context-conditions and to develop habitual behavior. Then, the overall system reaches an 

equilibrium. In case that one of the agents cannot find some satisfactory option and, thus, cannot 

develop habits in this spatial setting, it realizes that a long-term change needs to be conducted 

and stops acting. In this chapter, apart from these basic case results, results of two simulation 

scenarios are also included. Specifically, after the system reaches that equilibrium state, the 

reaction of the agents to an exogenous intervention is simulated, by increasing either travel time 

or travel cost and monitoring the agents’ reaction to these two scenarios. Finally, apart from 

illustrating the model behavior, numerical simulations have been conducted in order to reveal the 

effect of each parameter on system behavior. Therefore, interesting results regarding the effect of 

exploration behavior, emotional responses, tolerance to stress, awareness and memory activation 

responses on dynamic activity-travel behavior are included in this chapter, as well. 

In chapter 5 the special data collection needs of this thesis are discussed. After an 

overview of various data collection methods, the decision to conduct a stated adaptation 

experiment is justified. An interactive web-based questionnaire was designed, consisting of three 

basic parts: first, questions regarding the current long-term decisions of the respondents and their 

unconditional aspiration values, second, questions regarding the current habits, their choice set 

and their conditional aspiration values, and third, the adaptation part, where the respondents had 

to indicate the way they would react in response to some specific hypothetical situations 

(scenarios). These scenarios are formulated according to the answers that each respondent gave 

during the previous parts of the questionnaire. In this way, both the hypothetical situations and 

the possible adaptation options become realistic and familiar to the respondent. After the detailed 

description of this dynamic and innovative questionnaire, some information regarding the pilot 

study and the sample descriptive are provided. 
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The descriptive analysis results of the data that have been collected with this stated 

adaptation approach are included in chapter 6. Specifically, the univariate and bivariate 

descriptive analysis results regarding the activity types, the conditional and unconditional 

aspiration values, the activity profiles of the respondents, as well the other possibilities they are 

aware of (beyond their current activity profiles) are reported in this chapter. Finally, the stated 

adaptations of the respondents to the scenarios of the last part of the questionnaire are analyzed. 

Chapter 7 focuses on the short and long-term decisions of the respondents. It presents 

the results of three random coefficient logit (binary) models, indicating whether a short-term 

change is decided or not, under a travel time, a travel cost and a parking scenario, accordingly. 

Additionally, it includes three random parameters (mixed) logit models (one for every scenario 

case) indicating which specific activity attribute is adjusted, once a short-term adaptation takes 

place. Moreover, it presents one random coefficient logit and two binary logit models indicating 

whether an exploitation of the existing choice set or an exploration effort occurs, once an activity 

attribute is decided to be adapted. Finally, three random coefficient logit (binary) models (one for 

every scenario case) are presented, indicating whether a long-term change is decided or not, as 

well as a multinomial logit model indicating which is the specific type of long-term change that 

is selected under the travel time scenario. 

Finally, in chapter 8, the insights achieved in the present thesis are generally discussed 

and summarized. Suggestions for future research are formulated, as well. 
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2.1 Introduction 

Travel is induced by people implementing some activities. As it is mentioned in Goulias 

(2007): “Since transportation systems are the backbone connecting the vital parts of a city (a 

region, a state or an entire country), in-depth understanding of transportation related human 

behavior is essential to the planning, design and operational analysis of all the systems that make 

a city function”. Most of the theoretical work in modelling of activity-travel behavior of people 

stems from geography and urban planning sciences. 

Hägerstrand (1970) introduced the temporal and spatial considerations in activity 

participation, by overemphasizing the various constraints that characterize activity-travel patterns 

of people. Capability, authority and coupling constraints, determine whether and when an 

individual can participate in specific activities at a specific point in time. These space-time 

constraints can induce a certain prism, which can be linked to social exclusion. For instance, a 

plan may not easily allow people to meet these space-time constraints. However, this whole 

approach tends to be very deterministic, because the notions of flexibility and uncertainty are not 

incorporated. However, it recently received renewed interest, especially in terms of choice set 

formation (Rasouli & Timmermans, 2014). 

Chapin (1974) stated that in order to produce good urban plans, the needs and desires of 

people should be understood and translated in space requirements. Such needs and desires are 

reflected on the activity patterns of people, while activities are crucial for land-use planning, as 

they are the link between the urban tissue and the people. Thus, he developed a method to 

systematically develop plans and evaluate them in accordance to activity-travel behavior of 

people.   

As it is explained in Arentze & Timmermans (2000), these two theoretical approaches are 

complementary. While Chapin focuses on the importance of personal needs and desires, 

Hägerstrand emphasizes the role of space-temporal constraints in planning and implementation 

of activities. Cullen and Godson (1975) aim to bridge the gap between these two theoretical 

perspectives. In the light of these basic theoretical studies, various modelling approaches have 

been developed, focusing on activity-travel behavior of people. 

This chapter is organized as follows: first, background information will be given on trip-

based, activity-based, simulation and LUTI models. Next, a brief review of the studies focusing 

on the dynamics of activity-travel behavior will follow. Then, satisficing theory –the major 

theoretical underpinning of this study- will be briefly discussed. The chapter will be completed 

with a summary of this theoretical framework. 
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2.2 Modelling activity-travel behavior of people 

Two basic distinctions characterize the models of activity-travel behavior: the one 

between normative and descriptive models and the one between risky and riskless choice models. 

Normative models assume full rationality of the decision maker, while descriptive models aim to 

describe activity-travel behavior as it is and not as it should be. Furthermore, risky choice models 

assume that decision making process is made under uncertainty, whereas in riskless choice 

models the probability distribution of the attribute values is known by the decision maker. 

Taking into account these two basic distinctions, the main modeling approaches are going to be 

presented in this chapter. 

 

2.2.1 Trip-based models 

The trip-based models are still dominant in planning practice in order to forecast travel 

volumes. They traditionally consist of the following four steps: trip-generation (based on socio-

demographics and zonal attributes by motive), transport mode choice (as a function of socio-

demographics and other variables), destination choice (as a function of zonal attributes and 

distance/travel time) and route choice (as a function of travel time). 

Trip-based modeling approach has received a lot of criticism, for the reason that these 

four steps are independent of each other. For instance, there is no link between mode choice and 

destination choice phase. Moreover, due to task combination, an increasingly larger proportion of 

travel has become more complex, resulting in a need to take into account trip-chaining. Finally, 

various constraints are not taken into account, while there is a lack of integrity, as well. For 

example, travel time in assignment may not be consistent with travel time in destination choice.  

Due to these limitations, researchers realized that there was a need to develop activity-

based models of travel demand. These models were expected to be characterized by integrity (of 

the consistent sub-models), to take into account interdependencies (trips belonging to the same 

trip chain, or task allocation among household members), to have more detailed activity 

classification and higher temporal and spatial resolution (Rasouli & Timmermans, 2014). 

Specifically, in trip-based models, there is a tendency to differentiate only between peak and off-

peak hours, while trip origins and destinations are treated as single points in space. Finally, 

activity-based models are developed on a behavioral basis, where various constraints are taken 

into account. Thus, by substituting the trip-based models with activity-based models, it would 
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become possible to take into account societal trends and issues, such as the flexibilization of 

workforce, changing institutional contexts, quality of life and social exclusion measures.  

 

2.2.2 Activity-based models 

Activity-based models aim to represent the decision mechanism of individuals and 

households, by predicting which activities are conducted where, when, with whom, the duration 

of activities, the transport mode used and the route choice. Furthermore, households and not 

individuals are usually the decision making unit and, therefore, joint activity participation, task 

allocation and resource allocation are also incorporated in the activity-based models.  

Activity-based approach assumes that individuals obtain utility by participating in 

activities and that travel is a derived demand from activity participation. Therefore, the activities 

and not the trips constitute the core of this approach. Moreover, as urban planning and 

transportation planning are integrated and regarded as inseparable fields, flows and land-uses are 

directly linked to each other. In that sense, activity based models can be used for a larger range of 

different policies. For all these reasons, they received much attention and seen considerable 

progress in the past decade. They can be differentiated among constraint-based models, utility-

maximization models and computational models.  

 

2.2.2.1 Constraint-based models 

Constraint-based models’ goal is to assess the feasibility of activity schedules, given a 

spatial setting and a host of various constraints. As it is mentioned in Rasouli & Timmermans 

(2014), “unlike later modeling approaches, the primary purpose of constraint-based models is not 

to predict individual and household activity-travel patterns, but rather to check whether any given 

activity agenda is feasible in a specific space-time context”. Two examples of constraint-based 

models are CARLA (Jones, et al., 1983) and MASTIC (Dijst, 1995). The limitation of constraint-

based models is that they do not model choice behavior at all.  

 

2.2.2.2 Utility-maximizing models 

The application of multinomial and nested logit models in activity-based travel analysis 

has received much attention and seen considerable progress in the past decade. It has enabled to 
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understand the complexity and variability in the activities that an individual undertakes during 

any given period. Some examples of utility-maximizing models are: the daily activity schedule 

model (Bowman & Ben-Akiva, 1999), PETRA (Fosgerau, 1998) and COBRA (Wang & 

Timmermans, 1999). 

The utility-maximizing models are based on utility-maximization theory, which assumes 

that an individual will invariably choose the option that will yield the maximum 

quality/usefulness (Neumann & Morgenstern, 1947). Specifically, as it is explained in McFadden 

(1981), choice alternatives are represented as bundles of attribute levels. Individuals combine 

those part-worth utilities into an aggregate expected utility, based on which they make their 

decisions. However, due to taste variation, measurement errors, etc., these utilities are assumed 

to consist of a measurable component and a random component, symbolized with an error term. 

Depending on the assumptions that an analyst makes regarding this error term, choice 

probabilities can be derived. Usually, a Gumbel distribution is assumed. Under this assumption, 

the choice probabilities are calculated by the multinomial logit model, while the error terms are 

assumed to be identically and independently distributed. The model has been applied 

successfully in many cases, usually in order to predict transport mode and destination choice 

(Adler & Ben-Akiva, 1979; Recker, et al., 1986).  

A limitation of multinomial logit models, deriving from the assumed distribution of the 

error terms, is the independence from irrelevant alternatives property. According to this property, 

pairwise choice probabilities are independent of the existence and the attributes of any other 

choice alternative in the choice set. In order to encounter this unrealistic property, nested-logit 

models were developed (Kawakami & Isobe, 1989). In these models, similar choice alternatives 

(e.g. means of public transport) are grouped in nests of a decision tree. Then, choice probabilities 

are predicted conditionally on the next higher nest (Ben-Akiva & Lerman, 1985). The number of 

nests used in this kind of models is constantly increasing, reflecting the tendency to include 

increasingly more choice facets. 

 

2.2.2.3 Computational models 

The utility maximizing theory has been criticized by many scholars, who argued that 

people do not constantly search for the best alternative in their choice sets or beyond (many 

utility maximizing models assume universal choice sets and perfect information). Instead, they 

use context-dependent heuristics in order to arrive at a decision. Usually these heuristics are 
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represented in the form of IF…THEN rules, which describe which choice is made, under specific 

context-conditions. In particular, according to descriptive decision theory, people do not behave 

optimally, as they do not act within a context of perfect information and rationality. 

Computational process models are based on this theory and aim at describing the mechanisms 

and processes, underlying the behavior of interest. Thus, while in both utility-maximizing models 

and computational process models decision making is based on a conscious process, the 

difference is that in computational process models this decision making process follows specific 

choice strategies, related to dominance, satisfaction, lexicographic rules or utility (Hannes, et al., 

2009).  

Some examples of computational process models are SCHEDULER (Gӓrling, et al., 

1989), TASHA (Miller & Roorda, 2003) and ALBATROSS (Arentze & Timmermans, 2000). 

SCHEDULER is not an operational model, but a conceptual framework, regarding the way that 

individuals organize their activities. TASHA is an implemented model focusing on Toronto area, 

which generates activity agendas, drawing from empirical distributions. On the other hand, 

ALBATROSS is based on decision heuristics (decision trees and decision tree induction, 

founded on one-day activity data of households), in order to predict what kind of activities are 

implemented when, with whom, where, for how long, with what transport mode and in what 

order (trip-chaining). Interactions within households are taken into account, as well as various 

types of constraints.  

This kind of computational models can be used in order to predict the consequences of 

various types of scenarios. Indicatively, some possible applications can be simulating the effect 

of changes in demographics (aging population), in pricing policies, in public transport or in the 

context of opening hours. 

 

2.2.3 Simulation models 

The common point of the models that have been described so far is that they are theory-

driven. In contrast, simulation models are data-driven models, which simulate activity-travel 

behavior, “by drawing sequentially from marginal and conditional probability distributions that 

are defined for the various choice facets that make up an activity pattern” (Arentze & 

Timmermans, 2000). Moreover, as it is mentioned in Ettema, et al. (2011), simulation models 

can describe how synthetic populations react to demographic, economic or social changes, as 

well as how they take short (e.g. regarding their daily travel) or long-term decisions (e.g. 
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regarding their residential location). Examples of simulation models are the following: ORIENT 

(Sparmann, 1980), SMART (Stopher & Hartgen, 1993), RAMBLAS (Veldhuisen, et al., 1999) 

and TRANSIMS (Nagel, et al., 1999). 

 

2.2.4 Land Use – Transport Interaction (LUTI) models 

In urban and transportation planning, the interaction between land use and transportation 

is an important concern. Land use patterns stemming from the spatial allocation of urban 

functions (e.g. residential and job locations, shopping and entertainment facilities, etc.) generate 

trips that people need to make in order to fulfil their needs. This generates traffic flows that will 

influence mobility and accessibility. However, this interaction can occur towards the reverse 

direction: transportation infrastructure determines the location of households, firms, schools, 

hospitals, parks, shops, etc..  

Recently, various scholars suggested the use of LUTI models, such as URBANSIM 

(Waddell, 2002), ILUTE (Miller & Salvini, 1998) , (Miller, 2005) and PUMA (Ettema, et al., 

2007). ILUTE model has several common points with the current thesis, therefore a short 

description of its basic points follows. ILUTE is an integrated framework for modelling short and 

long-term household decisions. Specifically, it is designed to simulate activity-travel behavior of 

people, but also the evolution of transportation networks, land-use systems and job-markets over 

time. The terms “stress” and “stress management” are incorporated in this model, while 

adaptations can occur in one of the following three ways: 1. within a specific context of 

opportunities and constraints, 2. by changing this context of availabilities, 3. by adjusting the 

“rules” of the decision process (e.g. personal tastes or preferences). A sequential exploration of 

“increasingly major” changes is assumed. Lastly, scheduling is regarded as a dynamic process, in 

which activity episodes belonging to an agenda, are inserted into daily schedule for eventual 

execution. 

 

2.2.5 ACT-R model 

In this sub-section, a brief reference is made to ACT-R model. ACT-R (short for 

“Adaptive Control of Thought – Rational”) is a model of cognitive architecture (Anderson, 

1983), aiming at modeling the main cognitive and perceptual operations of human mind 

(Anderson, et al., 2004). ACT-R, based on cognitive neuroscience scientific field, can specify 
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how cognition is organized, based on individual processing modules. The model is not restricted 

to memory. It also includes other higher-order cognitive functions, such as reasoning and 

problem solving. However, in the context of this thesis, the memory model which takes into 

account human bias and describes activation and retrieval times as a function of past experiences 

is relevant (Figure 2.1). ACT-R theory has a computational implementation as an interpreter of a 

special coding language. The behavior of the model was tested with numerical experiments, 

where realistic settings of memory parameters were obtained from psychological research. It was 

validated, based on data of individuals’ reaction times to various recognition and recall tasks.  

 

 

Figure 2.1: Basic architecture of ACT-R model (Anderson & Lebiere, 1998). 

 

2.3 Dynamic activity-travel behavior of people 

Most of the models that have been developed so far are static models, as they are based 

on cross-sectional data. Specifically, because they are based on activity diary or one day/week 

travel survey data, there is not an explicit representation of the evolution of short or long-term 

adaptation strategies by the individuals. Thus, temporal interdependencies and dynamics of 

activity-travel behavior in general are not taken into account (Verhoeven, 2010).  However, the 
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incorporation of temporal interdependencies and dynamics in models of activity-travel behavior 

would constitute them more realistic, more sensitive and more accurate in predicting the 

effectiveness of a larger spectrum of policies. In contrast to static models, that only describe the 

equilibrium state of a system, dynamic models describe the process leading to a specific decision, 

as well (Timmermans, et al., 2002). Finally, as it is stated in Cherchi & Cirillo (2014), 

“understanding variability in individual behavior is crucial for the comprehension of travel 

patterns and for the development and evaluation of planning policies”.  

As people’s behavior is characterized by inertia, their activity-travel patterns tend to 

stabilize and become habitual over time. However, as space-time environment is non-stationary, 

many factors may lead to a distortion of this habitual state. Specifically, as the environment is 

non-stationary (Elhorst, et al., 2006), individuals may observe a discrepancy between their 

expectations and their actual experiences. Finally, individuals’ activity-travel behavior may also 

change due to new information they receive (Han, et al., 2007), due to actual travel observation 

or due to social contact (Páez & Scott, 2007).  

Summing up, in the next generation of activity-travel behavior models, the following 

issues should be addressed: 1. the dynamic generation of activity agendas, 2. short and long-term 

adaptations of activity schedules, 3. a more flexible classification of activities, 4. negotiation and 

activity scheduling in household level, and 5. incorporation of social network dynamics (Nijland, 

2011). Undoubtedly, developing a dynamic model of activity-travel behavior is rather 

challenging, due to the increased complexity in model validation, interpretation and application, 

as well as in constructing the theoretical framework of such a model. 

Usually, dynamic models are developed in the context of an agent-based system, where 

individuals are represented as agents, who hold beliefs regarding the space-time environment 

(Cenani Durmazoglu, 2013), can generate activity agendas and can (potentially) interact with 

other agents (Zheng, et al., 2013). Therefore, dynamic, agent-based models are behaviorally 

richer than static models (Bernhardt, 2007). Specifically, in agent-based systems, dynamics can 

emerge in one of the following three ways: by enabling agents to adjust their behaviors and make 

decisions by themselves, by allowing agents to interact with the changing environment within 

which they act, or by allowing agents to interact with each other (Ma, et al., 2012). The current 

study is going to focus on the first two ways of emergence of dynamic activity-travel behavior 

(interaction with the environment and adjustment of personal behavior).  
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2.3.1 Short and long-term time horizon 

Dynamic changes in the activity-travel patterns of an individual can take place in a short 

or in a long-term time perspective (Figure 2.2). The key difference between short and long-term 

adaptations is that the former occurs within a context of specific resources and limitations (a 

current number of household cars, a specific residential and work location, etc.), while the latter 

changes these opportunities or constraints (Miller, 2005). A possible long-term adaptation can be 

purchasing a car, moving to another house, switching from a part-time to a full-time job, etc. 

(Ettema, et al., 2011), while a short-term adaptation can be changing commuting route, 

rescheduling start-time for traveling to a leisure activity location or exploring another shopping 

location. Therefore, although long-term adaptations are not often, they are important, because 

they determine the context within which short-term changes occur (Cullen, 1978). 

 

 

Figure 2.2: Relation between macro- and micro-developments for behavior choices in time   

(van Wee, et al., 2013). 

 

 

Figure 2.3: Continuum of related choices at various temporal scales (van Wee, et al., 2013). 
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Much research on long-term decisions has focused on life-trajectories of people and key 

lifecycle events (van der Waerden, et al., 2003; Klökner, 2004). Key lifecycle events are either 

unavoidable (demographic) events (such as reaching at the age of having a driving license), or 

planned events occurring during the lifecycle (such as wedding, first child, retirement, new job, 

etc.). After those events, people usually reconsider their activity-travel patterns and accordingly 

revise some long-term decisions. For example, Prillwitz & Lanzendorf (2006) found that the 

birth of the first child and residential relocation usually result in purchase of a car. Vanhunsel, et 

al. (2007) used a Q-learning algorithm to illustrate the probability of obtaining a driving license 

after a key life-cycle event. Sharmeen, et al. (2013) reported varied effects of different types of 

life cycle events on the time allocation for different activities and travel, while Oakil (2013) 

investigated temporal dependencies among interrelated long-term decisions. Verhoeven (2010) 

used a Bayesian network in order to represent interdependencies between life trajectory events, 

resources and activity-travel patterns. Similarly, Beige & Axhausen (2006), using hazard models, 

examined interrelationships between life cycle events and mobility tools (such as car availability, 

driving license and public transport season tickets). In a separate analysis, they examined the 

relationship between changes in mobility resources and changes in employment, education, 

residential location and household characteristics (Beige & Axhausen, 2012). Finally, the 

relationship between changes in social networks and lifecycle events has been investigated in 

several studies (Carrasco, et al., 2008; Axhausen, 2008; Sharmeen, et al., 2014).  

As it is stated in Goulias (2007): “Conditional on the life course long projects, are the 

daily schedules of individuals and the myriad of decisions determining a daily schedule”. 

Research on short-term dynamics of activity-travel behavior usually focuses on the re-scheduling 

of travel and activities. Uncertainty during traveling, as well as the occurrence of unexpected 

events may trigger discrepancies between the anticipated, planned agenda and the actual 

execution of it (Peer, et al., 2015). For instance, Ettema, et al. (2004), Dissanayake & Kouli 

(2007), Vrtic, et al. (2007) and Yan, et al. (2002) are some examples of studies examining 

whether pricing policies led to a shift of departure times, routes, or transport modes. Rouwendal 

(1996) investigated short-term response to increasing fuel prices. Finally, Arentze & 

Timmermans (2005), examined the effect of novelty-seeking behavior on daily travel 

experiences. 

Lastly, Xiong, et al. (2014) have developed the SILK model, which is an agent-based 

microsimulation model, focusing on short-term dynamics of activity-travel behavior. It 

incorporates various bounded rationality mechanisms, such as multidimensional knowledge 

updating and satisficing behavior. Specifically, individuals are assumed to hold their own beliefs, 
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which are formulated according to their previous experiences, and their own expectations 

regarding the search gain and search cost along all feasible behavioral adjustment dimensions. 

Based on these search gain and cost values, it can be predicted when an individual starts or stops 

searching and develops habitual behavior. Various search/decision heuristics are implemented, in 

order to determine how these values fluctuate and result in realistic behavioral patterns. 

 

2.3.2 Endogenous and exogenous dynamics of activity-travel behavior 

Short and long-term decisions are mutually affected (Figure 2.3). Some studies aimed at 

linking the short and the long-term time horizon, by focusing either on a top-down or on a 

bottom-up process of influence. For instance, Scheiner (2006) states that: “Housing mobility and 

travel behavior should be regarded as an intertwined process of individual behavior. Activity 

spaces, trip distances and mode use all change after a relocation. At the same time, routines of 

mode use, as well as the location and distance of daily activities, are causes for migration and 

criteria for locational choice.” 

Thus, as it is depicted in Figure 2.4, both a top-down chain of influence, where long-term 

decisions constrain daily activity agendas, and a bottom-up process of influence, where day-to-

day experiences “feedback” information about resource needs, can be considered (Han, et al., 

2009). For instance, according to the top-down perspective, trip distances, trip timing and the use 

of transport modes, strongly depend on the long-term decisions, such as residential and work 

location (Scheiner, 2006). Respectively, according to the bottom-up perspective, routines of daily 

activity-travel behavior and everyday positive or negative experiences can be causes for 

residential or work relocation, purchase of a car, etc.. In this way, the long-term decisions can 

better match the needs of daily life (Salomon, 1983).  

Various planned or unplanned exogenous factors (changes in the socio-economic 

institutional context, life-cycle events, urban/transportation policies, etc.) can trigger short or 

long-term adaptations, either directly or indirectly (via an endogenous process). Thus, on the one 

hand, individuals may face a direct change, forcing them to immediately adapt their activity-

travel patterns, resulting in some exogenously triggered dynamics. On the other hand, 

endogenously1 triggered dynamics are usually related to stress and a bottom-up process of 

                                                
1 Etymologically, the word endogenous derives from the Greek: ενδογενής, meaning “proceeding 

from within” (“ενδο”=inside “-γενής”=coming from), the complement of exogenous (Greek: εξωγενής, 

where, “έξω”= outside), meaning “proceeding from outside”. 
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influence, where decisions are not beyond the control of an individual, as they are made in the 

context of a self-improvement process. Therefore, it could be stated that endogenous dynamics 

focus on the way that people learn from their experiences and develop short or long-term 

adaptation strategies in order to improve their current situation. Mayer (1990) describes 

endogenous dynamics, as an idiosyncratic process where subsequent choices, objectives and 

expectations are affected by experiences, conditions and constraints undergone previously. 

Finally, in Arentze & Timmermans (2007), it is stated that changes in the (spatial) organization 

of society, such as rapidly changing jobs, changing gender roles, cyberspace, network cities, etc., 

increase the need to study the emergence of endogenous dynamics.  

 

 

Figure 2.4: Linking short and long-term dynamics  

(top-down and bottom-up process of influence). 

 

Most of the existing studies on dynamics of activity-travel behavior focused either on a 

specific time-horizon (short or long-term time horizon) or on the top-down process of influence. 

For instance, Beige (2008), Beige & Axhausen (2006), Prillwitz & Lanzendorf (2006), Sarjeant, 

(1986), Vanhunsel, et al. (2007) and Verhoeven (2010) focused on the long-term time horizon. 

On the other hand, Rouwendal (1996), Ettema, et al. (2004), Dissanayake & Kouli (2007), Vrtic, 

et al. (2007), Yan, et al. (2002) and Arentze & Timmermans (2005) focused on short-term 

dynamics of activity-travel behavior. Furthermore, Klökner (2004), Salomon (1983), van der 
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Waerden, et al. (2003), Arentze, et al. (2004), Prillwitz & Lanzendorf (2007) and Scheiner 

(2006) focused on the top-down perspective of dynamic behavior. 

Finally, there is a stream of literature examining the effect of specific external factors 

(e.g. implementation of specific policies) on activity-travel behavior of people (Fujii & 

Kitamura, 2003; Loukopoulos, et al., 2006). For instance, some studies examined the attitude of 

car users towards various transportation pricing policies/schemes (Jou, et al., 2006; O'Grady, et 

al., 2010; Arentze, et al., 2004; Khademi & Timmermans, 2011). Additionally, van der Horst & 

Ettema (2005), Jou, et al. (2005), Adler & McNally (1994) and Parvaneh, et al. (2012) focused 

on behavioral change in response to travel information provision, by examining reluctance of 

travelers to change their activity-travel behavior. Moreover, Graham & Glaister (2002), Brons, et 

al. (2008), Greene & Hu (1986), Rouwendal (1996) and Yang & Timmermans (2013) focused on 

the dynamic effect of dramatically increasing fuel prices on activity-travel behavior. Finally, 

some studies focused on the effect of various technological innovations or improvements on 

activity-travel behavior of people, such as consumer acceptance of electric cars (Glerum, et al., 

2011; Jensen, et al., 2013; Rasouli & Timmermans, 2013). 

In contrast, this thesis is not going to focus on a specific exogenous factor, but on the 

bottom-up process of influence, according to which people learn from their experiences. 

Dissatisfaction with habitual activity-travel patterns may trigger a short or even a long-term 

adaptation of their activity-travel patterns. Therefore, it is examined how various exogenous 

factors can generate an endogenous process of reconsidering the current activity-travel patterns 

and setting various adaptation strategies. 

 

2.4 Satisficing theory 

Perfect rationality theory is based on the assumption that individuals are fully rational, 

have perfect information and always maximize their utility (see also section 2.2.2.2). In contrast 

to this theory stands satisficing theory of Herbert Simon (Simon, 1957; Simon, 1959), which is 

one of the basic theoretical underpinnings of the conceptual framework of this thesis. Simon 

claimed that in order to predict the short-term behavior of an adaptive organism in a complex and 

dynamic environment, we need to investigate its internal structure and, especially, its mechanism 

of adaptation. Moreover, we need to distinguish between the objective environment in which the 

economic actor “really” lives and the subjective environment that (s)he perceives and to which 



Theoretical Background 

23 

 

(s)he responds. The difference between these two worlds involves both omissions and distortions 

and arises in both the perception and the inference level.  

According to the satisficing theory, economic man is not regarded as a “maximizing”, but 

as a “satisficing” animal, whose decision making mechanism is based on the goal of reaching 

certain aspiration values, and not finding the best alternative. In most psychological theories, 

action terminates when specific drives/motives are satisfied. Aspiration levels constitute this kind 

of drives and are not fixed, but adjusted upward or downward according to experiences and what 

is considered to be attainable. As it is mentioned in Simon (1959), psychological studies, 

focusing on the formation of aspiration values, support the following propositions: 

• When performance falls below the aspiration level, search behavior is 

triggered. 

• In that case, aspiration values are lowered, so that they become more realistic. 

• If the two previous mechanisms operate too slowly to adjust aspirations in an 

appropriate level, emotional behavior, e.g. apathy or aggregation, will emerge 

and most probably will outperform rational adaptive behavior. 

Based on this theory, Simon created model paradigms under the label of bounded 

rationality – “the limited extent to which rational calculation can direct human behavior” (Simon, 

1997)- to depict a sequence of a person’s actions when searching for a suitable alternative. The 

intended rationality of an actor requires him to construct a simplified model of the real situation, 

in order to deal with it. Moreover, the actor is allowed to make mistakes when making decisions, 

so that observed behavior becomes more realistic (Rubinstein, 1998). In Simon (1959), it is 

stated that: “Models of satisficing behavior are richer than models of maximizing behavior, 

because they treat not only of equilibrium but of the method of reaching it as well”.  

 

2.5 Summary 

The theoretical background of this thesis was presented in detail in this chapter. First, a 

short overview of the main approaches of activity-travel behavior modeling was presented. The 

transition from the trip-based to the activity-based and finally to the simulation models was 

explained, while LUTI and ACT-R models have been mentioned, as well. 

Furthermore, a distinction was made between static and dynamic models. As it was 

explained, there are three main approaches of modeling dynamic activity-travel behavior of 

people. First, there are several models focusing on a specific time-horizon (e.g. long-term 
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dynamic decisions, such as residential relocation). Second, there is a myriad of models focusing 

on a specific exogenous factor and the way it influences either the short or the long-term or both 

of these time-horizons (e.g. the effect of ICT services on travel rescheduling). Lastly, there are 

models attempting to link the short and the long-term time-horizon, either via a top-down or via a 

bottom-up perspective. 

The current thesis focuses on the bottom-up chain of influence. This approach is mostly 

related to the emergence of endogenously triggered dynamics. It does not focus on a specific 

external factor (e.g. the implementation of a specific pricing policy). Thus, this thesis aims at 

modeling the way that various exogenous factors can trigger an endogenous process of 

reconsidering the current activity-travel patterns and activating various short or long-term 

adaptation strategies.  

The developed conceptual framework of dynamic activity-travel behavior is based on 

satisficing theory, according to which people do not aim at finding the best solution which 

maximizes their utility, but instead they try to find a satisfactory solution which meets their 

aspiration values. In chapter 3, there is a detailed explanation of the conceptual framework and 

the mathematical representation of the developed model.  
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3.1 Introduction 

As it is explained in Hensher, et al. (2005): “Almost without exception, everything 

human beings undertake involves a choice. Some choices are the result of habit, while others are 

fresh decisions made with great care, based on currently available information from past 

experiences and/or current inquiry”. Activity-travel behavior consists of two basic stages: 

decision making process and implementation of the activities (Arentze & Timmermans, 2008). 

According to a dynamic point of view, these two stages feedback each other, so that the activity-

travel patterns of an individual improve over time. Specifically, the decision making process 

includes the activity generation and the activity scheduling phase. The former results in the 

decision of which activities need to be conducted, according to an individual’s needs and desires, 

while the latter tailors them into a daily schedule, by determining the locations to be visited, the 

start-time and duration of the trips that need to be made, etc.. The current thesis focuses on the 

scheduling part of the decision making phase (not on the activity generation process) and the way 

that this is affected and adjusted according to the implementation experiences of an individual.  

Specifically, in the proposed conceptual framework, there is an attempt to trace the way 

that habitual behavior emerges, as well as the evolution of short or long-term adaptation 

strategies. As it is stated in Miller (2005): “The conceptual framework for actually integrating 

relatively short-run activity-travel behavior of households with their longer-run residential 

location and auto ownership choices (among other longer-run decisions) is not well developed. In 

particular, a corresponding evolution of longer-term decision making as a logical extension of the 

activity-based paradigm has not occurred to any significant extent”. 

The basic assumption underlying the developed conceptual framework is that people 

schedule their activities and travel in such a way that they are satisfied enough. Thus, in order to 

avoid needless mental effort, they develop habits. In case that they become dissatisfied with their 

habits at some point in time, it is assumed that first they will try solutions that require less mental 

effort (short-term changes). However, if these short-term adaptations also prove to be ineffective, 

some long-term decisions may be considered, as well.  

This chapter is organized in the following way: first, the main concepts, on which this 

conceptual framework of dynamic activity-travel behavior is based, are discussed. Then, the 

mathematical representation of the dynamic model is presented in detail. Finally, a summary of 

the main mechanisms and characteristics of this framework follows and relevant conclusions are 

drawn. 
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3.2 Basic concepts 

3.2.1 Activity profiles  

Hannes, et al. (2009) mentions that: “A striking finding is that the travel-related decisions 

in an every-day activity schedule are in fact perceived of and handled as being part of an 

integrated problem where certain interconnected solutions are triggered simultaneously without 

much consideration. This reasoning shows the existence of an activity-travel repertoire or mental 

map that comprises a set of standard alternative solutions for everyday life activity travel.” In the 

conceptual framework of this thesis, it is assumed that when an individual travels in order to 

reach an activity location, (s)he actually chooses from his/her choice set an activity profile and 

implements it. An activity profile consists of a combination of states of various activity attributes 

(Arentze, et al., 2007). For instance, two examples of activity profiles for an activity type k (e.g. 

shopping) that could be included in the choice set of an individual are the following: 

• A1 _ destination: super market (located at 51.4, 5.4), going by car, start-time of trip: 17:00, 

origin of trip: office (located at 51.5, 5.6), via route A 

• A2 _ destination: grocery shop (located at 52.4, 5.9), going by bike, start-time of trip: 18:00, 

origin of trip: home (located at 52.9, 5.8), via route B 

Therefore, an activity profile of an activity type k, consists of specific activity attributes, 

such as the destination location, the transport mode, the start-time, the origin location and the 

route that is followed. When an activity profile is habitually followed by an individual, it is 

considered to be a script that is repeatedly implemented when an activity needs to be conducted.2  

When implemented, an activity profile corresponds to specific quantitative or qualitative 

activity attributes. For instance, travel time or travel cost are some quantitative activity attributes, 

whereas soft factors, such as experienced comfort, convenience, safety, reliability, etc. are 

considered to be qualitative activity attributes of an activity profile.  

                                                
2 When the origin location of an activity profile is the same with the destination location of the 

activity profile that was implemented just before, trip chaining occurs. 
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3.2.2 Universal choice set 

Usually, in the activity-based models, choice sets3 are derived on the basis of some 

arbitrary rule and are regarded as time-invariant. Most of the agent-based models of activity-

travel behavior have in common the assumption that individuals will choose within their choice 

sets the option they prefer, taking into account a set of constraints. In most of these models, 

however, the choice set formulation is not explicitly modeled.  

Han, et al. (2007) focused on the process underlying the dynamic formation of choice 

sets. Their work was part of the FEATHERS (Forecasting Evolutionary Activity-Travel of 

Households and their Environmental RepercussionS) project, which aimed at the development of 

a dynamic activity-based micro-simulation model, using an extension and elaboration of the 

AURORA model of activity (re-)scheduling behavior (Arentze, et al., 2006). The choice set 

formulation part of the framework that is developed in the current thesis, is based to a great 

extent on Han et al’s work on formulation of dynamic shopping location choice sets. The current 

thesis extends this work, as (i) it does not focus only on the shopping activity type; (ii) it models 

the choice set formation of activity profiles, which constitute combinations of several activity 

attributes, and (iii) it models apart from the short-term dynamics, the point in time that a long-

term adaptation is considered.  

Specifically, in the framework of this thesis, a universal choice set includes all the 

potentially feasible activity profiles that an individual can select. In other words, it is the 

exhaustive list of all the possible combinations of activity facets that are available to an 

individual. Therefore, for every activity type that is included in an individual’s agenda and under 

every specific context-condition (e.g. weekday and rush hour), there is a universal choice set of 

possible activity profiles. Undoubtedly, this universal choice set is directly influenced by the 

long-term decisions of that individual, such as the work and residential location, the number of 

available cars, etc. (Hannes, et al., 2009).  

However, when an individual is engaged in the decision making process and needs to 

choose one specific activity profile, usually (s)he does not consider all the activity profiles that 

are included in the universal choice set. Instead, (s)he considers a subset of it, which constitutes 

the choice set of that individual at this specific point in time, under the specific context-condition 

                                                
3 The concept of “choice set” expresses the idea that in order to perform an activity, individuals 

carry out a process of selection from the options which they perceive to be available, on the basis of their 

personal characteristics, available resources and experience of the transport system (Faivre d'Arcier, et al., 

1998). 
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and for the specific activity type. Choice sets are dynamic, as new activity profiles can be 

explored, while others may be discarded, due to memory limitations.  

Finally, choice sets are considered context-dependent, because different contexts may 

imply completely different constraints (e.g. feasible start-time ranges) and, thus, different 

possible activity profiles and different activity profile attributes (e.g. the travel time 

corresponding to the same activity profile may differ under two different context-conditions) 

(Hannes, et al., 2009). Context variable c represents relevant characteristics of the 

situation/condition, within which an individual takes a decision. In this thesis, the conducted 

numerical simulation focused on four context-conditions c: weekday and rush hour, weekday and 

non-rush hour, weekend and rush hour, weekend and non-rush hour. 

 

3.2.3 Conditional and unconditional aspirations 

In contrast to utility maximization theory, Simon (1959) stated that individuals cannot 

continuously search for the best alternative in their choice set and perpetually maximize the 

utility they get from their choices. Instead, they tend to develop habits, which actually are 

satisfactory activity profiles. Therefore, every individual holds specific aspiration values, which 

serve as subjective points of satisfaction, as they determine what qualifies as a satisfactory 

option. In case that the performance of an activity profile is below that threshold, then it is 

considered to be a dissatisfactory one, as it does not meet the aspirations of the individual. 

According to Colledge & Stimson (1997), the aspiration values of an individual are influenced 

by his/her life-style, stage in family life-cycle, social status, traditions, symbolisms and values 

and they represent the quality-of-life criteria that individuals pose to themselves. 

In the context of this thesis, it is assumed that an individual holds for every activity type 

both a conditional and an unconditional aspiration value (Figure 3.1). Both of these values are 

dynamic and context-specific. The difference is that a conditional aspiration value ( ( ) |kU c h
∗

) 

is conditional to the whole bundle of the current long-term decisions (which are represented by 

index h) and takes into account the opportunities and/or restrictions that these may imply. 

Therefore, a conditional aspiration value is more realistic and tailored to the present situation of 

that individual. For example, the conditional aspiration regarding the travel time of the 

commuting trip is conditional on long-term decisions, such as the residential and work location, 

the car ownership, etc.. On the other hand, an unconditional aspiration value ( ( )kU c
∗

) 
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represents the general expectations of an individual and it is not conditioned to his/her current 

situation and the context of the current long-term decisions that characterize his/her life. Thus, it 

is not affected by the compromises deriving from the restrictions that these long-term decisions 

may impose in the activity-travel repertoires of an individual.  

Specifically, the context-specific conditional aspiration ( ) |kU c h
∗

 for an activity type k 

equals: 

( )( ) | |
k kjj

cU c h U h
∗ ∗=∑       (3.1) 

where ( ) |
kj

U c h
∗

 is the conditional aspiration level4 of an activity attribute j of activity type k, 

under context c and h is the context of long-term decisions characterizing an individual’s life 

(current residential and work location, car and public transport card ownership, working times 

and days5). Thus, ( ) |
kj

U c h
∗

 represents the attribute value that would make the individual 

satisfied. For instance, the aspiration for an individual regarding the travel time (j) when 

traveling for work (k) and it is weekday and rush hour (c) can be 25 minutes. If the experienced 

travel time exceeds 25 minutes, then (s)he is dissatisfied. In equation (3.1), an additive form is 

used for consistency reasons (additive form is also used in the utility equations for experienced 

or expected states of attributes -see also section 3.3.1) and therefore it is assumed that the rule is 

the same on the level of aspired values, as well). 

On the other hand the context-specific unconditional (not affected by the restrictions 

stemming from the long-term decisions) aspiration value ( )kU c
∗

 for an activity type k under 

context c equals: 

( )( )
k kjj

cU c U
∗ ∗=∑        (3.2)

  

                                                
4 For the reason that aspirations are measured on utility scale, they are already weighted. 

5 Long-term decisions of people include, on the one hand, decisions about their residential location 

and their education or employment places. On the other hand, the ownership of mobility tools, such as car(s) 

or public transport season card(s), is a complementary element, closely related to these location choices. In 

other words, in people’s life courses, all these decisions are interconnected and events in one area frequently 

trigger changes in other areas, as well (Beige, 2008). 
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where ( )
kj

U c
∗

 is the unconditional aspiration of an activity attribute j of activity type k, under 

context c.  

 

 

Figure 3.1: Diagram depicting conditional and unconditional aspiration values, on the long-

term level, on the activity and on the activity attribute level. 

 

Therefore, for every activity type k and for every context-condition c, an individual holds 

a conditional and an unconditional aspiration value. Based on these context-specific values, the 

overall conditional or unconditional aspiration corresponding to this activity type k can be 

calculated. Specifically, in order to calculate the conditional aspiration value |kU h
∗

 for activity 

type k, every context-specific conditional aspiration ( ) |kU c h
∗

 is multiplied by the frequency 

of experiencing the context c. Thus, the average of these products ( ( ) |c k cfreq U h
∗

), is the 

conditional aspiration value of an activity type k: 

( ) |
|

c kc
k

cc

cfreq U h
U h

freq

∗
∗ =∑

∑
      (3.3) 
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where freqc is the frequency of experiencing context c. In a similar way, the unconditional 

aspiration value 
kU
∗

 of an individual for activity type k is: 

( )c kc
k

cc

cfreq U
U

freq

∗
∗ =∑

∑
      (3.4) 

Based on the conditional aspiration values of the activity types, included in the agenda of 

an individual, it is possible to calculate the actually experienced utility h
U  of the current long-

term decisions of the individual. Particularly, the mean of the conditional aspiration values of the 

K total number of activity types included in an individual's agenda equals to the actually 

experienced utility h
U  of the current long-term decisions of that individual: 

|
kk

h

U h
U

K

∗

=
∑

       (3.5) 

This is for the reason that the conditional aspiration values of the activity types are adjusted 

according to the context of the constraints and the opportunities that the current long-run 

decisions impose. 

Accordingly, based on the unconditional aspiration values of the activity types, the 

aspiration of an individual regarding the context of long-term decisions characterizing his/her life 

can be calculated. The mean value of the unconditional aspirations of the K activity types equals 

to the aspiration 
*

rU  of an individual, regarding his/her context of long-term decisions (which 

are symbolized with r): 

* kk
r

U
U

K

∗

=
∑

       (3.6) 

This is because the unconditional aspiration values are not restricted by the current long-run 

decisions (current residential and work location, car ownership, etc.), as they are not formulated 

according to the current long-term situation.  

All the above mentioned aspiration values are dynamic, as depending on the daily 

experiences of an individual, (s)he may adjust his/her aspirations upwards (in case that, for 

instance, (s)he finds it easy to discover satisfactory solutions) or downwards (if they seem to be 

unrealistic) (see also section 3.3.4). Thus, an aspiration level at time t, depends on the history of 
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the system (previous aspiration levels and previous levels of attainment), as it represents an 

individual’s beliefs about performance levels that potentially can be achieved.  

Aspiration values play an important role in this framework of dynamic activity-travel 

behavior, as in combination with the utility evaluation results, they determine whether an 

individual will start changing (switching from habitual behavior to a conscious choice mode) or 

will persist in habitual behavior. Finally, repeated differences between aspirations and 

experiences add to the latent accumulated tendency of taking a long-term decision. 

 

3.2.4 Stress 

Taking into account that the environment where individuals act, is non-stationary and 

stochastic, it is easily realized that very often differences exist between conditional aspirations 

(an ideal state) and choices (an actual state, severely constrained by a host of economic, 

environmental, social, cognitive, attitudinal and other factors). These differences generate stress, 

which tends to accumulate and can trigger the distortion of an individual’s habitual state. For 

instance, the actual performance of the transport and land-use system may decrease below the 

conditional aspiration level of an individual, resulting in search for other alternatives, such that 

they can meet his/her expectations. As it is mentioned in Miller (2005): “The concept of stress as 

an explanatory variable in urban spatial processes dates back to the seminal work of Rossi in the 

1950’s (Rossi, 1955)”. Loosely defined, stress arises when one’s current state deviates from 

some alternative desired/expected/optimal state. The larger this deviation, it is hypothesized, the 

more likely one is to act in some way that attempts to reduce stress; i.e., to attempt to move one’s 

state closer to the alternative target state.” Additionally, this notion of stress was used in 

behavioral geography, especially in migration research (Brown & Moore, 1970), as well as in 

various studies about commuting stress (Evans, et al., 2002). Finally, Han, et al. (2007) used this 

term in a model simulating the way that aspiration levels are influenced by social networks and 

social interactions. 

Habib, et al. (2006) stated that: “Stress works as continuous endogenous psychological 

trait that builds up gradually and leads to the termination of the present situation at some discrete 

point in time”. Therefore, endogenous dynamics in the activity-travel patterns of an individual, 

are induced by stress. Specifically, in the context of the current thesis, short-term stress is defined 

as the discrepancy between the overall expected utility value of the habitual activity profile and 

the conditional aspiration value of the corresponding activity type.  
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Every individual tends to develop some inertia to his/her habitual behavior (Gӓrling & 

Axhausen, 2003), as they cannot “act at the margin” and always maintain themselves at their 

“optimal” state (due to various monetary and psychic reasons). Therefore, depending on their 

aversion to change, people demonstrate some tolerance to stress. In the proposed model, there is 

a tolerance to short-term stress value (σ1) which reflects the extent to which an individual’s 

behavior is characterized by inertia and reluctance to change (depending on his/her position in a 

risk aversion-taking scale). Specifically, a large tolerance value implies that dissatisfaction does 

not trigger easily an individual to search for alternatives and that (s)he strongly dislikes the 

mental effort involved to improve the current activity-travel decisions. On the other hand, a small 

tolerance value indicates that the individual sets high standards in what (s)he considers to be 

acceptable or that (s)he has a high propensity to explore (Han, et al., 2008). When accumulated 

short-term stress exceeds the tolerance value σ1, a short-term change occurs within an 

individual’s activity-travel patterns (Figure 3.2). 

On the other hand, long-term stress is defined as the discrepancy between the actually 

experienced utility of the long-term decisions Uh and the aspiration value 
r

U
∗
 that an individual 

holds regarding this context of long-term decisions. Depending on the inertia characterizing an 

individual when taking a long-term decision, (s)he demonstrates some tolerance σ2 to long-term 

stress6. When accumulated stress exceeds this tolerance value, a long-term change is considered. 

In that case, an individual becomes “awake”, as (s)he realizes that the long-term organization of 

his/her daily life needs to be improved (Figure 3.2). This is in line with various empirical studies, 

indicating that behavioral adjustment is primarily focused on the easy, short-term solutions, and 

in case they prove to be ineffective, then some long-term changes may also be considered 

(Arentze & Timmermans, 2007; Nijland, et al., 2007; Roorda & Andre, 2007).  

 

3.3 Mathematical representation 

3.3.1 Cognitive and emotional responses 

Every time that an individual needs to travel in order to conduct an activity, (s)he needs 

to select and experience a specific activity profile. This choice making process can take place 

                                                
6 For instance, Sarjeant (1986) states that the continuous interaction of household and environment 

leads to behavioral inertia, which affects household’s decision regarding residential location. 
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consciously or sub-consciously, while both cognitive and emotional considerations can influence 

the final decision. In the proposed model, cognitive and affective responses in spatial choice and 

learning behavior are simulated. 

 

 

Figure 3.2: Diagram depicting the conceptual framework of the model. 

 

Specifically, to calculate the expected utility of an activity profile, the activity attributes 

(e.g. origin location, transport mode, travel time, etc.), as well as an individual’s corresponding 

preferences and beliefs are taken into account. In case that an activity profile was experienced 

before, an emotional value is also assigned to it. Thus, some cognitive and some emotional 

responses correspond to that activity profile and when they are combined, they constitute the 

overall expected utility value ( )
k

t

i
EUE c  of that activity profile, for this individual, at a specific 

point in time and under a specific context-condition.  

In order to calculate the cognitive part of this overall expected utility value, it is assumed 

that every activity profile, belonging to the universal choice set of an individual, consists of some 

uncertain and some certain activity attributes. In the context of this model, uncertain attributes 

are those attributes whose state varies in unpredictable ways across the context-conditions. For 
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instance, travel time is considered to be uncertain, for the reason that the state of travel time 

corresponding to an activity profile depends, for example, on whether it is a rush or a non-rush 

hour. On the other hand, the state of the certain attributes remains constant and context-

independent. Specifically, we assume that those attributes of the urban-transportation system that 

are inherently static (in the considered simulation time period) are deterministic and certain. For 

example, the state of travel cost corresponding to an activity profile is regarded as certain 

(standard value of a public transport ticket, etc.).  

Specifically, the expected utility 
k

t

i
EU  (from the perspective of the individual e) of an 

activity profile ik of activity type k at time t is: 

( )
1 1

|
i jk

k k

J N

t t

i j jn i j jn t

j n

EU x P x cβ
= =

=∑∑      (3.7)
      

 

In equation (3.7), a conditional, time-varying probability distribution is included, representing 

the beliefs of an individual regarding the possible states of the uncertain attributes across the 

various context-conditions. However, for the certain attributes, ( | )
k

t

i j j t
P x c  is binary because 

the beliefs of an individual about the value of the certain attributes are assumed to be all or 

nothing. 

Continuous attributes (such as travel cost and travel time) are discretized and the log(xjn) 

is used in equation (3.7). The logarithmic form is used in order to account for saturation. This is 

for the reason that when these values are low, even a small increase can dramatically affect the 

disutility of the relevant activity profile. On the other hand, when the values are high, a small 

increase, e.g. in travel cost, does not make a big difference in the disutility of that activity profile. 

Activity attributes are symbolized by j=1,…,Jik, where Jik is the number of activity 

attributes in the activity profile ik. The states of an activity attribute are symbolized by n=1,…,Nj, 

where Nj is the number of possible sates of the j-th attribute of activity profile ik. 

{ }1 2, , ...,
j j j jN

X x x x=  are the values of the activity attributes (where xj1, xj2, …,xjN 

represent possible values of Xj). The terms xjn are real numbers (e.g. euros or minutes), 

representing the value (in euros or minutes) of state n of an activity attribute j. Finally, c 

represents context-condition variables (e.g. weekday/weekend, rush/non-rush hour). 

βj is the individual’s marginal utility of an activity attribute j. In the context of this model, 

the preference parameters βj remain invariant over time and they are not updated according to the 
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previous experiences of an individual. Specifically, possible states n of a discrete attribute j-

transport mode can be: n1-bike, n2-walking, n3-car. In that case, based on dummy coding, two 

preference values correspond to this activity attribute (because one would be the base preference 

value). On the other hand, for the continuous attributes, (e.g. travel time), only one preference 

value corresponds to this activity attribute.  

( | )
k

t

i j j t
P x c  is the conditional, time-varying probability distribution for the uncertain 

activity attribute j
X  at time t. ( | )

k

t

i j jn t
P x c  is used to refer to a specific probability value for 

experiencing a specific state n of an uncertain activity attribute j
X , at time t and under context 

c.  Therefore, in this model, individuals do not make decisions on the actual values of the 

uncertain attributes but rather on their perception or beliefs about these values. Perception is not 

necessarily perfect. In fact, individuals will have imperfect and incomplete information about the 

choice alternatives in their environment. For instance, newcomers to an urban area will learn 

about the properties of the system and the values of these uncertain attributes, by implementing 

their activities and by traveling. In this way, they increase their knowledge and in quasi-

stationary (almost stable) environments, they reduce uncertainty. Therefore, ( | )
k

t

i j j t
P x c  is the 

probability distribution across j
X , which sums up to 1. The degree of uncertainty is given by 

the degree of uniformity of ( | )
k

t

i j j t
P x c . The more even the probabilities are spread across 

possible states, the larger the uncertainty and vice versa. Individuals update their beliefs about 

( | )
k

t

i j j t
P x c  using Bayesian principles (Arentze & Timmermans, 2003)7. Bayesian learning 

involves incrementally updating the conditional belief distributions across the possible states for 

each observed attribute of the activity profile after experiencing the actual states. This means that 

at every time step t, an individual’s beliefs are updated according to his/her experiences at t-1. 

Thus, ( | )
k

t uncertain

i j j t
P x c  is a dynamic element of the system and only the distribution for the 

last t needs to be stored during the simulation process. 

                                                
7 In Arentze (2013), there is also a discussion on the formation of biased beliefs and an alternative to 

Bayesian and reinforcement learning process is suggested. 
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As individuals have limited information, they experience the actual state of every 

uncertain attribute, only when the selected activity profile is implemented. Additionally, some 

unexpected surprise might happen. The experienced utility 
k

t

i
AUT  of an activity profile ik at 

time t equals: 

1

ik

k k

J

t t

i j jn i

j

AUT xβ ε
=

= +∑       (3.8)
               

where xjn is the value of the state of the attribute j that has been experienced at that time t. For 

continuous attributes, the log(xjn) is used. 
k

t

i
ε  is a random component of the experienced utility. 

The advantage of incorporating in the model structure this random term is that, for instance, the 

robustness of the transportation facilities of an area can be simulated. Specifically, the 

instability/variance of travel time, etc. can be simulated in such a way that the agents’ 

experiences would be different than experiencing a more reliable/stable system. 

When experiencing an activity profile, specific emotional responses emerge, which will be 

taken into account the next time that this activity profile will be evaluated during the decision 

making process. Specifically, if the cognitive expected utility deviates from the experienced 

utility, negative or positive emotions regarding this experience event emerge. The emotional 

value 
k

t

i
R  of an experience event of an activity profile ik at time t equals to:

 

k k k

t t t

i i i
R AUT EU= −        (3.9)

 
 

In this way, the model allows for a varying impact of different experiences, as very 

negative or positive experiences are going to stay longer in an individual’s memory. Specifically, 

if an activity profile is experienced several times, the emotional values of the experience events 

will be accumulated and result in a positive or negative overall affective value associated with 

that activity profile. The emotional value ( )
k

t

i
E c  of an activity profile ik at time t, under context 

c, is: 

1 1 1 1
1 1

1
1

(1 ) ( ) , 1 1

(1 ) ( ) ,
( )

t t t t
c

i i i
k k k
t

k
i
k

a E c a R if I and I
t

i a E c otherwise
E c

− − − −

−

− + = =

−


= 


   (3.10)
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where 0≤ α1 ≤1 is the trade-off between accumulated past emotional values and the most recent 

ones (when it approaches 1, the emotional value of an activity profile tracks emotional values of 

the recent events). 
1t

cI
−

 equals to 1, if context c is experienced at time t-1, otherwise equals to 0. 

Thus, ( )
k

t

i
E c  is a dynamic element of the model, which is updated at every time step t, 

according to the experiences at t-1 (in the numerical simulation, only the last t needs to be stored 

each time). Finally, it should be mentioned that the initial value of all the recursive in time 

quantities of this model (equations (3.10), (3.12), (3.15)) is zero during the simulations. 

The emotional value ( )
k

t

i
E c  is incorporated in the overall expected utility ( )

k

t

i
EUE c  

of the activity profile ik at time t, under context c (where both a cognitive and an emotional 

component are included):  

2( ) ( )
k k k

t t t

i i i
EUE c EU a E c= +       (3.11)

 

where 0≤ α2 ≤1 is the trade-off between rational (based on expected utility) and affective 

behavior (based on emotional value). When α2 increases, emotionally driven behavior emerges, 

whereas when α2 decreases, affective responses are less taken into account during the evaluation 

process of the activity profiles. The additive form is adopted in this formula since it is the most 

straight-forward form assuming that individuals use a compensatory evaluation rule (a low 

emotional value can be compensated by a high cognitive value and vice versa). 

 

3.3.2 Choice set formation 

During the decision making process, an individual evaluates a number of activity profiles 

and arrives at a single selection, which is actually the choice of that individual at that time and 

under a specific context. However, as it is explained in section 3.2.2, due to memory restrictions, 

or due to limited information, usually (s)he is not aware of all the activity profiles that are 

included in the universal choice set (Hensher, et al., 2005). Instead, only those activity profiles 

that (s)he is aware of, will be considered during the decision making process.  

As it is mentioned in Han, et al. (2007): “Choice sets may change over time because 

travelers become familiar with new alternatives or may no longer be interested in alternatives 

they know, because they no longer meet the travelers’ expectations, or because they have become 

dominated by other alternatives in the choice set”. Thus, awareness responses play a crucial role 
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in choice set formation modeling. Simon (1957) states that: “Broadening the definition of 

rationality to encompass goal conflict and uncertainty made it hard to ignore the distinction 

between the objective environment in which the economic actor “really” lives and the subjective 

environment that he perceives and to which he responds. When this distinction is made, we can 

no longer predict his behavior -even if he behaves rationally- from the characteristics of the 

objective environment; we also need to know something about his perceptual and cognitive 

processes”.  

In the proposed model, the extent to which an individual is aware of an activity profile is 

contingent on event memory and follows the processes of memory decay and reinforcement. 

Thus, the awareness level is the indicator of the strength of such a memory trace. Specifically, 

the awareness level ( )
k

t

i
S c  of an activity profile ik at time t, under context8 c, equals to: 

1 1 1 1

1 1 1 1

1 1

1

( ) , 1 1

( ) ( ) , 1 0

( ) , 0

k k k

k k k k

k k

t t t t

i i i c

t t t t t

i i i i c

t t

i i

S c R if I and I

S c S c R if I and I

S c if I

θ

λ

− − − −

− − − −

− −

 + = =



= + = =


=

  (3.12)

 

where 0≤ λ1 ≤1 is the awareness retention rate and 0≤ θ ≤1 is the context-wise awareness 

reinforcement parameter. 
1

k

t

i
I −

 equals to 1 if the activity profile ik was experienced at time t-1, 

otherwise it is 0. 
1t

cI
−

 equals to 1 if the context c was experienced at time t-1, otherwise equals 

to 0. The absolute value 
1| |

k

t

i
R −

 is used in this equation, for the reason that the stronger the 

emotional impact of the event experience (no matter if this is a positive or a negative emotional 

experience), the longer it stays on memory. Additionally, since ( )
k

t

i
S c  represents the extent to 

which an individual is aware of an activity profile, intuitively it should be ( ) 0
k

t

i
S c ≥ . Thus, 

the stronger the emotional impact of the event experience, the longer the activity profile stays in 

memory. Finally, the second line of the equation ensures that when an activity profile is 

experienced under context c1, it also receives a base awareness level value for the rest of the 

context-conditions.  

                                                
8 In Han, et al. (2007), it is explained that: “People memorize events at least partly context 

dependent, that is certain contextual conditions automatically activate particular memory traces that lead to 

particular levels of awareness”. 
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Summing up, choice sets are updated each time an individual has experienced the 

consequences of an activity profile. Newly discovered activity profiles may be added, while old 

ones, that are no longer retrievable from memory, will be detracted. At time t, a choice set 

consists of those activity profiles whose awareness level exceeds a threshold, reflecting limited 

human memory retrieval ability. Thus, the choice set ( )t

k cΦ  of an individual for activity type k, 

under context c, at time t, is: 

( ) { ( ) | ( ) }
k

t t

k k i
c i c S c ωΦ = ≥       (3.13)

          
 

where ω is the minimum awareness level for event memory retrieval ability.  

 

3.3.3 Decision making mechanism 

Adaptation and learning constitute an integral part of daily life. People have certain 

needs, preferences and expectations and will be engaged in accomplishing these preferences, 

taking into account the opportunities and limitations of their immediate environment. Continued 

search and exploration of new alternatives may ultimately result in equilibrium (habitual state), 

insofar as the utility they derive from conducting their activities in time and space is adequately 

close to their preferences and expectations (their aspiration levels). However, many factors may 

distort such equilibrium, implying a behavioral change. Nevertheless, individuals have to always 

decide and implement one specific activity profile, every time an activity needs to be conducted. 

 

3.3.3.1 Habitual behavior 

By repeatedly implementing certain activity profiles under the same context-conditions, 

individuals develop habits. By forming and following habits, people can reduce the mental effort 

involved in constantly evaluating various activity profiles, when making choices. Depending on 

previous experiences, those activity profiles which have been implemented recently are most 

easily retrieved from memory and, therefore, are first considered during the decision making 

process. Specifically, a memory activation level corresponds to each activity profile included in 

the choice set. The activation level represents the strength of an action trace in an individual’s 

memory (Han, et al., 2007). Thus, it is a habit indicator, as the activity profile with the maximum 

activation level in the choice set is the habitual option for that individual, for this specific activity 
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type. Finally, as the memory strength of an action depends on the context-condition (the stimuli 

that activate the memory item), activation level is considered to be context-dependent. 

In line with evidence in cognitive psychology (Anderson, 1983), an experienced activity 

profile stays in memory and that memory is reinforced when the activity profile is chosen again 

and memory decays if it is not implemented any more. Thus, at every time step, the memory 

strength is reinforced depending on whether the activity profile has been chosen in the previous 

time step. Specifically the updated activation level ( )
k

t

i
W c′  of activity profile ( )t

k ki c∈Φ , at 

time t and context c equals to: 

( ) log( ( ) 1)
k k

t t

i i
W c W c′ = +       (3.14)

  

where { 1 1 1

1
2

( ) 1 1

( )
, ( )( ) k k

k

t t t
i i c

t
k i

W c if I and It t

i k kW c otherwise
where i cW c

γ

λ

− − −

−

+ = =
∈ Φ=                   (3.15)

                                                   

 

and γ >1 is the recency weight and 0≤ λ2 ≤1 is the retention rate. Negative experiences are not 

incorporated in equation (3.15). It is an all or nothing re-enforcement, depending on whether an 

event was experienced or not. In equation (3.14), the logarithmic transformation is used because 

it is assumed that when an activity profile is newly experienced, its activation level rapidly 

increases until reaching a saturation point, where the activation level increase slows down. On 

the other hand, when an activity profile is no longer experienced, its activation level is 

dramatically lowered. The value of 1 is added for calculation technical reasons, as 
1( )

k

t

i
W c−

 is 

0 for activity profiles that have not been experienced yet. In this way, the activation level of 

those unexperienced activity profiles will remain 0.  

 

 

Figure 3.3: A diagram summarizing the basic characteristics of an activity profile. 
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The habitual activity profile can be denoted as ( )t

k ki c
∗ ∈Φ , which is the alternative with 

argmax ( )t

i
W c′ in the current choice set (the option that is most easily retrieved from memory). 

The outcome of the comparison between the conditional aspiration value for an activity type and 

the overall expected utility of the habitual activity profile, determines whether a habitual or a 

conscious choice will be made. Thus, habitual behavior means that the activity profile with 

maximum activation level is selected and it is continually chosen as long as stress (if any) is 

below the stress threshold (Figure 3.4). That is, if:  

1( ) | ( )
k

t

k i
U c h EUE c σ∗

∗ − <       (3.16)   

then the habitual alternative 
ki
∗

 is chosen at time t. In this way, habitual behavior is modeled as a 

repeated performance of behavior sequences, that is, combinations of destination, transport 

mode, departure time, route, etc.. Moreover, the reluctance to deviate from this habitual state 

(due to various monetary and psychic costs) is represented, in equation (3.16), by the stress 

threshold σ1 (see also section 3.2.4). 

 

3.3.3.2 Short-term dynamics 

Awareness and activation levels determine choice behavior when an individual is in 

habitual choice mode. In case that stress exceeds the tolerance level of an individual, then (s)he 

acts in conscious mode and short-term dynamics are triggered.  

 

3.3.3.2.1 Exploitation choice mode 

If the difference between the overall expected utility of the habitual option and the 

relevant conditional aspiration (equation (3.16)) exceeds the stress tolerance threshold σ1, then an 

individual will search for the best option within his/her current choice set. This involves a 

process of reconsidering all the available alternatives and is called exploitation (Figure 3.4). 

Specifically, the individual searches for the activity profile with the maximum overall expected 

utility in the choice set (
** ( )t

k ki c∈Φ  with argmax ( )
k

t

i
EUE c∗∗ ). If the difference between 

the conditional aspiration and the overall expected utility of the exploitation activity profile does 

not exceed the short-term stress threshold σ1: 
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1( ) | ( )
k

t

k i
U c h EUE c σ∗∗

∗ − <       (3.17) 

then the 
ki
∗∗

 exploitation activity profile is satisfactory enough to be selected at time t (under 

context-condition c) and an exploitation choice is made. 

 

3.3.3.2.2 Exploration choice mode 

In case that the difference between the overall expected utility of the exploitation option 

and the conditional aspiration of an individual (equation (3.17)) exceeds the stress tolerance 

threshold σ1, the exploitation option is not satisfactory enough to be selected. Then, the 

individual will search for another activity profile, beyond his/her current choice set. The process 

of exploration is not random, but goal-directed, in the sense that it is guided by those activity 

attributes that were not satisfactory during the exploitation effort.  

If the individual had perfect information, the probability of finding the best activity 

profile for a certain activity type would be one. In reality, the degree that an individual is well-

informed varies from situation to situation. Due to information lack, individuals are uncertain 

about the result of the exploration effort. For that reason, the Gibbs distribution/Boltzmann 

model (Sutton & Barto, 1998) is an appropriate method in order to calculate the discover 

probabilities across the universal choice set and simulate the outcome of the exploration process. 

Specifically, the probability of finding another activity profile of a certain activity type and 

deciding to follow it, is proportional to the ( ' | )
k

t

i
J cV  utility of that activity profile. This utility 

value is based on specific activity attributes. These are the attributes that caused dissatisfaction 

during the exploitation process. Thus, only the expected utilities ( )
k

t

i j
eu c∗∗  of those attributes 

are used in order to calculate the ( ' | )
k

t

i
J cV  utility value. Specifically, 'J  are the 

dissatisfactory activity attributes of the exploitation activity profile  

1( )( ) |' ( | )
k

t

kj i j
cc hJ j U eu σ∗∗

∗= − > .     (3.18) 

The expected utility of those activity attributes is: 

( )
k

t

j jni j
c xeu β∗∗ =        (3.19) 
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As in equations (3.7) and (3.8), the log(xjn) is used in equation (3.19) for continuous attributes 

(such as travel time).  

Therefore, ( ' | )
k

t

i
J cV  is the utility of an activity profile that is not included in the choice 

set, based only on the dissatisfactory activity attributes J΄, reflecting in this way the focus of the 

exploration effort: 

'
( ' | ) ( )

k k

t t

i i jj J
J c cV eu ∗∗∈

=∑       (3.20)

The probability that an individual in exploration mode finds and implements a new activity 

profile is: 

( )
exp( ( ' | ) / )

( | ')
exp( ( ' | ) / )

k

kk

t

it

k t

ii

c

V J c
P i J

V J c

τ

τ
=
∑

     (3.21)

  

where τ is the degree of information lack in the study area for the individual. 

Finally, it should be noticed that the outcome of the exploration effort and not the process 

itself is modeled9. Having defined the exploration probability distribution across the activity 

profiles of the universal choice set, Monte Carlo simulation will be used to specify which the 

newly explored and implemented activity profile is. Once experienced, this activity profile 

receives an awareness level, as well as an activation level reflecting memory trace strength. 

Then, it will be subject to the same updating, learning and forgetting processes as the rest of the 

activity profiles in the choice set (Figure 3.4). When an individual is satisfied with the explored 

activity profile, (s)he will stop exploring for other alternative options and a new habitual 

behavior emerges again. 

 

3.3.4 Aspirations adjustment and updating phase 

The aspiration values can be adjusted downward or upward, according to the previous 

experiences. For instance, in case that the mental effort involved in exploring a better alternative 

builts up, an individual realizes that the conditional aspiration values are not realistic and lowers 

them. In this way, exploration is ceased and further frustration is avoided.  

                                                
9 In Swait & Marley (2013), exploitation and exploration processes are incorporated in a discrete 

choice modeling framework of goal-driven behavior. 
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Specifically, in the proposed model there is a mental effort counter, which keeps a record 

(
1t

kN
−

) of how many consecutive times an individual conducted an exploration for the same 

activity type, under the same context c, without finding something satisfactory. Every time an 

exploration choice is made, one unit is added. A habitual or an exploitation choice will break the 

chain of incrementing the score and restore it back to zero. As the exploration effort is built up, 

the probability that the individual will lower the conditional aspirations of the dissatisfactory 

activity attributes increases. Specifically, the probability ( )( | )t

kj
lowering cP U h∗

 that an 

individual lowers the conditional aspiration level of an activity attribute j∈J' of an activity type 

k, is: 

0

0

( )
exp( ( ))

( | )
1 exp( ( ))

t
t k

kj t

k

lowering c
N N

P U h
N N

µ ν
µ ν

∗ + −
=

+ + −
   (3.22)

                      

where µ, ν and N0 are parameters of the logistic distribution (they can influence the slope and 

position of the S-curve). This probability distribution is chosen for the reason that intuitively it is 

assumed that as long as 
1t

kN
−

 has a low value, the probability that the conditional aspirations 

are lowered grows approximately exponentially; then as saturation begins, the growth slows and 

at maturity, growth stops. 

A Monte Carlo simulation, based on this probability function, determines whether a 

lowering aspirations incident will occur. Lowering aspirations means that an individual lowers 

the conditional aspiration values of the attributes that caused dissatisfaction. Specifically, they 

become equal to the expected utilities that these attributes have in the exploitation activity 

profile: 

**( ) | ( )
k

t

kj i j
cU h eu c

∗ =        (3.23) 

In this way, a relatively optimal outcome is assured and relatively high conditional aspiration 

values are maintained for future choices (see also the numerical simulation results in section 4.4). 

Finally, getting trapped in continuous and endless exploration is avoided.  

On the other hand, after a choice is made, the model checks whether the overall expected 

utility of the selected activity profile is higher than the conditional aspiration value of the 

relevant activity type. In that case, a mechanism of increasing the conditional aspiration values of 

the relevant activity attributes is triggered. In this way, when experiencing something even better 

than what was desired, an upward adjustment of the conditional aspiration values occurs. 
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Finally, the aspiration 
*

rU  of an individual, regarding his/her context of long-term 

decisions can be increased, in case that the actually experienced utility h
U  of the current long-

term decisions becomes higher. Therefore, if: 

*

h rU U>         (3.24) 

then: 
*

r hU U= .        (3.25) 

In section 4.3, there is a pseudo algorithm explaining how these aspiration adjustment processes 

are implemented. 

All in all, an individual arrives at a selection of a single activity profile each time an 

activity is to be carried out. Depending on conditional aspiration values, preferences and 

previous experiences, this activity profile can be the one with the highest activation level in the 

choice set (habitual choice), the one with the maximum overall expected utility in the choice set 

(exploitation choice), or the one that was newly discovered (exploration choice). The decision 

making process (described in section 3.3.3) is followed by the implementation of the selected 

activity profile. Based on this experience, the actually experienced utility 
k

t

i
AUT  and the 

emotional value of the experience event 
k

t

i
R  are generated (equations (3.8), (3.9)). 

Additionally, the emotional value ( )
k

t

i
E c , as well as the awareness ( )

k

t

i
S c  and the activation 

levels 
'( )

k

t

i
W c  of the activity profiles are updated based on a learning/forgetting process 

(equations (3.10), (3.12), (3.15)). Finally, the individual’s beliefs ( | )
k

t

i j jn t
P x c  and his/her 

aspiration values are, also, accordingly adjusted (Figure 3.4 - see also section 4.3). 

 

3.3.5 Becoming “awake”: evolution of long-term dynamics 

Adaptations of activity-travel behavior can be either short-term changes within a given 

set of opportunities (e.g. changing route) or long-term changes in the available resources (e.g. 

purchasing a car). Exploitation and exploration choice modes are considered short-term 

adaptations, because they take place within the context of current long-term decisions. As it is 

explained in section 3.3.4, accumulated stress can lead to downward adjustment of conditional 

aspirations, which, in turn, may increase one’s need to conduct a long-term change. A long-term 
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change can reduce the limitations and enhance the prospect of exploring satisfactory activity 

profiles, as the universal choice set within which an individual acts is extended. The proposed 

model aims at predicting when an individual becomes “awake” and considers conducting a long-

run, dramatic adaptation. After becoming “awake”, an individual will decide which specific 

long-term adaptation (if any) would be the most appropriate to conduct. However, this process is 

not modeled in the current thesis. 

 

 

Figure 3.4: Flowchart of the model, depicting the decision making mechanism. 

 

Let σ2 be the stress tolerance threshold for the long-term level (see also section 3.2.4). If 

the difference between the aspiration about the long-term decisions and the current utility of 

these long-term decisions does not exceed σ2, then an individual does not consider making a 

long-term change, as (s)he does not suffer by stress on the long-term level. However, if this 

difference exceeds the long-term stress tolerance threshold σ2: 
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2r hU U σ∗ − >        (3.26)    

 (s)he becomes “awake” and considers conducting a long-term change (Figure 3.4).  

Predicting the point in time and the situation under which an individual becomes “awake” 

is the boundary of this model, which aims at linking the short and long-term dynamics of 

activity-travel behavior. The process which led to a long-term change, the specific activity-type 

and context-condition which generated short and/or long-term stress and the effort of an 

individual to reduce it, has been described in detail, offering a clear image of how the sequence 

of short to long-term adaptation efforts takes place. Finally, the role that emotional responses 

play, as well as the fluctuation of various conditional and unconditional aspiration values during 

this process can also be traced.  

 

3.4 Summary and conclusions 

As it is mentioned in Hannes, et al. (2009): “Although long-term choices, such as the 

residential location choice or vehicle ownership largely determine the conditional constraints 

experienced in everyday life, a clear feedback effect is shown, as well. Some more research in 

this area is needed to refine the way daily activity travel scripts are formed, how they are 

preserved, and how they can be reasonable”. In this chapter, a microsimulation model is 

presented, tracing how daily experiences “feedback” information about resource needs and 

opportunities and how a short or a long-term adaptation of activity-travel behavior can emerge. 

Specifically, it is assumed that travelers will first explore short-term adjustments of their habitual 

activity-travel patterns, in order to cope with increasing dissatisfaction. Only when such 

adaptation strategies turn out to be ineffective, long-term decisions may be also considered.  

The model departs from rationality assumptions, by implementing various bounded 

rationality mechanisms, such as learning and forgetting processes, affective responses and 

satisficing behavior. Specifically, it is not based on the assumption that individuals are fully 

rational decision makers holding perfect knowledge, who always choose the best alternative from 

their choice set. In contrast, it is based on the assumption that people do not possess perfect 

knowledge and make biased inferences (as they are familiar only with a part of the transportation 

network, urban tissue, etc.). Thus, they are simulated as adaptive agents, with subjective beliefs 

(limited information) and preferences, restricted memory and limited learning capability.  
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Activity profiles (combination of choices) are the building blocks of the whole system 

and constitute the choice set of an individual, which is dynamic and context-dependent. People 

derive utilities from the activity profiles they implement. On top of rational considerations, an 

emotional component corresponds to every activity profile. Specifically, by implementing their 

activity-travel choices, individuals observe the differences between their actual experiences and 

their expectations, which may give rise to negative or positive emotions that influence the 

awareness of alternatives and, furthermore, impact the evaluation of activity profiles and hence 

the choice behavior.  

Furthermore, individuals have dynamic, context-dependent, conditional and 

unconditional to their long-term decisions aspirations, which serve as a subjective reference point 

of satisfaction. Additionally, the inconvenience and risk associated with exploration effort, as 

well as the reluctance to deviate from habitual behavior are also taken into account. This 

impedance is conceptualized with a tolerance to stress parameter.  

In the proposed model, habitual behavior implies that individuals consistently select from 

their choice set the activity profile with the highest memory activation level under the given 

context-condition. When the habitual activity profiles go beyond an individual’s aspiration and 

stress tolerance threshold is also exceeded, we assume that individuals first try to exploit their 

previous knowledge and their choice set. However, if the best option in the current choice set is 

not satisfactory enough to be selected, an exploration effort will be conducted, as a new activity 

profile that may yield higher rewards may be discovered. However, successive unrewarding 

exploration efforts may lead to a downward adjustment of the conditional aspiration values and 

ultimately to a long-term change. Specifically, depending on the comparison between the actual 

utility and the expectations of an individual regarding his/her context of long-term decisions, 

(s)he will consider conducting a long-term change or not.  

After experiencing an activity profile, reinforcement of beliefs and update of the memory 

trace take place, while the choice set is accordingly updated. Moreover, the aspiration values are 

adjusted upward or downward. Finally, a forgetting process of those activity profiles which have 

not been experienced takes place. All these mechanisms, in combination with the stochasticity of 

the system (e.g. generated delay) trigger the dynamics of the model.  

Summing up, when conditional aspiration values are not met on the short-term level, then 

either an exploitation or an exploration effort (short-term decisions) takes place. Furthermore, 

when dissatisfaction on the long-term time-horizon (dissatisfaction with long-term decisions) 

exceeds a long-term stress level, then a long-term decision is taken. Thus, the mechanism linking 
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these short and long-term decisions is the aspiration values and specifically their upward or 

downward fluctuation (aspirations adjustment is one of the key points of Simon’s satisficing 

theory, as well). 

Therefore, the model structure is based on assumptions derived by satisficing theory of 

Simon, while bounded rationality is also taken into account. As the emergent behavior of the 

system is not a priori known, numerical simulations allow to derive conclusions regarding the 

system behavior and the effect that each parameter has on it.  
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4.1 Introduction 

The validation of dynamic models of activity-travel behavior cannot be similar to the 

process followed for static models. This is mainly due to the difficulty of collecting the 

appropriate empirical data. Especially for the case of the proposed model, empirical data 

regarding the underlying decision processes both on a short and a long-term perspective would 

be needed. In order to calibrate the parameters of this model, a series of multi-agent numerical 

simulations10 has been conducted.  

Specifically, the advantages of an agent-based representation are the following: (i) it 

allows a detailed analysis, (ii) it can be based on theoretical concepts and (iii) it allows 

flexibility. In particular, various decision rules can be included, in order to test the corresponding 

behavioral outcomes. Finally, agent-based simulations, relatively new in urban planning, permit 

the integration of different time horizons. In this way, the capabilities of the proposed model in 

predicting behavioral dynamics can be highlighted. 

In particular, three phases of numerical simulations have been carried out. First, some 

basic case simulations have been conducted, in order to assess the face validity of the model and 

calibrate it. Second, the effect of every parameter on the overall system behavior was illustrated, 

by systematically varying each parameter’s value and keeping the rest stable. Third, various 

simulation scenarios have been developed, in order to test how the agents react to various 

exogenous changes and how dynamic decisions emerge. In this chapter, the numerical simulation 

process, settings and results are presented in detail. 

 

4.2 Simulation settings 

In the simulation system, individual travelers are represented as agents, each with their 

own cognition of the environment (Table A.5), their own preferences (Table A.8) and aspiration 

values (Table A.7). Every time that an activity needs to be conducted, each agent implements a 

specific activity profile and experiences a specific level of delay. Agents learn through these 

experiences, as in this way their memory traces and context-dependent beliefs are reinforced, 

while their aspirations are accordingly adjusted. Hence, during the simulation, each of them 

                                                
10 Simulation is defined as “a situation in which one system mimics the behavior of another” 

(Minsky, 1986). 
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develops its own beliefs, habits and activity-travel patterns. Moreover, they are able to cope with 

and adapt to changing circumstances and improve less effective behavior. 

The emergent behavior of the simulation system is stochastic, which means that different 

results are generated after every simulation run. However, the behavior patterns on a 

fundamental/structural level remain the same. At every time step t, the model can indicate which 

activity profile is chosen by each agent. Thus, it is a deterministic model with some stochastic 

components (e.g. Monte Carlo simulation). Finally, the point in time at which an agent may 

consider conducting a long-term change can also be predicted. 

There are five agents acting. The reason that more than one agents acts during the 

numerical simulations is that each of them develops its own habits and activity-travel patterns, 

offering a wider variety of the emergent system behavior during the simulation. When an agent 

becomes “awake”, it stops acting, while the simulation continues with the rest of the agents. If all 

the agents become “awake”, the simulation stops. Hence, it is not predefined how many days 

each agent acts in a simulation run. In the beginning of the simulation, the agents are not at all 

aware of the spatial setting (newcomers in the city). Finally, it should be stressed that the agents 

do not interact. Therefore, the number of agents influences the time needed for a simulation run, 

but not the results or the way that the model works. Specifically, the time it takes for one agent to 

reach an equilibrium state (reaching a habitual state) in the basic case simulation run is on 

average 0.37 seconds (usually around the 105th simulation day). Each of these days, each agent 

makes one or two decisions (depending on how many activities need to be conducted that day, 

according to an input agenda) about which activity profile(s) have to be implemented. Matlab is 

the software used in order to conduct the numerical simulations, while the hardware processor is: 

Intel Core2 Quad CPU.  

The numerical simulation focuses on three activity types: work, shopping and leisure 

activity. Due to simplification reasons, the agenda (Table 4.1), with the activities that need to be 

conducted every day, is predefined and the same for the five agents. It is repeated every week 

and it is artificial (this does not influence the findings of the simulations, which aim at the testing 

of the system). Thus, on simulation day t, the agents have to conduct the same activities. A 

simulation run starts with assuming it is Monday. 

There are four context-conditions (combinations of weekday/weekend and rush/non-rush 

hour). Before each of the agents has to make a decision, a Monte Carlo simulation, based on 

predefined probabilities for each context-condition c, determines which c is experienced by an 
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agent, on simulation day t (Table A.4 is the table with the predefined probabilities of 

experiencing each of the four context-conditions). 

The spatial setting of the simulation is based on the Eindhoven area in the Netherlands 

(Figure 4.1). The residential and work locations of the five agents have been arbitrarily selected. 

Moreover, a supermarket close to their neighborhood, a social club and a friend’s home location 

correspond to each agent. All these locations are different for every agent, predefined and spread 

across the spatial setting (Table A.1).  

  

 

Table 4.1: The agenda with the activities that the agents have to implement every simulation 

day. 

 

 

Figure 4.1: The spatial setting of the simulation. 
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For the purpose of this numerical simulation, the universal choice set is the same for the 

five agents and input in the initialization phase of the simulation (Table A.2). It contains 

information regarding the possible combinations of destination locations, origin locations and 

transport modes, for every activity type. Due to simplification reasons, it is supposed that none of 

the agents has a car, therefore none of the activity profiles in the universal choice set includes 

this transport mode option. The transport modes included in the activity profiles can be: walking, 

biking, carpooling (only for the work activity type) and bus. The universal choice set is 

constructed based on the spatial setting of the simulation and some logical restrictions (for 

instance, when the first activity of the day is conducted, only those activity profiles with “home 

location” as origin location are considered). Travel time and travel cost are the two activity 

profile outcomes that have been considered for the simulation (Table A.3). The distances (and 

hence the corresponding to every activity profile travel time and travel cost11) are determined by 

the OD (origin-destination) relationships in the simulation setting. Specifically, travel time and 

cost have been calculated via maps.google.com for every activity profile in the universal choice 

set, based on shortest travel time routes across the network (hermes.nl was used for calculating 

travel cost of activity profiles including the bus option as transport mode).  

Travel cost is regarded as certain, while travel time as uncertain attribute. Specifically, 

three levels of delay are considered (low, medium and high) and hence, for those activity profiles 

where the transport mode is carpooling or bus, three possible travel times correspond (relevant to 

each level of delay). Two tables are considered: one representing the agents’ knowledge 

regarding the probability of delay under each of the four context-conditions (Table A.5) and one 

representing the system probabilities (Table A.6). Based on the first one (which is updated 

according to each agent’s experiences), the agents’ beliefs are formulated. However, the total 

number of experiences under each context-condition is decreased periodically (according to a 

beliefs forgetting rate q), in order to account for forgetting and make the system more sensitive. 

In the initialization phase, this table contains very low probability values for low and medium 

delays and zero for high delays. Based on the second one, a Monte Carlo simulation generates 

the actual delay that is experienced by an agent at time t, when implementing an activity profile 

ik.  

Table A.7 includes the conditional and unconditional aspirations of the agents for travel 

cost and travel time. It should be noted that the aspiration values for travel time are context-

specific (as travel time is regarded as uncertain attribute in this simulation). In order to calculate 

                                                
11 These values are different for every agent. 
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the unconditional or conditional aspiration value of an agent for travel cost or travel time, the 

preference value that the agent holds for this activity outcome is multiplied by the relevant 

aspiration value of Table A.7, to express the aspiration in terms of utility. On the other hand, the 

conditional and unconditional aspiration values for the rest of the activity attributes are assumed 

to be equal to the highest utility alternative that an agent holds for the relevant activity facets 

(Table A.8). Thus, the conditional aspiration value of an activity attribute (destination, origin 

location, transport mode) is equal to the unconditional aspiration value and, both of them, equal 

to the maximum preference value of the relevant activity facets. Hence, unconditional and 

conditional aspirations differentiate only for travel time and travel cost.  

The calibrated settings of the simulation are: 1) awareness threshold ω=0.01, 2) 

awareness retention rate λ1=0.99, 3) parameter for updating activation levels γ=1.5, 4) activation 

level retention rate λ2=0.9, 5) parameters for the probability of lowering aspirations µ=0.1, v=1 

and N0=3, 6) stress threshold for short-term horizon σ1=1 and for long-term horizon σ2=2, 7) 

uncertainty parameter for exploration τ=20, 8) trade-off between accumulated past emotional 

values and most recent ones α1=0.2, 9) trade-off between rational and affective behavior α2=0.2, 

10) context-wise awareness reinforcement rate θ=0.2 and 11) beliefs forgetting rate q=0.99. The 

surprise term, for calculating the actual experienced utility, is generated using a normal 

distribution with mean 0 and standard deviation of 0.25. Those parameter values have been 

calibrated according to the face validity of the model. Specifically, the calibration was based on 

the basic case simulations, as well as on the simulations where the value of each parameter 

varies. 

As the emergent behavior of the system is not a priori known, the numerical simulation 

offers a better understanding of the model behavior and the evolution of dynamics. During the 

simulations, the system was calibrated in such a way that it reacts in a logical way and in line 

with the theoretical underpinnings of the model.  

 

4.3 Simulation phases 

The basic steps of the simulation are depicted in the flowchart of Figure 4.2. The 

“Choice Set” generation part is described in the sub-flowchart of Figure 4.3. Additionally, the 

decision making mechanism (including the steps “Select a profile”, “Experience learning” and 

“Becoming awake?”) is described in detail, in the sub-flowchart of Figure 3.4. 
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Figure 4.2: Basic flowchart of the numerical simulation. 

 

 

Figure 4.3: Sub-flowchart zooming in the simulation process of generating an agent’s choice set. 

 

- The initialization phase of the simulation includes the initialization of the parameter values 

and the input tables (see the Appendix).  

- The iteration phase of the simulation includes the following basic steps: 

• New simulation day t. Read the agenda. Find which activity k needs to be 

implemented. 

• All the agents have to implement this activity (if an agent is “awake”, skip this agent). 

Repeat the following steps for each agent: 

o A Monte Carlo simulation (based on Table A.4) indicates the condition c that 

the agent experiences when implementing k. 



Chapter 4 

60 

 

o Based on (i) the preference values βj of the agent, (ii) the travel cost and 

travel time corresponding to every possible activity profile of activity type k 

in the universal choice set and (iii) the beliefs ( | )
k

t uncertain

i j j t
P x c  of the 

agents regarding the probability of delay, calculate the cognitive expected 

utility 
k

t

i
EU  of those activity profiles. 

o Calculate the awareness ( )
k

t

i
S c  and activation ( )t

iW c′  levels, as well as 

the emotional value ( )
k

t

i
E c  that the agent holds for each of those activity 

profiles. 

o Calculate the overall expected utility ( )
k

t

i
EUE c  of those activity profiles. 

o Formation of the choice set ( )t

k cΦ  that the agent holds for this activity type 

k, at time t and under context c. 

o Find the habitual 
ki
∗

 and exploitation 
**

ki  activity profile of the agent for this 

activity type k, under context c and at time t. 

o Retrieve the conditional aspiration values ( ) |kU c h
∗

 of the agent for this 

activity type k, under context c and at time t. 

o Check whether the habitual option is satisfactory. 

� If it is satisfactory, it is implemented at time t: Monte Carlo 

simulation indicates the experienced delay during this 

implementation. 

o If it is not satisfactory: check whether the exploitation option is satisfactory.  

� If it is satisfactory, exploitation activity profile is implemented at 

time t: Monte Carlo simulation indicates the experienced delay 

during this implementation. 

o If exploitation activity profile is not satisfactory: an exploration takes place. 

� Focus on those activity profiles which are not included in the 

current choice set. 

� Calculate their utility value ( ' | )
k

t

i
J cV , based on the 

dissatisfactory activity attributes during the exploitation effort. 
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� Monte Carlo simulation (based on this utility value) indicates 

which the explored activity profile is. 

� Monte Carlo simulation indicates the experienced delay during this 

implementation. 

- The updating phase of the simulation is triggered after the implementation of an activity 

profile and consists of the following steps: 

• Update the beliefs ( | )
k

t uncertain

i j j t
P x c  of the agent, regarding the probability of 

delay, under context-condition c. 

• Update the table, on which the Monte Carlo simulation is based, when predicting the 

experienced condition c (Table A.4).  

• Calculate the experienced utility 
k

t

i
AUT  of the selected activity profile, as well as the 

emotional experience of the experience event (
k

t

i
R ). 

• Calculate the probability ( )( | )t

kj
lowering cP U h∗

 of lowering the conditional 

aspiration values for the dissatisfactory activity attributes j∈J' of activity type k, at 

time t. 

• Based on probability ( )( | )t

kj
lowering cP U h∗

, run a Monte Carlo simulation and 

indicate whether a lowering incident will take place or not, at time t. 

• If a lowering incident is going to take place at time t, then apply equation (3.23). 

• Check whether the conditional aspiration values for activity type k, can be adjusted 

upward. 

o If ( ) ( ) |
k

t

ki
EUE c U c h

∗>  (the overall expected utility of the selected 

activity profile ik is higher than the conditional aspiration value for activity 

type k), then: 

� Detect which conditional aspiration values (on attribute level j), 

should be increased: If ( )( ) |
k

t

kji j
ceu c U h

∗>  (if the expected 

utility of an activity attribute j of the selected activity profile ik is 

higher than the conditional aspiration value for j). 
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� Then, for those activity attributes j, increase the conditional 

aspiration value: ( ) | ( )
k

t

kj i j
cU h eu c

∗ = . 

• Check whether the aspiration 
*

rU  of an individual, regarding his/her context of long-

term decisions should be increased (equations (3.24) and (3.25)). 

• Check whether the agent becomes “awake” at time t. If so, it stops acting. 

• Before moving to the next simulation day t+1, a forgetting process is implemented: 

o Update the awareness level ( )
k

t

i
S c  of all the non-selected activity profiles 

at simulation day t: 

� According to the second line of the equation (3.12), for all the 

unexperienced conditions c, at time t, of the selected activity 

profile ik. 

� According to the third line of the equation (3.12), for all the 

conditions c, of all the unselected activity profiles. 

o Update the activation level 
'( )

k

t

i
W c  of all the non-selected activity profiles 

at simulation day t: 

� According to formula (3.14) and the second line of the formula 

(3.15), for all the unexperienced conditions c, at time t, of the 

selected activity profile ik. 

� In the same way, for all the conditions c, of all the unselected 

activity profiles. 

o Update the emotional value ( )
k

t

i
E c  of all the non-selected activity profiles 

at simulation day t: 

� According to the second line of the equation (3.10), for all the 

unexperienced conditions c, at time t, of the selected activity 

profile ik. 

� In the same way, for all the conditions c, of all the unselected 

activity profiles. 
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4.4 Numerical simulation results 

4.4.1 Basic case results
12

 

During the basic case simulation run, the simulation is stopped by the user on simulation 

day t=850 (except if all the agents have already become “awake”). During the basic case 

simulation, with the innate bounded rationality and satisficing behavior, the agents manage to 

reach a steady state and stop searching. This convergence process is smooth. Some characteristic 

basic case simulation results follow. During this simulation run, none of the agents became 

“awake” and all of them managed to develop habitual behavior within the current context of 

long-term decisions characterizing their lives.  

 

 

Figure 4.4: A characteristic example of eleven consecutive choices of the fifth agent for work 

activity type, when it is weekday and non-rush hour. 

 

First, some detailed examples, indicative of the dynamic process that the agents undergo 

until they develop habitual behavior follow. Specifically, in Figure 4.4, eleven consecutive 

choices of the fifth agent, when traveling for work on weekdays and during non-rush hour are 

                                                
12 This sub-section is based on Psarra, I., Liao, F., Arentze, T. A. & Timmermans, H. J. P., 2014. 

Modeling context-sensitive, dynamic activity-travel behavior, by linking short and long-term responses to 

accumulated stress: results of numerical simulations. Transportation Research Record 2412 (1), pp. 28-40. 
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illustrated. Specifically, the overall expected utility of the selected activity profiles, as well as the 

conditional aspiration values for this activity type are depicted in this graph. The agent starts with 

an exploration choice (as its choice set was empty). After four consecutive exploration efforts, it 

lowers the conditional aspiration value for work activity type. Then, the recently explored 

activity profile becomes satisfactory enough to become the habitual option for this agent, for this 

activity type and for this context-condition. It is also interesting to see that the conditional 

aspiration is slightly adjusted upward, according to the overall expected utility of the habitual 

activity profile. 

 

 

Figure 4.5: A characteristic example of eleven consecutive choices of the fifth agent for 

shopping activity type, when it is weekend and non-rush hour. 

 

Figure 4.5 depicts an example of eleven consecutive choices that the fifth agent made for 

traveling for a shopping activity, when it is weekend and non-rush hour. First, the agent 

conducted an exploration, as its choice set was empty. Three unsuccessful exploration efforts 

follow, until the agent lowers its conditional aspiration value on simulation day t=41. Then, the 

exploitation activity profile becomes satisfactory enough to be selected and will constitute the 

habitual option, every time that this agent travels for shopping activity, under that specific 

context. Figure 4.6, depicts the choices of the same agent, for the same activity type, but for 

another context-condition: weekdays and non-rush hours. After two exploration efforts, the agent 

manages to find a satisfactory enough activity profile and to develop habitual behavior. 
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However, it is interesting to see that the conditional aspiration for shopping activity type is 

lowered at t=31. This is due to the stress experienced under context-condition c=4 (see Figure 

4.5). Specifically, at t=27, a lowering aspiration incident took place and that explains why the 

conditional aspiration value is decreased at t=41 and under c=4 (Figure 4.5). For the reason that 

not all of the activity attributes are uncertain and context-specific, this lowering incident affects 

the rest of the context-conditions, as well (as shown in Figure 4.6). Finally, the conditional 

aspiration value for shopping, under c=2, is slightly increased at t=38. 

 

 

Figure 4.6: A characteristic example of eleven consecutive choices of the fifth agent for 

shopping activity type, when it is weekday and non-rush hour. 

 

 

Figure 4.7: A characteristic example of eleven consecutive choices of the second agent for 

leisure activity type, when it is weekday and non-rush hour. 
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Figure 4.7 illustrates one of the most common activity travel behavior patterns in the 

numerical simulation. After two consecutive exploration efforts, the second agent reaches a 

habitual state when traveling for a leisure activity, on weekdays and during the non-rush hours, 

without needing to adjust its conditional aspiration value for this activity type.  

The choice behavior of the third agent for leisure activity type, on weekends and during 

the non-rush hour is depicted in Figure 4.8. After two explorations, the agent finds an activity 

profile with an overall expected utility higher than the conditional aspiration value. Thus, this 

aspiration value is upward adjusted, while the agent develops habitual behavior. Finally, in 

Figure 4.9, it is interesting to see the behavior of the same agent, for the same activity type, but 

for c=2 (weekdays and non-rush hour). Under this context-condition, the agent finds a 

satisfactory activity profile at t=9. However, due to the increasing aspiration incident under c=4, 

at t=14 (see Figure 4.8), the conditional aspiration value under c=2 increases as well (at t=16). 

Then, the activity profile that consists the habitual option at c=4, becomes the exploitation 

choice13 for c=2. Thereafter, it will be the habitual option also for this context-condition.  

 

 

Figure 4.8: A characteristic example of eleven consecutive choices of the third agent for leisure 

activity type, when it is weekend and non-rush hour. 

 

                                                
13 It was inserted in the choice set under c=2, due to the base awareness level (see the second 

branch of the equation (3.12)). 
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The dynamic fluctuation over time of the following aspiration values of the fourth agent 

is depicted in Figure 4.10: aspiration for long-term decisions (
rU
∗

), utility of current long-term 

decisions ( h
U ), as well as the conditional aspiration values ( |

k
U h∗

) for work, shopping and 

leisure activity types. It is interesting to see that the conditional aspiration values that the agent 

holds for each of the three activity types, fluctuate in the beginning of the simulation, according 

to the experiences that the agent has. This results in a corresponding fluctuation of the utility of 

the long-term decisions, as well. The deviation between the aspiration value for long-term 

decisions and the utility of long-term decisions represents the stress of that agent on long-term 

level. If the distance between these two values exceeds σ2 stress threshold, the agent becomes 

‘awake’ and considers a long-term change. Finally, it is illustrated that when habitual state is 

reached, all these aspiration values stabilize, as well. 

 

 

Figure 4.9: A characteristic example of eleven consecutive choices of the third agent for leisure 

activity type, when it is weekday and non-rush hour. 

 

In Figure 4.11, it is depicted how many times each of the five agents conducts an 

exploitation or an exploration choice during the simulation run. The number of the habitual 

choices is not included, as it is much higher than the number of the other choice modes (the 

agents made on average 850 habitual choices). Additionally, the number of lowering aspiration 

incidents is included in the same graph. Finally, Figure 4.12 shows the overall expected utility of 
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the three choice modes: habit, exploitation and exploration. The overall expected utility of 

exploration choice is the lowest on average, because of limited information during the 

exploration process. On the contrary, the overall expected utility of exploitation choice is the 

highest on average, because it corresponds to the activity profiles with the highest overall 

expected utility in the choice set.  

 

 

Figure 4.10: Fluctuation of aspiration values over time (agent specific). 

 

 

Figure 4.11: Frequency of exploitation and exploration choice mode, as well as of lowering 

aspiration incidents. 
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In Figure 4.13 and Figure 4.14, the results regarding the average size and the overall 

expected utility of the choice set of the five agents over time for leisure activity type are 

included. These are the average values across the four context-conditions. As it is illustrated in 

the figures, the choice set size is not fixed, but after some time it tends to be stabilized. 

Specifically, first it tends to increase, as a result of many exploration efforts that take place in the 

beginning of the simulation (in order to find a satisfactory activity profile in the area). Then, 

when habitual behavior emerges, it tends to decrease. Thus, the waving curves, showing the 

choice set size, reflect the dynamics of the choice sets, stemming from adding newly discovered 

activity profiles and discarding the ones that have not been chosen for a long time. Accordingly, 

the overall expected utility value of the choice set is also not stable across the 850 simulation 

days. It is depicted how the agents manage to improve the overall expected utility of their choice 

sets, by exploring better alternatives and discarding from their choice sets the dissatisfactory 

activity profiles. At the same time that the size of the choice set stabilizes, the overall expected 

utility stabilizes, as well. In Figure 4.15 and Figure 4.16, the results per context-condition 

regarding the average size and the overall expected utility of the choice set of the five agents 

over time for shopping activity type are included. These are the average values across the five 

agents. Similar dynamic patterns emerge as in the graphs of Figure 4.13 and Figure 4.14. 

 

 

Figure 4.12: Overall expected utilities of the three choice modes (average values across the five 

agents). 
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Figure 4.13: Agents’ choice set size for leisure activity type (average values across four context-

conditions). 

 

 

Figure 4.14: Agents’ choice set overall expected utility for leisure activity type (average values 

across four context-conditions). 
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Figure 4.15: Agents’ choice set size for shopping activity type per context-condition (average 

values across the five agents). 

 

 

Figure 4.16: Agents’ choice set overall expected utility for shopping activity type per context-

condition (average values across the five agents). 
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4.4.2 Parameters effect on model behavior 

This section focuses on the simulation runs which aim at revealing the effect of each 

parameter on model behavior. Specifically, the effect of each of the fourteen parameters of the 

model is traced by varying the parameter’s value and keeping the rest of the parameters stable 

(according to the settings explained in section 4.2). Therefore, the following numerical 

simulation results illustrate what would happen if we start varying some parameters (e.g. the 

awareness related parameters) and how would the system react. For instance, it can be traced 

what happens when an agent has a very short memory or how does that affect the stability or the 

dynamics of the system. The contribution of these simulation results to the calibration of this 

complex, dynamic system is of high importance. 

For each parameter, five graphs have been created, illustrating the influence of the 

parameter on: the frequency of the three choice modes (habit, exploitation and exploration) and 

the lowering aspirations incidents, the overall expected utility of the three choice modes, the 

choice set size, the choice set overall expected utility and the aspiration values (Table 4.2). For 

every parameter, some indicative graphs are presented in the rest of this section. The values in 

the following graphs are the average values across the five agents and the four context-

conditions. 

Finally, it should be noted that due to the model’s stochastic components, different final 

results are produced after every simulation run. However, the purpose of the simulations 

presented in this section is to observe the effect that each parameter has on model behavior. 

These tendencies are exactly the same, during all the simulation runs.  

 

Emotional 

Responses 

α2 
Trade-off between rational and 

affective behavior_equation (3.11) 
• Frequency of choice modes 

and lowering aspiration 

incidents 

• Overall expected utility of 

choice modes 

• Choice set size 

• Choice set overall expected 

utility 

• Aspiration values 

α1 
Trade-off between past and recent 

emotional values_equation (3.10) 

Stress Tolerance 

σ1 
Tolerance to short-term 

stress_equations (3.16) and (3.17) 

σ2 
Tolerance to long-term 

stress_equation (3.26) 

Awareness 

Responses 
λ1 

Awareness retention rate_equation 

(3.12) 



Numerical Simulations 

73 

 

θ 

Context-wise awareness 

reinforcement parameter_equation 

(3.12) 

ω 

Minimum awareness level for 

event memory retrieval 

ability_equation (3.13) 

q 

Forgetting rate of the agents’ 

beliefs regarding the delay under 

context c 

Memory Activation 

Responses 

γ Recency weight_equation (3.15) 

λ2 Retention rate_equation (3.15) 

Exploration 

Behavior 

τ 
Degree of information 

lack_equation (3.21) 

N0 
Parameters of the logistic 

distribution_equation (3.22) 
µ 

ν 

Table 4.2: Summary of the model’s parameters and the graphs that have been created for each 

of those parameters, in order to trace their effect on model behavior. 

 

4.4.2.1 The effect of emotional responses
14

 

The effect of the emotional responses on model behavior can be traced by monitoring the 

effect of α1 and α2 parameter (see equations (3.10) and (3.11)).  

Parameter α2 represents the trade-off between rational and affective behavior. Figure 

4.17 shows that higher influence of affective response in choice making leads to more 

explorations and to a decrease of habitual behavior. Specifically, negative emotions result in a 

high chance in next choice to explore. On the other hand, when positive emotions are 

experienced, the alternative may not perform structurally good, which also brings the possibility 

in next choice to explore. Moreover, as α2 increases, aspiration values tend to decrease. This is 

because emotionally driven behavior leads to more exploration efforts, which, in turn, result in 

                                                
14 This sub-section is based on Psarra, I., Arentze, T. A. & Timmermans, H. J. P., 2014. The effect of 

emotional responses on endogenous dynamics of activity-travel behavior: Numerical simulation results. 

Procedia Computer Science 32, pp. 750-755. 
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more lowering aspiration incidents (Figure 4.17). Consequently, when an agent focuses more on 

emotional responses when making a decision, it becomes easily dissatisfied and its aspiration 

values tend to decrease, in order to become more realistic and allow the development of habitual 

behavior. Finally, it should be mentioned that as the aspiration values become lower, the 

probability of a long-term change increases. Thus, emotionally driven behavior brings more short 

and long-term dynamics into the system. 

 

  

Figure 4.17: Effect of α2 parameter on choice modes and lowering aspiration incidents 

frequency.  

 

 

Figure 4.18: Effect of α2 parameter on the overall expected utility of the three choice modes. 
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Figure 4.18 depicts the impact of α2 parameter on the overall expected utility of the three 

choice modes. Emotionally driven behavior is actually an avoiding behavior. This implies that it 

becomes more difficult to develop habits. Thus, the number of the explored activity profiles 

becomes higher and many undesired profiles are experienced, resulting in a decrease of the 

overall expected utility of exploration choice mode.  

The increased number of explored activity profiles leads to an increase of the average 

choice set size. Finally, although the choice set size increases, in Figure 4.19 a declining trend 

line of the choice set overall expected utility is observed, implying that emotionally driven 

behavior leads to a decline in welfare.  

A value of α2=0.2 seems to be an appropriate value for the basic case simulation of the 

model, as it allows for a reasonable influence of emotional responses on decision making 

process. 

 

 

Figure 4.19: Effect of α2 parameter on the overall expected utility of the choice set. 

 

Parameter α1 represents the trade-off between accumulated past emotional values and the 

most recent ones. When α1 approaches 1, the emotional value of an activity profile is totally 

influenced by the most recent emotional experience event. Accordingly, as α1 approaches 0, past 
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effect of parameter α1 on model behavior depends on the value of parameter α2. For instance, in 

case that α2 is too low, emotions are not taken into account during the decision making process 

and, therefore, the influence of α1 on the overall model behavior will be very small. On the other 

hand, if α2 approaches 1, affective responses influence to a great extent the evaluation of 

alternatives and the trade-off between recent and past emotional experiences can play a 

significant role on the decision making process and the overall model behavior. 

As it is depicted in Figure 4.20, when the value of α1 increases, the frequency of 

exploration behavior also increases. This implies that when the choice making process is based 

only on the most recent affective responses, more effort is spent in exploring new alternatives, 

while habitual behavior decreases. In turn, the intensive exploration behavior results in an 

increased frequency of the lowering aspiration incidents. 

 

  

Figure 4.20: Effect of α1 parameter on choice modes and lowering aspiration incidents 

frequency. 
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Consequently, many more activity profiles are explored, many of which do not perform very 

well. This explains the decreasing tendency of the mean overall expected utility of the 

exploration choice mode (and consequently, of the exploitation choice mode, as well).  

 

 

Figure 4.21: Effect of α1 parameter on the overall expected utility of the three choice modes.  
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experiences and not the accumulated past emotional experience, the evaluation of the alternatives 

and the decision making process leads to more explorations and ultimately to a decrease of 

welfare over time.  

Finally, the decreasing trend line of the aspiration values in Figure 4.22 is in line with the 

increased frequency of the lowering aspiration incidents. When the decision making process is 

only based on the most recent emotional response, the agents become easily disappointed and 

become engaged in a more intensive exploration behavior. Ultimately, this results in a decrease 

of their aspirations (in order to manage to develop habitual behavior at some point in time), 

which, in turn, increases the probability that long-term dynamics emerge. Taking all these into 

account, a value of α1=0.2 seems to be a suitable value for the basic case simulations of the 

model, as it implies a reasonable balance between the past and most recent emotional 
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Figure 4.22: Effect of α1 parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 

 

4.4.2.2 The effect of stress tolerance
15

 

The effect of tolerance to stress on dynamics of activity-travel behavior can be traced by 

monitoring the effect of σ1 and σ2 parameters (see equations (3.16), (3.17) and (3.26)). 

Specifically, the higher the value of σ1, the higher the tolerance to aspiration dissatisfaction and 

therefore the higher the inertia to change. 

As σ1 increases, the frequency of habitual choices increases, while the frequency of 

exploration efforts decreases (Figure 4.23). Moreover, less lowering aspiration incidents are 

observed (and, thus, less long-term adaptations), while the frequency of exploitation choice mode 

is not affected. These results are not surprising, as higher tolerance range (σ1) implies that an 

agent is more easily satisfied with the current situation. Therefore, there is a higher possibility of 

sticking to the current habitual activity profile (and not investing effort to make better choices). 

Moreover, due to high stress threshold σ1, big deviation from their conditional aspiration values 

is acceptable and, therefore, the agents less often need to lower these values, in order to make 

them more realistic. 

As σ1 increases, the overall expected utility of habitual and exploitation choices decreases 

(as an activity profile is more easily considered satisfactory enough to be selected). The overall 

expected utility of exploration choice mode is not affected. Finally, higher stress threshold σ1 

                                                
15 This sub-section is based on Psarra, I., Arentze, T. A. & Timmermans, H. J. P., 2014. The effect of 

stress tolerance on dynamics of activity-travel behavior: numerical simulation results. Advances in Complex 

Systems 17(6), pages 26. 
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leads to a decreasing choice set size (because much less explorations are conducted and the 

agents stick to their habits). 

When σ1 is very low (zero), many explorations occur, resulting in adding to the choice set 

many activity profiles, which do not perform well (Figure 4.24). Furthermore, many lowering 

aspiration incidents take place, because the agents cannot find easily something satisfactory 

enough. These two factors lead to a low overall expected utility of the choice set. When the 

tolerance range becomes higher, the choice set overall expected utility increases (the agents can 

manage to develop habits, without needing to lower their conditional aspirations). Finally, when 

σ1 becomes very high, the agents become too easily satisfied and therefore the overall expected 

utility of the choice set decreases. Therefore, there is an optimum of the stress threshold, in terms 

of the choice set overall expected utility. 

Aspirations tend to increase, as σ1 increases (Figure 4.25). Specifically, when σ1 is too 

low, the agents do not become easily satisfied and, therefore, many lowering aspiration incidents 

occur. On the other hand, when σ1 is too high (e.g. σ1 = 5), the agents become very easily 

satisfied, therefore they conduct very few explorations. This implies that they have a small 

chance to discover a very good activity profile that could even increase their aspirations (thus, 

aspirations slightly decrease when σ1 is too high). 

In conclusion, it seems that in a basic case simulation run, a value of σ1=1 seems to be an 

appropriate one. With this value of σ1, the agents demonstrate tolerance to short-term stress, 

without needing to lower too much their “standards”. 

 

  

Figure 4.23: Effect of σ1 parameter on choice modes and lowering aspiration frequency. 
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Figure 4.24: Effect of σ1 parameter on the overall expected utility of the choice set. 

 

 

Figure 4.25: Effect of σ1 parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 
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0.5 (Figure 4.26). Apart from that, as it is expected, σ2 does not affect frequency and overall 

expected utility of choice modes, size and overall expected utility of the choice set (Figure 4.27) 

and aspiration values (Figure 4.28). This is for the reason that all these elements are influenced 

by the short-term stress tolerance value. 
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Figure 4.26: Effect of σ2 parameter on choice modes and lowering aspiration incidents 

frequency. 

 

 

Figure 4.27: Effect of σ2 parameter on the overall expected utility of the choice set. 

0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

0.5 1 3 5 15 25

N
u

m
b

er
 o

f 
ch

o
ic

es
Long-term stress threshold (σ2)

Frequency of choice modes

Habit

Exploitation

Exploration

Lowering aspiration

0

10

20

30

40

50

60

70

80

0.5 1 3 5 15 25

N
u

m
b

er
 o

f 
ch

o
ic

es

Long-term stress threshold (σ2)

Frequency of choice modes

Exploitation

Exploration

Lowering aspiration

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

0.5 1 3 5 15 25

E
x
p

ec
te

d
 u

ti
li

ty

Long-term stress threshold (σ2) impact

Choice set overall expected utility

Work

Shopping

Leisure

Trend line



Chapter 4 

82 

 

 

Figure 4.28: Effect of σ2 parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 

 

4.4.2.3 The effect of awareness responses
16

 

The effect of the awareness responses on model behavior can be traced by monitoring the 

effect of the awareness retention rate λ1 (equation (3.12)), the context-wise awareness rate θ 

(equation (3.12)), the awareness threshold ω (equation (3.13)) and the beliefs forgetting rate q. 

As it will be indicated, those awareness parameters can influence to a great extent the choice set 

formation, as well as the decision making process. 

To examine the effect of λ1 awareness retention rate on model behavior, Figure 4.29 

shows the effect of λ1 on frequency of choice modes and of lowering aspiration incidents. 

Parameter λ1 represents the speed with which the memory of an event is faded. The smaller the 

value of λ1, the faster an agent forgets an activity profile. Thus, as λ1 decreases, habitual behavior 

decreases and the agents conduct many more explorations. Moreover, the number of lowering 

aspiration incidents slightly increases, due to the increase of explorations. This is in line with 

what would be expected, because in case that the agents forget very fast, it is more difficult and 

                                                
16 This sub-section is based on Psarra, I., Arentze, T. A. & Timmermans, H. J. P., 2015. Simulating 

choice set formation processes in a model of endogenous dynamics of activity-travel behavior: the effect of 

awareness parameters. Computers, Environment and Urban Systems 51, pp. 25-33. 
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takes more time to develop habitual behavior; therefore they need to explore more. This implies 

that the probability of becoming “awake” also increases. 

The higher the λ1 parameter, the better the agents remember their experiences. Therefore, 

as λ1 increases, they benefit more from their previous experiences.  Thus, the overall expected 

utility of the choice modes improves. Similarly, the choice set overall expected utility improves, 

as well (Figure 4.31). However, in case that λ1 approaches 1, the agents tend to remember almost 

everything they have experienced (without emphasizing on what had the strongest emotional 

impact) and this results in a slight decline of the choice set overall expected utility. Furthermore, 

as λ1 increases, more options are inserted in agents’ choice sets, leading to an increased choice 

set size (Figure 4.30). Finally, aspirations remain relatively stable.  

In conclusion, it seems that in a basic case simulation run, a value of λ1=0.99 seems to be 

an appropriate one. With this value, the agents can benefit from their previous experiences and 

develop within a reasonable period of time habitual behavior. 

 

  

Figure 4.29: Effect of λ1 parameter on choice modes and lowering aspiration incidents 

frequency. 
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Figure 4.30: Effect of λ1 parameter on choice set size. 

 

 

Figure 4.31: Effect of λ1 parameter on choice set overall expected utility. 
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As θ increases, exploration behavior decreases, while habitual and exploitation choices 

increase (Figure 4.32). Due to the base awareness level, the agents are aware of some options 

(although they have never experienced them before, under the currently experienced context-

condition). Therefore, when they need to make a choice under a context c, some options not 

previously experienced under c, can exist in their choice set. Although these have been 

experienced under other conditions, they might be satisfactory under c. In this way, the agents 

need to explore much less. Similarly, in cases when the aspiration levels increase, the current 

habitual option under context c, may not be satisfactory any more. However, due to the base 

awareness value, an agent may have introduced in the choice set, another activity profile, which 

can become the exploitation option. This explains why there is an increase in the number of 

exploitation choices, as well. Finally, as θ increases, lowering aspiration incidents decrease. This 

is because agents need to conduct fewer explorations, as they have higher chance of having 

already something satisfactory in their choice set. This implies that when θ increases, aspiration 

levels tend to increase, while the probability that an agent becomes “awake” decreases. 

Overall expected utility of habitual and exploitation choice modes do not seem to be 

affected by θ, as θ mainly affects how fast a habitual state is reached. Moreover, as θ increases, 

there is a very slight decrease in choice set size (Figure 4.33), due to the fact that much less 

explorations take place. On the other hand, the overall expected utility of the choice sets 

increases (Figure 4.34). This is due to the reason that as θ increases, there is a higher chance that 

satisfactory profiles will be introduced in the choice sets of all the context-conditions. 

Taking all these into account, a value of θ=0.2 seems to be a reasonable value for a basic 

case simulation run. In that case, alternatives experienced in other context-conditions may be 

inserted into the choice set under a condition c. However, as this value is relatively low, the 

choice set is not dominated by these options. Thus, it allows for exploration effort under c.  

The awareness level threshold ω constitutes the minimum awareness level for event 

memory retrieval ability (equation (3.13)). Those profiles whose awareness level exceeds ω are 

included in the choice set of an agent at time t. Thus, parameter ω indicates an agent’s memory 

space. As ω increases, an agent needs a strong memory trace to remember an activity profile and 

more easily activity profiles are discarded from its memory. 

To examine the effect of ω awareness threshold on model behavior, Figure 4.35 shows 

the effect of ω on frequency of choice modes. As ω increases, habitual choices decrease, while 

the frequency of exploration choices increases. Additionally, the frequency of lowering 

aspirations increases, as agents need more time to find and insert in their choice set a satisfactory 
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activity profile, due to limited memory space. This implies that aspiration values tend to 

decrease, while the probability that an agent becomes “awake” also increases. Moreover, choice 

set size decreases (Figure 4.36), while overall expected utility tends to increase, as only very 

satisfactory profiles are inserted in the choice set (Figure 4.37). Only when ω becomes too high, 

the overall expected utility decreases a bit (some good options may not be inserted into the 

choice set).  

Summing up, a value of ω=0.01 seems to be a suitable value for a basic case simulation 

run. This is because it allows the formulation of choice sets within a considerable amount of 

time. Additionally, some filtering of the options that are vaguely recalled is achieved. 

Parameter q is used in the numerical simulations as a forgetting rate of the agents’ beliefs 

regarding the delay they experience under context c. The higher the q, the less they forget what 

they previously experienced at c and, thus, the more accurate their beliefs about delay are. As q 

increases, they can make better estimations of the expected utilities of the activity profiles. Thus, 

the agents need to conduct less explorations and they can develop faster habitual behavior. 

 

  

Figure 4.32: Effect of θ parameter on choice modes and lowering aspiration incidents 

frequency. 
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Figure 4.33: Effect of θ parameter on choice set size. 

 

 

Figure 4.34: Effect of θ parameter on choice set overall expected utility. 
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Figure 4.35: Effect of ω parameter on choice modes and lowering aspiration incidents 

frequency. 

 

 

Figure 4.36: Effect of ω parameter on choice set size. 
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Figure 4.37: Effect of ω parameter on choice set overall expected utility. 

 

As q increases, the agents can better remember their previous experiences. Thus, they 

improve their beliefs, which results in an increase of the overall expected utility of their choice 

set (Figure 4.39). Similarly, the overall expected utilities of the choice modes tend to increase 

(Figure 4.38). Therefore, more accurate beliefs lead to an increase of welfare over time.  

Finally, the aspirations tend to increase, due to an overall increase of the welfare (Figure 

4.40). This implies that the probability of a long-term change decreases.  

In conclusion, a value of q=0.99 seems to be appropriate for a basic case simulation run. 

In this way, slight forgetting is incorporated in the beliefs formulation process. However, with 

such a high value, the estimations of the agents regarding the overall expected utilities of the 

activity profiles are still reasonable and based on their previous experience. 

 

 

Figure 4.38: Effect of q parameter on the overall expected utility of the three choice modes. 
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Figure 4.39: Effect of q parameter on choice set overall expected utility. 

 

 

Figure 4.40: Effect of q parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 
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and the underpinning theory can be summarized in the following three major points. First, one of 

the basic points of this theory is that there is a need to distinguish between the objective, ‘real’ 

world where an individual lives, and the subjective environment that (s)he perceives. The 

omissions and distortions differentiating these two worlds are captured with the awareness-

related parameters of the proposed model. The simulation results indicate how memory capacity 

and the memory impact of experience events directly influence the choice set size of an 

individual. Moreover, it is depicted that better awareness responses lead to more accurate beliefs 

about the environment and to less explorations (as a satisfactory solution can be found earlier). 

Thus, in the simulation results, the effect of the awareness parameters on choice set size (a very 

important factor of decision making process) and formation of subjective beliefs is illustrated. 

Second, according to satisficing theory, exploration terminates when aspirations are met, which 

is also in line with the simulation results. Specifically, better awareness responses were resulting 

in an earlier development of habitual behavior and, thus, a decreased probability of becoming 

“awake” incidents. Therefore, the simulation results highlight how better awareness responses 

imply less short and long-term dynamics. Third, Simon claimed that aspiration values are 

adjusted upward or downward according to previous experiences, as they tend to be calibrated 

according to what is considered to be attainable. In the simulation results, it was illustrated how 

better awareness of the environment leads to better estimation of what is considered to be 

attainable and thus, results in higher aspiration values. 

 

4.4.2.4 The effect of memory activation responses
17

 

Parameter γ is the recency weight included in the equation describing the update of the 

activation level of the experienced activity profiles (equation (3.15)). In this equation, the 

logarithmic form is used to account for saturation. Specifically, when an activity profile is newly 

experienced, its activation level rapidly increases, until reaching a saturation point, where the 

activation level increase slows down. Thus, the higher the value of γ, the higher the impact of the 

experience and the faster the increase of the activation level of this activity profile. 

                                                
17 This sub-section is based on Psarra, I., Arentze, T. A. & Timmermans, H. J. P., 2014. 

Incorporating bounded rationality in a model of endogenous dynamics of activity-travel behavior. In Rasouli, 

S. & Timmermans, H. J. P. eds. Bounded Rational Choice Behavior: Applications in Transport, Emerald 

Publishers, UK. 
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Figure 4.41: Effect of γ parameter on choice modes and lowering aspiration incidents frequency. 

 

As γ increases, the activation values become stronger and memory fading takes more 

time, which actually implies that the agents “stick” more to their previous choices (implying less 

short and long-term dynamic changes into the system). On the other hand, as γ decreases, the 

activation value decreases faster (during the interval time of experiencing again the same 

combination of activity type and context-condition), resulting in a greater flexibility and more 

exploitations of the choice set (Figure 4.41).  

Regarding the overall expected utilities of the choice modes (Figure 4.42), they seem to 

be very slightly affected. The size of the choice set, as well as the aspiration values are not 

affected by γ (Figure 4.43), as this parameter only influences the impact of an experience event 

on activation memory. A value of γ=1.5 could be considered reasonable, for the simulations of 

this model.  

Parameter λ2 is the retention rate, included in the forgetting part of the activation level 

update (equation (3.15)). As λ2 decreases, memory activation fades out very fast and therefore the 

agents “stick” less to their previous experiences. Thus, while λ2 decreases, the agents develop 

habits with bigger difficulty, resulting in a decreasing frequency of habitual behavior (Figure 

4.44). However, as λ2 decreases, more exploitation choices take place. This is because memory 

activation decreases very fast and the agents need to exploit better their choice set, as they do not 
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have a strong habit indicator. On the other hand, as λ2 increases, the agents develop strong habits 

and do not exploit the rest of their choice set enough (less short and long-term dynamics are 

triggered into the system). This implies that even if there were better options than their habits, 

they are discarded from memory very fast. However, if at some point in time these strong habits 

are not satisfactory any more, the choice set hardly contains any other alternatives and the agents 

have to explore the area in order to find a better solution. Thus, when parameter λ2 increases, 

exploratory behavior increases, as well. Finally, choice set size is also affected, as it tends to 

increase, due to the increasing number of explorations. 

As λ2 decreases, the agents cannot develop easily habits and they tend to better exploit 

their choice set. This results in a higher mean overall expected utility of the habitual and 

exploitation choice modes (Figure 4.45). Consequently, the overall expected utility of their 

choice set also improves (Figure 4.46) (as alternatives that perform well have a lower chance to 

be discarded from memory). Finally, aspiration values are also affected. Specifically, they also 

tend to increase, when parameter λ2 decreases, because of the increased overall expected utilities 

of the habit and exploitation choice modes. Finally, a value of λ2=0.9 would be considered 

reasonable for the simulations of this model, as it allows the development of habitual behavior 

within a reasonable time frame. 

Summing up, when the retention rate of memory activation is too high, habitual behavior 

becomes too strong and the agents do not manage to exploit well their choice set. It also appears 

that when activity travel behavior is driven by strong habits, there is a decline of welfare over 

time and an increase of exploration effort. 

 

 

Figure 4.42: Effect of γ parameter on the overall expected utility of the three choice modes. 
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Figure 4.43: Effect of γ parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 

 

  

Figure 4.44: Effect of λ2 parameter on choice modes and lowering aspiration incidents 

frequency. 
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Figure 4.45: Effect of λ2 parameter on the overall expected utility of the three choice modes. 

 

 

Figure 4.46: Effect of λ2 parameter on choice set overall expected utility. 
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mode finds a new activity profile and decides to try it (equation (3.21)). To examine the effect of 

τ (degree of information lack) on model behavior, Figure 4.47 shows the effect of τ on frequency 

of habit, exploitation and exploration choice modes. As expected, while τ increases, exploration 

behavior increases and habitual behavior slightly decreases. This is for the reason that due to lack 

of information, agents need to conduct more explorations in order to find a satisfactory activity 

profile and to develop habits. Moreover, lowering aspiration incidents slightly increase, as 

sometimes the agents get trapped in many consecutive unsuccessful exploration efforts. 

Consequently, the aspiration values also decrease. 

As τ increases, more unsuccessful explorations are conducted and therefore, the overall 

expected utility of the exploration choice mode decreases (Figure 4.48). Additionally, the choice 

set size increases, as well (Figure 4.49). However, due to all these unsuccessful explorations, 

many activity profiles which do not perform well are inserted into the choice set, resulting in a 

decrease of the choice set overall expected utility. Finally, a value of τ=20 is used for the basic 

case simulations, as it results in reasonable exploration behavior. It accounts for imperfect 

knowledge while searching, without leading to an unrealistic increase of explorations. 

 

  

Figure 4.47: Effect of τ parameter on choice modes and lowering aspiration incidents. 
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the three choice modes and on frequency of lowering aspirations incidents. As expected, when N0 

increases, the frequency of exploration behavior increases, while habitual behavior decreases. 

Finally, the frequency of lowering aspirations slightly declines, because more exploration effort 

increases the possibility to discover a new alternative that may satisfy the aspiration level. 

Consequently, aspiration values tend to increase, as N0 increases (Figure 4.52). 

As one could expect, insisting in exploring new alternatives, increases the possibility of 

discovering many alternatives that are not good enough, resulting in a decrease of the overall 

expected utility of exploration choice mode. On the other hand, with more explorations, agents 

get to know better the study area, so the overall expected utility of the habitual and exploitation 

choice mode tend to increase. However, the average expected utility of the choice set tends to 

decrease (although these dissatisfactory alternatives will not stay that long in the choice set, 

because of awareness level updating, they will temporally influence the average expected utility 

of the choice set). Furthermore, because N0 increase implies more exploration, the size of the 

choice set increases (Figure 4.51).  

Parameter µ is used in the function calculating the probability of lowering aspirations 

(equation (3.22)). While µ increases, the probability of lowering aspirations also increases, 

leading to more lowering aspiration incidents. As agents lower their aspirations faster, they spend 

less effort to explore, as they become more easily “disappointed” and they faster lower their 

“standards”. Therefore, exploration behavior decreases, while habitual behavior tends to increase 

(Figure 4.53).  

 

 

Figure 4.48: Effect of τ parameter on the overall expected utility of the three choice modes. 
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Figure 4.49: Effect of τ parameter on choice set size. 

 

  

Figure 4.50: Effect of N0 parameter on choice modes and lowering aspiration incidents 

frequency. 
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Figure 4.51: Effect of N0 parameter on choice set size. 

 

 

Figure 4.52: Effect of N0 parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 
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Figure 4.53: Effect of µ parameter on choice modes and lowering aspiration incidents 

frequency. 
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µ=0.1 and ν=1 seem to result in a reasonable frequency of lowering aspiration incidents, which, 

in turn, leads to a sensible exploration behavior during the numerical simulations of the model. 

 

 

Figure 4.54: Effect of µ parameter on the overall expected utility of the three choice modes. 

 

 

Figure 4.55: Effect of µ parameter on aspiration values (average values of conditional and 

unconditional aspiration values for all the three activity types). 
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Figure 4.56: Effect of ν parameter on choice modes and lowering aspiration incidents frequency. 

 

 

Figure 4.57: Effect of ν parameter on choice set size. 
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Figure 4.58: Effect of ν parameter on choice set overall expected utility. 

 

4.4.3 Numerical simulation scenarios 

Finally, some numerical simulations have been conducted, in order to trace the model 

behavior as a response to various external stimuli. Specifically, a travel cost and a travel time 

scenario have been examined. 

 

4.4.3.1 Travel time scenario
18
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88th week, the travel times of all the activity profiles of the universal choice set are increased (the 

initial values are multiplied by 1.5). In order to illustrate specific properties of the model, such as 

the tolerance to stress that may characterize some agents’ behavior, this process is repeated two 

                                                
18 This sub-section is based on Psarra, I., Arentze, T. A. & Timmermans, H. J. P., 2015. A complex 

model of short and long-term dynamics of activity-travel behavior: numerical simulations and design of a 

stated adaptation experiment. Washington, D.C., 94th Transportation Research Board Annual Meeting. 
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more times. In this way, a process of sequentially increasing stress is simulated. Specifically, in 

the 150th week, the travel times are further increased (the initial values are multiplied by 2), 

while in the 200th week, the initial values of the travel times are multiplied by 3.  

Figure 4.59 includes a characteristic example of dynamic choice behavior, under the 

influence of the travel time scenario. Specifically, the overall expected utility of the implemented 

activity profiles and the conditional aspiration value that the first agent holds for work activity, 

when it is weekday and non-rush hour, are depicted. In the beginning of the simulation, two 

exploration efforts takes place, as the agent is unfamiliar with the spatial setting. The second 

exploration effort is successful and results in an increase of the conditional aspiration value, as 

well. Then, the explored activity profile becomes habitual and a stable state is reached. After the 

first increase of the travel time values, neither the habitual activity profile nor the exploitation 

option are satisfactory and the agent starts exploring again. After three unsuccessful exploration 

efforts, its conditional aspiration value decreases and then it manages to develop habitual 

behavior again. The unrewarding explorations imply that an activity profile with low overall 

expected utility is selected, resulting in the spikes that can be observed in the graph. The second 

increase of travel time values triggers a similar reaction (three exploration efforts lead to a 

further decrease of conditional aspiration, which allows the establishment of habitual behavior 

again). Finally, the third increase of travel times results in exploration behavior, however, at that 

time the agent realizes that it needs to conduct a long-term change. Thus, on simulation day 

t=1404, it becomes “awake” and stops acting. 

  

 

Figure 4.59: A characteristic example of several consecutive choices of the first agent for work 

activity type, when it is weekday and non-rush hour (travel time scenario results). 
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Similarly, in Figure 4.60, the way that the fourth agent travels in order to go for 

shopping, when it is weekday and non-rush hour, is depicted. After one exploitation effort (the 

choice set was not empty because the same activity was experienced under another context-

condition), it manages to develop habitual behavior. After the first wave of travel time increase, 

it conducts four unsuccessful explorations, which lead to a lowering of the conditional aspiration 

and the development of habitual behavior. The second and the third wave of travel time increase 

result in a decrease of the overall expected utility of the habitual activity profile, however it 

remains within the tolerance range of the agent. Thus, no short or long-term dynamics are 

triggered by the further increases of travel time values. 

Finally, in Figure 4.61, the choices of the fifth agent for shopping activity, when it is 

weekend and rush hour, are depicted. After conducting two unsuccessful exploration efforts, the 

agent lowers its conditional aspiration and develops habitual behavior. The three waves of travel 

time increase lower the overall expected utility of the habitual activity profile, however they do 

not bring any dynamics into the system, as the performance of the habitual activity profile 

remains within the tolerance range of the agent. 

 

 

Figure 4.60: A characteristic example of several consecutive choices of the fourth agent for 

shopping activity type, when it is weekend and non-rush hour (travel time scenario results). 
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Figure 4.61: A characteristic example of several consecutive choices of the fifth agent for 

shopping activity type, when it is weekend and rush hour (travel time scenario results). 
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Figure 4.62: Fluctuation of aspiration values over time (travel time scenario results). 
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expected utility of the exploitation choice mode is the highest (same pattern as in Figure 4.12). 

 

 

Figure 4.63: Frequency of exploitation and exploration choice mode, as well as of lowering 

aspiration incidents (travel time scenario results). 
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Figure 4.64: Overall expected utilities of the three choice modes (average values across the five 

agents - travel time scenario results). 
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decrease of the overall expected utilities is illustrated, as well as how they improve after the 

short-term adaptations of the agents. Finally, the big decrease in the choice set overall expected 

utilities of the first and the third agent, just before they become “awake”, is also depicted. 
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Figure 4.65: Agents’ choice set size for work activity type (average values across four context-

conditions - travel time scenario results). 

 

 

Figure 4.66: Agents’ choice set overall expected utility for work activity type (average values 

across four context-conditions - travel time scenario results). 
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Figure 4.67: Agents’ choice set size for leisure activity type per context-condition (average 

values across the five agents - travel time scenario results). 

 

 

Figure 4.68: Agents’ choice set overall expected utility for leisure activity type per context-

condition (average values across the five agents - travel time scenario results). 
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4.4.3.2 Travel cost scenario 

The travel cost scenario has been designed in a similar way as the travel time scenario. 

Specifically, according to the travel cost scenario, in the 88th week, the travel cost of all the 

activity profiles of the universal choice set are increased (the initial values are multiplied by 1.5). 

In order to trigger and simulate the dynamics of the system, this process is repeated two more 

times. Specifically, in the 150th week, the travel costs are further increased (the initial values are 

multiplied by 2), while in the 200th week, the initial values of the travel costs are multiplied by 3. 

The travel times of the activity profiles remain stable. Therefore, the travel cost scenario does not 

affect those activity profiles including walking or bike as a transport mode. In other words, those 

activity profiles, with travel cost equal to zero, are not influenced by these three rounds of travel 

cost increase. 

In Figure 4.69, the choices of the second agent for work activity, when it is weekday and 

rush hour, are depicted. After conducting two unsuccessful exploration efforts, the agent lowers 

its conditional aspiration and develops habitual behavior. The first two waves of travel cost 

increase lower the overall expected utility of the habitual activity profile, however they do not 

bring any dynamics into the system, as the performance of the habitual activity profile remains 

within the tolerance range of the agent. In the third wave of travel cost increase, the overall 

expected utility of the habitual option falls below the tolerance range of the agent and it starts 

exploring for another activity profile. After two exploration efforts, it manages to find a 

satisfactory option and develop habitual behavior again (without needing to lower its conditional 

aspiration). 

In Figure 4.70, the way that the first agent travels in order to go for shopping, when it is 

weekend and non-rush hour, is depicted. After one exploitation effort (the choice set was not 

empty because the same activity was experienced under another context-condition), it manages 

to develop habitual behavior. After the first wave of travel cost increase, it conducts two 

exploration efforts, which lead to the development of habitual behavior. The second and the third 

wave of travel cost increase do not affect the overall expected utility of the habitual activity 

profile, as the travel cost of this activity profile is zero. Thus, no short or long-term dynamics are 

triggered by the further increases of travel cost values. 
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Figure 4.69: A characteristic example of several consecutive choices of the second agent for 

work activity type, when it is weekday and rush hour (travel cost scenario results). 

 

In Figure 4.71, the way that the second agent travels in order to go for shopping, when it 

is weekday and non-rush hour, is depicted. After one exploitation effort (the choice set was not 

empty because the same activity was experienced under another context-condition), it manages 

to develop habitual behavior. After the first wave of travel cost increase, the overall expected 

utility of the habitual activity profile is lowered, however it remains within the tolerance range of 

the agent. After the second wave of travel cost increase, it conducts two exploration efforts and 

manages to find a satisfactory activity profile. The conditional aspiration value is accordingly 

adjusted. The third wave of travel cost increase does not affect the overall expected utility of the 

habitual activity profile, as the travel cost of this activity profile is zero.  

Figure 4.72 depicts the fluctuation of the aspiration values of the second agent. It is 

illustrated how the aspiration values are stabilized when the habitual state is reached and how 

they are affected by the travel cost scenario. It is interesting to notice that due to the travel cost 

scenario, the agent explores the spatial setting for better alternatives and manages to find activity 

profiles performing even better than the initial habitual option. This results in an increase of 

some of its aspirations. 

In Figure 4.73, the frequency of the exploitation and exploration choice mode is 

depicted, as well as the frequency of lowering aspiration incidents. As it is expected, all of these 

three values are lower than the travel time scenario results (Figure 4.63). This is for the reason 

that the travel cost scenario generated less dynamic changes into the system than the travel time 

scenario (due to the fact that not all the activity profiles have been affected). In Figure 4.74, the 
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overall expected utilities of the three choice modes (habit, exploitation and exploration), for each 

of the five agents, are depicted. For all the agents, the overall expected utility of the exploration 

choice mode is the lowest, while the overall expected utility of the exploitation choice mode is 

the highest (same pattern as in Figure 4.12 and Figure 4.64). However, the values are lower than 

those of the basic case results and higher than those of the travel time scenario results. 

Figure 4.75 and Figure 4.76 illustrate the fluctuation of the size and the overall expected 

utility of the agents’ choice sets for shopping activity. The values depicted on these two diagrams 

are the mean values across the four context-conditions. The dynamics reappearing into the 

system after the three waves of travel cost increase are depicted in these two figures. It can be 

observed how the choice set sizes increase again after the new exploration efforts and how they 

decrease when a new habit is developed. Accordingly, the decrease of the overall expected 

utilities is illustrated, as well as how they improve, after the short-term adaptations of the agents. 

Similar patterns can be observed in Figure 4.77 and Figure 4.78, about the work activity type 

(average values across the five agents). 

 

 

Figure 4.70: A characteristic example of several consecutive choices of the first agent for 

shopping activity type, when it is weekend and non-rush hour (travel cost scenario results). 
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Figure 4.71: A characteristic example of several consecutive choices of the second agent for 

shopping activity type, when it is weekday and non-rush hour (travel cost scenario results). 

 

 

Figure 4.72: Fluctuation of aspiration values over time (travel cost scenario results). 
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Figure 4.73: Frequency of exploitation and exploration choice mode, as well as of lowering 

aspiration incidents (travel cost scenario results). 

 

 

Figure 4.74: Overall expected utilities of the three choice modes (average values across the five 

agents - travel cost scenario results). 

 

 

Figure 4.75: Agents’ choice set size for shopping activity type (average values across four 

context-conditions - travel cost scenario results). 
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Figure 4.76: Agents’ choice set overall expected utility for shopping activity type (average 

values across four context-conditions - travel cost scenario results). 

 

 

Figure 4.77: Agents’ choice set size for work activity type per context-condition (average values 

across the five agents - travel cost scenario results). 
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Figure 4.78: Agents’ choice set overall expected utility for work activity type per context-

condition (average values across the five agents - travel cost scenario results). 
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The examination of the travel time and travel cost scenario indicates that the model 

allows the simulation of gradual behavior adaptation to exogenous policies. The behavioral 

dynamics and the adaptive processes can be predicted, advancing analysts’ understanding about 

the travel behavior adjustments that may be triggered by the implementation of a policy. Finally, 

it could be traced how this dynamic system responds, when the value of each parameter varies. In 

this way, some interesting results could be collected regarding the effect of tolerance to stress, 

memory activation, exploration behavior, as well as emotional and awareness responses on 

dynamic activity-travel behavior. Specifically, important inferences can be drawn regarding the 

appropriate value of these parameters, while the emergent behavior of the model for different 

parameter ranges can be learnt. The results did not include surprises, which would have resulted 

in lack of confidence in the model, since the concept of face validity refers to the notion that the 

behavior of a complex model is in line with expectations. Therefore, it can be claimed that a 

sensitivity analysis has been conducted, in the sense that the values of each parameter have been 

systematically varied.  

In brief, the face validity of the modeling approach was confirmed by the results of these 

numerical simulations. Results indicated that processes and outcomes are reasonable within the 

theoretical framework. Finally, the parameters of the model have been calibrated, based on these 

numerical simulations. 
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5.1 Introduction 

This chapter reports the development and application of a stated adaptation experiment, 

aiming at collecting empirical data on dynamics of activity-travel behavior. Taking into account 

the specific data collection needs, as well as the cost and time demands of various data collection 

methods, a stated adaptation survey was considered to be the most suitable method. A stated 

adaptation survey poses various imaginary situations to the interview subject and asks “How 

would you respond to the given situation, given certain constraints?”.  

In the proposed model, development of habitual behavior, tolerance to stress, as well as 

the emergence of short and long-term dynamics are simulated. Thus, there is a need to collect 

empirical data regarding the conditional and unconditional aspiration values of the respondents, 

as well as information about their choice sets. This is important in order to formulate familiar to 

the respondent scenarios and adaptation options, as well. In addition, the model imposes virtually 

no restrictions on the number and type of activities that can be included in an individual’s 

agenda. Moreover, it deals simultaneously with the activity attributes of the activity profiles, 

such as the origin and destination location, departure time, transport mode, route, etc.. Therefore, 

as the model is dynamic, existing one-day or two-day activity-travel data, which are collected in 

standard surveys in many countries, may not suffice. Thus, a new data collection system needs to 

be designed, with spatial information support to collect data on repertoires of habitual activity-

travel patterns and on adaptation strategies. 

Specifically, the biggest challenge is gathering data regarding the way that people react 

to accumulating stress, the tolerance to stress and the reluctance to change, as well as the way 

that short and long-term adaptation strategies evolve. The developed stated adaptation 

experiment can systematically record data on how individuals may choose between adjusting 

activity profiles currently belonging to their choice set (exploitation effort), exploring new 

activity profiles, or conducting dramatic, long-term changes in the available resources, as a 

response to a hypothetical scenario (where a feeling of accumulated stress should be generated). 

In this way, the underlying decision process at many time horizons can be observed. Thus, multi-

facet adaptations can be captured, such as changing activity locations, start-time of trips, 

transport modes, frequency of activities and any combinations of these. Finally, detailed data 

regarding long-term adaptations of the respondents can be collected. 

In this chapter, the reason why this data collection method has been considered the most 

suitable for the data collection needs of this thesis, is discussed. Then, the design of the stated 
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adaptation experiment, as well as the sample descriptive statistics are presented. Finally, 

conclusions are drawn and discussed. 

 

5.2 Overview of data collection methods 

Travel choice models are usually based on cross-sectional data (one or two days observed 

activity-travel diaries). Consequently, forecasts of the path of evolution towards a new 

equilibrium situation, after the implementation of a policy, are not possible. 

Because a much wider set of data is required, ideally one would need continuous panel 

data, covering a long period of time, in order to estimate and validate a dynamic system. Panel 

data involve repeated observations over time for the same individuals and can be used as an 

alternative basis for developing travel choice models. As it is mentioned in Chatterjee (2011), 

panel data can provide information about both current and past circumstances and habitual 

behavior. Models estimated using panel data are able to reflect within-person variation in travel 

choices over time, as well as between-person variation in travel choices. Inter-temporal 

dependence, or the dynamics of travel choices are therefore able to be observed. Nevertheless, in 

most of the cases, such data is too difficult to be gathered, because of the too high time and 

money cost. Additionally, with this method, it is very difficult to control the system variables. On 

the contrary, with stated adaptation experiments easier to interpret and more efficient data can be 

collected. 

On the other hand, retrospective survey may be used to collect data on lifecycle events. 

This means that respondents are invited to recall events they have experienced in their past and 

report relevant details of these events, including their timing. The potential benefits of the 

retrospective surveys are that they do not involve great administrative complexity and time delay 

in data collection, as panel surveys. On the other hand, because respondents are invited to recall 

incidents in the past, undoubtedly the reliability of retrospective surveys depends fundamentally 

on the nature of the phenomena about which questions are asked. In general, it could be stated 

that individuals build up memory traces about their experiences. Such memory traces will be 

stronger for those experiences that are more significant to them, e.g., experiences that are unique, 

dramatic, etc.. Vice versa, memory traces of unimportant experiences will be weak. Additionally, 

potentially incomplete or inaccurate responses are likely, if the event recalled and the time of 

recollection are far apart. Thus, although this method could be considered suitable for collecting 
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data on long-term adaptations, short-term adaptations would be difficult to be captured, while 

there are considerable constraints in controlling the system variables. 

Thus, in most studies focusing on dynamics of activity-travel behavior, researchers need 

to rely on experimental-design data, usually collected with stated response methods. Depending 

on the nature of the response, we can distinguish among stated preference, stated choice and 

stated adaptation experiments. In the first case, the respondent has to rate or rank various options, 

according to his/her preferences. In the second case, the respondent has to choose one alternative 

from a specific choice set that is presented to him/her. Finally, in a stated adaptation experiment 

the respondent has to imagine a specific scenario that would affect his/her life and indicate what 

changes (s)he would conduct in order to adapt to this new situation. A discriminating feature of 

stated adaptation models is that they allow for effects of a reference situation on responsive 

behavior, i.e. reluctance to change an existing pattern of behavior, which is not captured by 

standard stated choice approaches. Moreover, most stated preference and choice studies have 

been restricted to single choice facets underlying activity-travel patterns, without enabling the 

complex interdependencies of activity-travel patterns to be revealed (Khademi & Timmermans, 

2012). 

 

5.3 Stated adaptation experiment 

5.3.1 Previous experiences 

Computerized methods to collect data on rescheduling decisions have been developed 

and applied in several studies. For example, Jones, et al. (1989) developed the Computerized 

Activity-based Stated Preference (CASP) package to detect how respondents would react to a 

specific constraint. Similarly, the interactive computer procedure MAGIC (Ettema, et al., 1993) 

and Computerized Household Activity Scheduling Elicitor (CHASE) (Doherty & Miller, 2000) 

were developed to collect data on activity-travel scheduling and rescheduling decisions. The 

results indicated that households are aware of a broad range of possible adaptation strategies, 

including longer-term lifestyle changes. Respondents give a more elaborate behavioral response 

when implementing such changes within a realistic context.  

In order to extend the initial ALBATROSS model, Arentze, et al. (2004) reported the 

estimation of several discrete choice models, describing the reactions of individuals to 

congestion pricing scenarios. A stated adaptation experiment, administered on the Internet, was 
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used to collect the data. First, respondents were asked to report their regular activity behavior. 

The study differentiated between primary and secondary response to policies. Respondents 

indicated if and how they would adjust the departure time, route, destination, transport mode, 

and/or trip frequency of the activities they conducted on a regular basis, given particular 

congestion pricing scenarios.  

Similarly, Weis & Axhausen (2012) and Weis, et al. (2011) focused on changes in travel 

behavior in response to changes in generalized costs of travel, using an interactive stated 

adaptation experiment. The survey focused on capturing the complete restructuring of a reported 

activity pattern. Revealed preference data were collected (a five-day diary) and based on them, 

the stated adaptation part was constructed. Changing departure time, mode of travel, order and/or 

duration of certain activities, cancelling certain activities, or adding additional ones, as well as 

combinations of these adaptation responses were the respondents’ possible reactions to the 

hypothetical scenarios. In addition, this survey focused and formulated the travel time losses or 

gains rather than the effects of specific policies. Lastly, the recorded reactions to the scenarios 

relate to the whole schedule rather than to a specific trip, as it is often the case in traditional 

stated choice surveys. 

Furthermore, in Yang (2013) a relatively novel stated adaptation experiment survey 

system was designed to collect data on individual responses to changes in energy prices and 

policies. They concentrated on the process resulting in the choice and not only on the final 

choice of energy consumption. Moreover, in Habib, et al. (2012)  the behavioral relationship 

between the transportation system performance, in terms of travel time changes and the daily 

activity rescheduling is investigated. The survey combines revealed and stated adaptation data, 

however the adaptations focus only on the short-term time horizon. Finally, in van Bladel, et al. 

(2008), the experiences with some stated adaptation experiments are reported and the 

significance of the scenarios design is stressed. For the reason that unfamiliar hypothetical 

situations may result in unreliable survey results, it is crucial to formulate realistic and familiar to 

the respondent scenarios. 

 

5.3.2 Design of the stated adaptation experiment
19

 

A relatively novel stated adaptation survey system was designed to collect data on 

individual responses to various exogenous changes. It can capture multi-faceted adaptations, 

                                                
19 The questionnaire is included in the Appendix A2. 



Chapter 5 

124 

 

such as changing activities’ locations, start-times, transport modes, etc., while long-term 

adaptations are also detected. Figure 5.1 depicts the flowchart of the questionnaire and Figure 

5.2 includes the UML diagram of the data base structure.  

In order to reduce respondent burden and improve data quality, paper-and-pencil 

questionnaires have been replaced with an Internet-based, computer-assisted survey instrument. 

Interactive Internet-based surveys are able to dynamically collect and process personalized data, 

which can be used to design realistic and statistically sound hypothetical situations, so that each 

respondent can easily recognize himself/herself in the presented situation (Faivre d'Arcier, et al., 

1998).  

The reduced cost of the data collection and the immediate availability of the gathered 

information are additional advantages of using a computer based survey. Internet-based 

applications also offer clear benefits with respect to the data processing aspect of the survey 

(consistency checks that can be implemented in advance and the automated omission of non-

relevant questions), in order to enhance data quality. Manual imputation is no longer necessary, 

which saves time and money and prevents human error in the imputation process. The immediate 

availability of the data is another important advantage of an Internet-based survey, but overall, 

the most attractive benefit of an Internet-based application is probably its user-friendliness: 

respondents can fill out the survey at home and at their own pace, whenever they prefer. It could 

be argued that sample bias is introduced, as only individuals with access to Internet are 

interviewed. Previous studies have indeed demonstrated that some socioeconomic classes of 

society, particularly older-age and lower-education groups, are underrepresented in Internet 

samples, however it must be noted that exactly those groups are also underrepresented when 

using more conventional survey instruments. It is, therefore, more crucial to assure that a sample 

is more representative in terms of travel behavior, than in terms of socioeconomic characteristics 

(van Bladel, et al., 2006). 

The stated adaptation experiment, designed in the context of the current study, consists of 

three main parts. The first part focuses on the current situation of the respondent (socio-

demographics, frequency of conducting various activity types, long-term decisions, 

unconditional aspirations), the second part aims at collecting information regarding the current 

habits and his/her conditional aspiration values, and, finally, the last part presents the 

hypothetical scenarios and the possible adaptation strategies among which the respondent can 

choose. Thus, the first and the second part collect the necessary information in order to create 

familiar and realistic for the respondent scenarios. The experiment has the form of a dynamic, 

web-based questionnaire, which was developed in Ruby on Rails, an open source web 
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framework. Finally, a google-maps API system is incorporated in the questionnaire, so that the 

respondents can pinpoint the locations they mention. The questionnaire was developed and 

conducted online through the platform “ARTEMIS”, developed by Ir. Joran Jessurun in Design 

and Decision Support Systems (DDSS) group, at Technical University of Eindhoven. 

 

5.3.2.1 Current situation of the respondent 

In the beginning of the questionnaire, the respondents are provided with some 

introductory information and instructions regarding the aim of the research and the main parts of 

the experiment. The questionnaire starts with some socio-demographic questions (gender, age, 

household size and composition, age of the youngest child, education level and income). 

Thereafter, a list of activity types is presented to the respondent and (s)he is asked to 

indicate the frequency of conducting each of them (see also Appendix A2). The considered 

activity types are the following: Paid work, Voluntary work, Studying/Going to school, Non-

daily shopping (e.g. clothes, shoes, home equipment, etc.), Daily shopping, Visiting a healthcare 

center/pharmacy, Attending a concert/show/cinema/theater, Visiting a bar/cafe/disco/restaurant, 

Attending a sport match, Visiting a sport-center/Doing sports, Visiting a social club (voluntary 

association), Visiting friends/family (social or care reasons), Picking up/Dropping off family 

members. Then, in order to reduce respondent burden, the rest of the questionnaire focuses on 

one of the frequently conducted activity types (at least once a week), which is randomly selected 

(provided that this activity type is not conducted always at home).   

Before arriving at the questions about the unconditional aspiration values of the 

respondent, (s)he has to answer a few questions regarding his/her current long-term decisions, 

such as the current residential and work location (by pinpointing them on a map). Additionally, 

(s)he is asked about the type of his/her main occupation, the possibility to work at home and 

whether (s)he receives a travel allowance. Finally, some questions over car ownership and 

ownership of discount card(s) for public transport are posed.  

Then, (s)he is asked to imagine his/her life out of this context of current long-term 

situation, in order to respond to the questions about the unconditional aspiration values. Thus, 

(s)he is asked what would be a reasonable amount of travel time, cost, etc., during e.g. the 

commuting trip, in general and not within the current context of long-term decisions. In this way, 

we obtain the unconditional aspirations about travel cost, travel time, availability of parking, 

crowdedness in public transport and quality of public transport services (distance to stop and 
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frequency of service). This way of formulating these questions (in Dutch: nog redelijk vinden) 

was selected for the reason that the unconditional aspirations represent the maximum acceptable 

price, time, etc. that an individual would be satisfied with. The respondents were not directly 

asked which amount they would prefer in order to be happy/satisfied, because there would be a 

risk of selecting unrealistic values (e.g. always zero for travel cost, 1 minute for travel time, etc.). 

A seven point Likert scale20 is used for parking, crowdedness and public transport quality. 

Especially for the uncertain attributes, such as travel time, parking availability and crowdedness, 

the question is repeated three times (accounting for weekdays and rush hour, weekdays and non-

rush hour, and weekends). In this way, the context-specific unconditional aspiration values are 

collected. 

 

5.3.2.2 Activity profiles of the respondent 

The second part of the questionnaire focuses on the acquisition of the current activity 

profiles of the respondents. In other words, by systematically asking the respondents’ current 

activity-travel patterns (see Appendix A2), their activity profiles are generated, describing how 

they usually travel for a specific activity type. Thus, instead of collecting revealed data in the 

form of a specific day or week diary (Weis & Axhausen, 2012; Weis, et al., 2011; Roorda & 

Andre, 2007), a more comprehensive image of the current activity-travel behavior of the 

respondent is gained. The activity profiles that are generated in this stated adaptation experiment 

consist of the following attributes: destination and origin location, start-time, transport mode and 

route. It should be noted that each activity type can have more than one activity profiles, which 

vary in terms of the included activity attributes. Hence, the corresponding activity profiles of a 

given activity type can be more than one, namely as many as the number of combinations of 

activity facets, that a respondent usually implements. For example, if the commuting trip is 

usually conducted either by car or by train, there already exist two different activity profiles 

related to this activity type. 

 Subsequently, some extra information regarding each of the collected activity profiles is 

gathered. Specifically, for every activity profile, the respondent is asked to indicate whether (s)he 

usually implements it on weekdays, weekends or both, as well as the travel cost and time that 

(s)he needs to spend. Moreover, if the transport mode of an activity profile is car, they are asked 

to indicate the parking place availability they usually experience when implementing this activity 

                                                
20 Similar scales have been used in the subjective well-being research study of (Olsson, et al., 2011). 
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profile under the corresponding context-condition. On the other hand, if the transport mode is a 

means of public transport, they are asked to indicate the crowdedness they usually experience 

and the quality of the service, when implementing this activity profile. Finally, the frequency in 

percentages of conducting each activity profile is asked.  

 After completing the information about the current revealed behavior of the respondent, 

some questions, in order to have a better idea of his/her choice set, are asked. Specifically, the 

respondent is asked what other possibilities (s)he sees regarding the destination and the origin 

location, the start-time, the transport mode and the day of the week that (s)he could travel in 

order to conduct this activity, but for some reason (s)he currently does not use. Additionally, 

(s)he is asked whether (s)he had followed other routes than the ones mentioned in the activity 

profiles in the past. The reported alternative possibilities will be used in the stated adaptation 

phase of the questionnaire as possible adaptation options. 

 Finally, by asking how satisfied the respondent is with each of the current activity 

profiles and the corresponding outcomes (travel time, travel cost, etc.), the conditional aspiration 

values are gathered. Specifically, for travel cost, travel time, parking, crowdedness and public 

transport quality, the system compares the values the respondent filled in for each of the activity 

profiles. The lowest non-negative value the respondent filled in (0, +1, +2 or +3 in the Likert 

scale) constitutes the conditional aspiration value for this activity attribute. When they declare 

dissatisfied with a value or an activity facet (-1, -2 or -3 in the Likert scale), they are asked for 

how long they are already dissatisfied with it. In case that a respondent indicates that (s)he is 

dissatisfied by all the values corresponding to this attribute of his/her activity profiles, (s)he is 

directly asked with which value (s)he would have been satisfied.  

 

5.3.2.3 Stated adaptation responses 

The last part of the questionnaire focuses on a realistic and familiar to the respondent 

hypothetical situation. The presented hypothetical situation is formulated according to the 

information that has been collected in the previous parts of the questionnaire.  The respondent 

makes a mental representation of the hypothetical decision problem by processing the provided 

information and indicates whether and how (s)he would adapt the current activity-travel 

repertoire. Specifically, the presented scenario focuses on the deterioration of one of the 

following activity outcomes: travel cost, travel time, parking availability, crowdedness in public 

transport or quality of public transport availability. A specific algorithm calculates which of 
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these attributes is the most suitable for every respondent (for instance, a parking availability 

scenario appears only when car is the habitual transport mode) and, based on the conditional 

aspiration value, it also calculates the hypothetical deteriorated value of this activity attribute. By 

tailoring the treatment to the respondent’s situation in this way, the obtained responses are more 

informative for testing the main theoretical assumptions of the developed model. An example of 

a scenario focusing on travel time follows: “Imagine that many more people are going to use 

their car in the coming years. This is going to affect the travel time. For example, it is estimated 

that the travel time will be X minutes (a higher value than the conditional aspiration of the 

respondent for travel time, under this context-condition), when you travel in {weekends}, at 

{start-time}, from {origin location}, by {transport mode}, via {route}, to {destination location} 

(the activity facets of the most frequent activity profile are mentioned here). Your current 

experience is Y minutes. Similar travel time increases correspond to the rest of your activity 

profiles21. Would you change something in the way you currently travel, in this case? If so, 

what?”  

 In order to mimic a feeling of increased stress and monitor when a short or a long-term 

adaptation emerges, the same scenario is repeated three times, where the X value is accordingly 

multiplied by 1.5, 2 and 2.5. For example, if Y was 15 min., X might be 20min. and in the 

scenario phases, this would become 30, 40 and 50 min. respectively. The respondent can choose 

between the following short-term adaptation options: changing destination, origin location, 

transport mode, start-time or route of the most frequent activity profile. Additionally, there is the 

option of changing the frequency of any of the current activity profiles. The respondent can 

select multiple short-term adaptations or (s)he can also indicate that (s)he would not change 

anything (see also Appendix A2). Finally, it should be mentioned that the respondent is left to 

imagine the result of the possible adaptations. 

In case that one of these short-term changes is selected, the respondent is asked to specify 

whether (s)he would search and explore a new option or whether (s)he would select an option 

that is already included in his/her choice set (an option that is part of another activity profile or 

one of the other possibilities they have reported or conducting the activity at home). Finally, after 

indicating his/her reaction in the short-term perspective, a list of long-term adaptations is 

presented: changing residential location, work location, transport mode/discount card ownership 

                                                
21 The term “activity profile” is explained and introduced to the respondents in the early stage of the 

experiment, when their activity profiles are generated. As it can also be seen in the Appendix A2, the Dutch 

word that has been used for this term is “reiswijze”. 



Empirical Data Collection 

129 

 

and context of working hours. In case that a long-term adaptation is selected by a respondent, 

(s)he is requested to specify some further details regarding this decision. For instance, if (s)he 

indicates that (s)he would change the residential location, (s)he has to specify whether (s)he 

would move closer to his/her work location, closer to the city center or to another location. Thus, 

(s)he is triggered to consider more carefully his/her responses. In case that one long-term change 

is selected, the scenario is not repeated anymore and the questionnaire finishes. 

 

5.3.3 Pilot study 

A pilot study with eleven respondents has been conducted in October 2014, in order to 

test whether there was a need to rephrase questions, improve the design/layout of the 

questionnaire and add further explanations or clarifications. Respondents were first selected from 

the wide circle of acquaintances of the researcher and then, according to the “snowball method”, 

attracted from the circle of acquaintances of acquaintances. After completing the experiment, 

every pilot respondent reported his/her views, difficulties, technical problems and time (s)he 

spent to answer all the questions. This was very important in order to estimate the average time 

needed in order to fill in this dynamic questionnaire. 

Finally, in a short interview, they were asked to explain how they interpreted specific 

parts of the questionnaire, such as the unconditional aspirations part, the activity profile 

acquisition process, the “other possibilities” part and finally the adaptation part. In that way, 

possible misunderstandings have been detected. Having incorporated the pilot respondents’ 

remarks, the questionnaire was further improved and modified to its final form. 
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Figure 5.1: Flowchart of the questionnaire. 
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Figure 5.2: UML Diagram of the Data Base Structure. 

 

5.4 Sample descriptives 

The questionnaire was conducted in the Netherlands in November and December 2014, 

by sending the web link to a respondent panel of a research bureau in the Netherlands. The panel 

includes individuals from Eindhoven and Rotterdam metropolitan area. Specifically, Corop 29 

for the Rotterdam Rijnmond area (24 municipalities) has been used, as well as postal codes for 

Eindhoven (corresponding the SRE-area).  

During the data collection, 635 respondents started and 474 of them completed the web-

based questionnaire. The questionnaire length and the topic might be the reasons for this 

relatively high percentage of respondents who dropped out (25%). Additionally, there have been 

15 respondents who do not travel frequently enough for any activity type, thus the questionnaire 

finished for them right after the question about activity frequencies. Thus, 459 respondents filled 

in the questionnaire including the adaptation part and these data are used for the analysis. 

Table 5.1 gives an overview of the key sample characteristics. The sample is not 

representative of the Dutch population, however that is not needed for the analysis, which does 
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not aim at predicting the behavior of the Dutch population, but rather at validating the basic 

theory and estimating key parameters of the model. Men are overrepresented (61.7% of the 

respondents), as well as the 21-40 and 41-65 age groups (in total, 87.2% of the sample). 

Moreover, single-person households are underrepresented, while four-person households are 

overrepresented. Additionally, there is an overrepresentation of highly educated people (which is 

usual for computer-based data collections). Very wealthy people are underrepresented, while 

pensioners and housekeepers are overrepresented. Finally, there is an underrepresentation of 

households with one car and an overrepresentation of households with two cars. 

 

Variables Classes Value Percentages Dutch population 

Completed 

responses 

Finished the whole 

questionnaire 

459 72.3  

Stopped without 

completing it 

161 25.3  

Finished after the 

activity frequency 

questions 

15 2.4  

Gender Male 283 61.7 49.5 

Female 176 38.3 50.5 

Age 18-20 10 2.2  

21-40 184 40.1 24.5 

41-65 216 47.1 35.3 

66+ 49 10.7 17.4 

Household size 1 person 74 16.1 37 

2 persons 175 38.1 32.7 

3 persons 80 17.4 12.1 

4 persons 107 23.3 12.8 

5-7 persons 23 5 5.4 

Household 

composition 

Single, no children 74 16.1 37 

Single, with children 25 5.4 6.9 

Single, with 

(grand)parents 

24 5.2  
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Student house 3 0.7 

Couple, no children 162 35.3 28.5 

Couple, with children 171 37.3 27 

Youngest child age 0-12 130 67 53.5 

12-18 37 19.1 21.4 

18+ 27 13.9 25.2 

Education Primary education 4 0.9 29 

Secondary education 124 27.1 43 

Vocational education 268 58.4 28 

University degree 63 13.7 

Income (net) No income 25 5.4 0.4 

<625 32 7 13.1 

625-1250 77 16.8 20.5 

1251-1875 93 20.3 13.4 

1876-2500 90 19.6 14.4 

>2500 71 15.5 38.3 

Don’t know 71 15.5  

Main occupation Full time job 170 37 38.d 

Part time job 119 25.9 27.7 

Searching for a job 17 3.7 6 

Voluntary job 17 3.7 13.3 

Housekeeping 48 10.5 2.6 

Studying 22 4.8 9.2 

Pension 66 14.4 2.8 

Receiving travel 

allowance 

No 286 62.3 45 

Yes, full amount 107 23.3 37 

Yes, a percentage (0-

50%) 

37 8.1 18 

Yes, a percentage (51-

100%) 

29 6.3 

Work at home No 365 79.5 73 
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Yes 94 20.5 27 

Days working at 

home 

1 56 59.6 53.5 

2 16 17 31.4 

3 6 6.4 7 

4-7 16 17 8.1 

Number of cars 0 61 13.3 28.6 

1 232 50.5 71.4 

2 149 32.5 18.9 

>3 17 3.7 4.3 

Car availability Never 68 14.8  

Always 298 64.9  

In accordance with 

others 

93 20.3  

Train discount 

card 

No 358 78  

Free/Discount during 

non-rush hours and/or 

weekends 

50 10.9  

Always free/discount 21 4.6  

Special discount (age, 

student, company-

related, specific route) 

30 6.5  

Bus discount card No 355 77.3  

Discount card 84 18.3  

Always free 20 4.4  

Table 5.1: Sample descriptive statistics of socio-demographic characteristics. 

 

 Finally, as it is depicted in Figure 5.3 and Figure 5.4, most of the respondents live in 

highly dense residential areas. In most of the cases, the urban size ranges between 20000-100000 

inhabitants, while several respondents live in areas of more than 250000 inhabitants. 
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Figure 5.3: Urban size of the residential areas of the respondents. 

 

 

Figure 5.4: Urban density of the residential areas of the respondents. 

 

5.5 Summary and conclusions 

In this chapter, the design and application of a stated adaptation experiment was 

presented. Existing one-day or two-day activity-travel data, which are collected in standard 

surveys in many countries, could not suffice for the data collection needs of this study. A 

frequently used approach in most stated adaptation experiments consists of a two-stage 

methodology, in which first households are asked to report particular facets of their current 

behavior for a certain period of time and then in a second stage, choice experiments are 

constructed based on the information provided at the first stage. In contrast, in this thesis, an 

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

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

the concept of activity profiles. Hence, the respondent is asked to retrieve from memory his/her 
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current pattern of travel regarding the activity on which the questionnaire focuses. Second, the 

stated adaptation part detects the adaptation of the most frequently conducted activity profile, in 

response to the provided scenario. Third, it should be mentioned that this experiment does not 

aim at investigating the adaptations of individuals, when faced with specific types of policies 

(e.g. congestion pricing scenarios). Finally, the previous similar studies were not designed on the 

basis of a comprehensive framework of activity-travel behavior. Therefore, a new data collection 

system was designed, with spatial information support to collect data on repertoires of habitual 

activity-travel patterns, and data on short-term and long-term adaptations, triggered by 

dissatisfaction with current activity-travel patterns. It also has the capability to infer the 

procedural decision making process, as respondents will exhibit adaptive behavior, within a 

process of accumulated stress.  

The data collection was conducted online through a platform that was developed in the 

DDSS group at TU/e. The data was collected in Rotterdam and Eindhoven areas in November 

and December 2014, by sending the web link to a respondent panel of a research bureau in the 

Netherlands. The sample descriptive statistics indicate that the sample is not representative of the 

Dutch population in terms of sociodemographic characteristics. 
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6.1 Introduction 

This chapter22 includes some descriptive statistics about the basic concepts on which data 

were collected. First, the activity types on which the questionnaires have focused, are presented. 

Then, the unconditional and conditional aspirations for travel cost, travel time, parking 

availability, crowdedness in public transport vehicles and quality of public transport services are 

analyzed. Specifically, the differentiations between the unconditional and the conditional 

aspirations are reported, as well as the factors that affect these values. Furthermore, information 

about the activity profiles that have been acquired and their characteristics (corresponding travel 

times, travel costs, etc.) are presented. Additionally, the activity types and the activity attributes 

for which the respondents mentioned other possibilities beyond their current activity profiles, are 

reported. Finally, the stated adaptation responses and the adaptation strategies that the 

respondents developed during the last part of the questionnaire are presented. The chapter is 

completed with a summary of the descriptive analysis, while conclusions are also discussed. 

 

6.2 Activity types 

As it is explained in section 5.3.2, every questionnaire focused on one activity type. 

Taking into account the number of questionnaires focusing on each activity type, as well as the 

nature of these activities, the following groups have been considered during the data analysis:  

• Work: paid work, voluntary work, studying/going to school 

• Daily shopping 

• Non-daily shopping 

• Visiting friends/family 

• Visiting a sport center 

• Leisure: visiting a social club, visiting a bar/café/disco/restaurant, sport game 

watching, visiting a theatre/cinema/show/concert 

• Other: family members picking up/dropping off, visiting a healthcare center/pharmacy. 

Figure 6.1 includes a graph illustrating the number of questionnaires focusing on each activity 

type. It also contains information regarding the use of car and public transport per activity. 

                                                
22 This chapter is based on Psarra, I., Arentze, T. A. & Timmermans, H. J. P., 2015. Validating a 

model of short and long-term dynamics of activity-travel behavior: Descriptive analysis results. Eindhoven, 

BIVEC/GIBET Transport Research Day. 
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Finally, Table 6.1 includes information regarding the frequency of conducting each activity type 

at home. The activity type that is most frequently conducted at home is daily shopping. Non-

daily shopping has the highest percentage of “sometimes at home”, while leisure has the highest 

percentage of “never at home”. 

 

 

Figure 6.1: Questionnaires focusing on each activity type and corresponding use of car and 

public transport. 

 

Activity types Frequency Respondents Percentages 

Work  Sometimes 59 43.7 

Never 68 50.4 

Always 8 5.9 

Daily shopping Sometimes  24 19.4 

Never 76 61.3 

Always 24 19.4 

Non-daily shopping  Sometimes  33 66 

Never 14 28 

Always 3 6 

Leisure Sometimes  4 10.3 

Never 31 79.5 

Always 4 10.3 

Table 6.1: Frequency of conducting each activity type at home. 
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6.3 Aspiration values 

By asking how satisfied the respondent is with the current activity profiles and the 

corresponding outcomes (travel time, travel cost, etc.), the conditional aspiration values are 

gathered. Specifically, the “worst” experienced value with which the respondent is satisfied 

constitutes their conditional aspiration value. On the other hand, in the first part of the 

questionnaire, the respondent is asked to imagine his/her life out of the context of current long-

term situation, in order to respond to the questions about the unconditional aspiration values. 

Thus, (s)he is asked what would be a reasonable amount of travel time, cost, etc., during e.g. the 

commuting trip in general and not within the current context of long-term decisions (current 

residential area, number of cars in the household, etc.).  

Table 6.2 includes the modal category for conditional and unconditional aspiration 

values, for every activity type and every context-condition. Additionally, the percentages of the 

respondents who had equal conditional and unconditional aspirations, higher unconditional than 

conditional aspirations and vice versa have been calculated for every case. The highest of these 

three percentages is reported in the last column of Table 6.2. 

 

Attribute Activity Condition Modal category 

unconditional 

Modal category 

conditional 

Comparison 

Travel cost Work  2-3 euros 0-1 euros 54.3% 

Uncond.<Cond. 

Daily 

shopping 

 0-1 euros 0-1 euros 39% 

Uncond.<Cond. 

No-daily 

shopping 

 2-3 euros 2-3 euros 52.2% 

Uncond.<Cond. 

Visit 

friends 

 10-15 euros 0-1 euros 49.3% 

Uncond.<Cond. 

Sport  0-1 euros 

2-3 euros 

0-1 euros 51% 

Uncond.<Cond. 

Leisure  0-1 euros 0-1 euros 60% 

Uncond.<Cond. 

Other  0-1 euros 2-3 euros 45.2% 

Uncond.>Cond. 

Travel time Work Rush hour 26-30min. 11-15min. 52.6 

Uncond.<Cond. 

Non-rush 

hour 

26-30min. 11-15min. 54.3 

Uncond.>Cond. 

Weekend 26-30min. 16-20min. 53.1% 

Uncond.<Cond. 

Daily 

shopping 

Rush hour 9-10min. 9-10min. 63% 

Uncond.>Cond. 
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Non-rush 

hour 

9-10min. 9-10min. 66.7% 

Uncond.>Cond. 

Weekend 9-10min. 9-10min. 60.9% 

Uncond.>Cond. 

No-daily 

shopping 

Rush hour 26-30min. 26-30min. 80% 

Uncond.>Cond. 

Non-rush 

hour 

26-30min. 26-30min. 77.8% 

Uncond.>Cond. 

Weekend 26-30min. 26-30min. 59.4% 

Uncond.>Cond. 

Visit 

friends 

Rush hour 51-80min. 26-30min. 53.3% 

Uncond.>Cond. 

Non-rush 

hour 

51-80min. 51-80min. 50.9% 

Uncond.>Cond. 

Weekend 26-30min. 26-30min. 48.3% 

Uncond.>Cond. 

Sport 

center 

Rush hour 11-15min. 9-10min. 55.6% 

Uncond.<Cond. 

Non-rush 

hour 

9-10min. 9-10min. 65.9% 

Uncond.>Cond. 

Weekend 11-15min. 11-15min. 83.3% 

Uncond.>Cond. 

Leisure Rush hour 1-2min. 9-10min. 

41-50min. 

55.6% 

Uncond.>Cond. 

Non-rush 

hour 

1-2min. 5-6min. 

41-50min. 

61.9% 

Uncond.>Cond. 

Weekend 11-15min. 9-10min. 

51-80min. 

50% 

Uncond.<Cond. 

Other Rush hour 1-2min. 11-15min. 64.3% 

Uncond.>Cond. 

Non-rush 

hour 

11-15min. 11-15min. 45.5% 

Uncond.>Cond. 

Weekend 26-30min. 9-10min. 64.3% 

Uncond.<Cond. 

Parking 

availability 

Work Rush hour +3(parking always 

available) 

+3 66% 

Uncond.=Cond. 

Non-rush 

hour 

+3 +3 66.7% 

Uncond.=Cond. 

Weekend +3 +3 76% 

Uncond.=Cond. 

Daily 

shopping 

Rush hour +3 +3 85.7% 

Uncond.=Cond. 

Non-rush 

hour 

+3 +3 68.9% 

Uncond.=Cond. 

Weekend +3 +3 65.2% 

Uncond.=Cond. 

No-daily 

shopping 

Rush hour +1 (parking often 

available) 

+2 33.3% 

Uncond.=Cond. 
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Uncond.<Cond. 

Uncond.>Cond. 

Non-rush 

hour 

+1 +2 61.9% 

Uncond.=Cond. 

Weekend +1 +1 45.5% 

Uncond.>Cond. 

Visit 

friends 

Rush hour +1 +1  

+3 

36.4% 

Uncond.=Cond. 

Uncond.>Cond. 

Non-rush 

hour 

+3 +2 68.6% 

Uncond.=Cond. 

Weekend +3 +3 63.4% 

Uncond.=Cond. 

Sport 

center 

Rush hour +3 +3 40% 

Uncond.=Cond. 

Uncond.<Cond. 

Non-rush 

hour 

+3 +3 62.1% 

Uncond.=Cond. 

Weekend +3 +3 60% 

Uncond.=Cond. 

Leisure Rush hour +1 +3 80% 

Uncond.>Cond. 

Non-rush 

hour 

+2 +1 50% 

Uncond.=Cond. 

Weekend +3 +3 92.9% 

Uncond.=Cond. 

Other Rush hour +1 +1 57.1% 

Uncond.=Cond. 

Non-rush 

hour 

+3 +3 53.3% 

Uncond.=Cond. 

Weekend +1 +1 46.2% 

Uncond.=Cond. 

Crowdedness Work Rush hour +1 (moderately    

crowded) 

+1 57.9% 

Uncond.=Cond. 

Non-rush 

hour 

+1 +1 53.8% 

Uncond.=Cond. 

Weekend +3 (not at all 

crowded) 

+3 57.1% 

Uncond.=Cond. 

Daily 

shopping 

Rush hour    

Non-rush 

hour 

+2 -1 (very crowded) 66.7% 

Uncond.>Cond. 

Weekend 0 -2 50% 

Uncond.=Cond. 

Uncond.>Cond. 

No-daily 

shopping 

Rush hour 0 +3 100% 

Uncond.<Cond. 

Non-rush 

hour 

+1 +1 100% 

Uncond.=Cond. 

Weekend +1 +1 36.4%  

Uncond.=Cond. 
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Uncond.<Cond. 

Visit 

friends 

Rush hour -1 0 100% 

Uncond.<Cond. 

Non-rush 

hour 

+1 +1 35.7%  

Uncond.=Cond. 

Uncond.>Cond. 

Weekend +1 +1 41.7% 

Uncond.>Cond. 

Sport 

center 

Rush hour +1 0 50% 

Uncond.<Cond. 

Uncond.>Cond. 

Non-rush 

hour 

+1 0 100% 

Uncond.=Cond. 

Weekend +1 +1 100% 

Uncond.=Cond. 

Leisure Rush hour 0 +3 100% 

Uncond.<Cond. 

Non-rush 

hour 

+1 +1 66.7% 

Uncond.=Cond. 

Weekend +1 +1 40% 

Uncond.=Cond. 

Uncond.>Cond. 

Other Rush hour 0 +1 100% 

Uncond.=Cond. 

Non-rush 

hour 

+3 +1 100% 

Uncond.>Cond. 

Weekend    

Public 

transport 

quality 

Work  +1 (fair quality) +1 55.6% 

Uncond.=Cond. 

Daily 

shopping 

 0 0 50% 

Uncond.>Cond. 

No-daily 

shopping 

 +1 +1 55% 

Uncond.=Cond. 

Visit 

friends 

 +1 +1 64.3% 

Uncond.=Cond. 

Sport 

center 

 +1 +1 100% 

Uncond.=Cond. 

Leisure  +1 +1 80% 

Uncond.=Cond. 

Other  +1 0 100% 

Uncond.>Cond. 

Table 6.2: Comparative table of unconditional and conditional aspiration values. 

 

The descriptive analysis of the aspiration values of the respondents indicates that in most 

cases, the unconditional aspirations for travel cost are lower than the corresponding conditional 

aspirations (the “other” activity type is the only exception). This implies that for most of the 
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respondents, within their current situation, it is possible to travel with very low travel costs, even 

lower than what they would find acceptable in a hypothetical situation. This results in an increase 

of their conditional aspiration values. Additionally, it appears that for some activity types the 

respondents can potentially tolerate higher travel costs, while for others they hold high standards 

(within and also beyond their current situation). For instance, the mode of the unconditional 

aspirations for daily shopping is 0-1euros, while for visiting friends/family is 10-15euros (even 

though the mode of the conditional aspiration for this activity is 0-1euros). 

Bivariate analysis indicated that the unconditional aspirations for travel cost are 

significantly affected by the activity type (F ratio: 4.783, 6 df, P-value: 0.000), the gender (F 

ratio: 12.634, 1 df, P-value: 0.000) and the occupation of the respondent (F ratio: 2.244, 7 df, P-

value: 0.03). 

On the other hand, the unconditional aspirations for travel time are in most cases and 

most context-conditions higher than the corresponding conditional aspirations. This indicates that 

within their current situation, the respondents cannot reach the travel times that would keep them 

satisfied in general, resulting in a decrease of their conditional aspirations (so that these values 

become more realistic). Work (in rush hours and weekends), visiting a sport center (in rush 

hours), leisure (in weekends) and “other” activity type (in weekends) are the only cases where 

the respondents are better off within their current situation. Finally, it is interesting to see the 

differentiations of the aspiration values for travel time among the three context-conditions for the 

same activity type (for instance, leisure activity is a characteristic case). 

The unconditional aspirations for travel time are significantly influenced by the activity 

type23, gender, age, education, income and occupation of the respondent. Accordingly, the 

conditional aspirations for travel time are dependent on the activity type24, gender, occupation 

and urban density of the residential area of the respondent. 

                                                
23 Activity type (rush hour: F ratio: 20.584, 6 df, P-value: 0.000; non-rush hour: F ratio: 16.452, 6 df, 

P-value: 0.000 and weekends: F ratio: 19.693, 6 df, P-value: 0.000), gender (rush hour: F ratio: 8.204, 1 df, P-

value: 0.004; non-rush hour: F ratio: 12.717, 1 df, P-value: 0.000 and weekends: F ratio: 5.871, 1 df, P-value: 

0.016), age (rush hour: F ratio: 4.906, 3 df, P-value: 0.002), education (rush hour: F ratio: 2.646, 6 df, P-

value: 0.016), income (rush hour: F ratio: 3.392, 6 df, P-value: 0.003), occupation (rush hour: F ratio: 4.593, 

7 df, P-value: 0.000; non-rush hour: F ratio: 2.749, 7 df, P-value: 0.008 and weekend: F ratio: 2.143, 7 df, P-

value: 0.038). 

24 Activity type (weekdays and rush hour: F ratio: 3.449, 6 df and P-value: 0.003; weekdays and 

non-rush hour: F ratio: 3.836, 6 df and P-value: 0.001 and weekends: F ratio: 6.451, 6 df and P-value: 0.000), 
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The unconditional and conditional aspirations for parking, crowdedness in the vehicle of 

public transport and public transport quality are in most cases and context-conditions on the same 

levels. For parking availability, in most cases, the mode for conditional and unconditional 

aspirations is +3 (parking always available). However, it is interesting to see that for non-daily 

shopping, the aspiration values become lower (most probably because this activity type usually 

takes place in the city center).  

Since fewer respondents use public transport in comparison to those using car (Figure 

6.1), there are less responses regarding the aspiration values for crowdedness and quality of 

public transport services. In general, the aspirations for these two attributes are lower than the 

aspirations for parking availability. Additionally, it is interesting to see the differentiation 

between the context-conditions for almost all the activity types in terms of the aspirations for 

crowdedness. Especially for daily shopping, it seems that several respondents cannot achieve the 

desirable levels of crowdedness within their current situation. Finally, except daily shopping and 

the “other” activity type, the conditional and unconditional aspirations for the quality of public 

transport services are on similar levels. 

 According to the bivariate analysis, the unconditional aspirations about parking depend 

on the activity type25, gender, occupation, urban size and urban density of the residential area of 

the respondent. The conditional aspirations about parking depend on the activity type26, 

household composition and urban density of the residential area of the respondent. Additionally, 

the unconditional aspirations about crowdedness in public transport are significantly influenced 

by gender27 and education of the respondent, while occupation significantly affects the 

conditional aspiration for crowdedness in non-rush hour (F ratio: 2.361, 6 df, P-value: 0.041). 

                                                                                                                  
gender (weekends: F ratio: 4.273, 1 df and P-value: 0.04), occupation (non-rush hour: F ratio: 2.782, 7 df, P-

value: 0.008) and urban density of the residential area (non-rush hour: F ratio: 2.894, 5 df, P-value: 0.014). 

25 Activity type (rush hour: F ratio: 3.018, 6 df, P-value: 0.007; non-rush hour: F ratio: 6.270, 6 df, 

P-value: 0.000 and weekends: F ratio: 5.981, 6 df, P-value: 0.000), gender (non-rush hour: F ratio: 3.918, 1 

df, P-value: 0.049), occupation (weekends: F ratio: 2.149, 7 df, P-value: 0.039), urban size (rush hour: F 

ratio: 2.698, 5 df, P-value: 0.022; non-rush hour: F ratio: 2.563, 7 df, P-value: 0.014) and urban density of the 

residential area (weekends: F ratio: 3.153, 4 df, P-value: 0.015). 

26 Activity type (non-rush hour: F ratio: 3.294, 6 df, P-value: 0.004 and weekends: F ratio: 2.317, 6 

df, P-value: 0.036), household composition (rush hour: F ratio: 3.084, 5 df, P-value: 0.012) and urban density 

of the residential area (weekends: F ratio: 3.263, 5 df, P-value: 0.008). 

27
 Gender (non-rush hour: F ratio: 4.835, 1 df, P-value: 0.030) and education (rush hour: F ratio: 

6.788, 5 df, P-value: 0.000; non-rush hour: F ratio: 2.892, 5 df, P-value: 0.018). 
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Finally, the satisfaction levels for the activity attributes (destination and origin locations, 

start-times, transport modes and routes of the respondents’ activity profiles) are very high for all 

the activity types. Very few respondents have been dissatisfied with an activity attribute. 

However, in case a dissatisfaction is experienced, this is usually for several years.  

 

6.4 Activity profiles 

The second part of the questionnaire focused on the activity profiles acquisition. Table 

6.3 indicates the number of collected activity profiles that corresponds to each activity type. The 

activity type visiting friends/family has the highest mean number of activity profiles per 

respondent. Non-daily shopping has the maximum percentage of activity profiles where the 

destination location always varies (Table 6.4), while visiting a sport center has the minimum. 

The “other” activity type and daily shopping had the two highest percentages of activity profiles 

where the origin location always varies. Non-daily shopping had no activity profile with always 

varying origin location. Leisure and work activity types had the most activity profiles where 

home is the origin location, while “other” activity type has the fewest activity profiles with home 

as origin location (thus, dropping off/picking up and visiting a pharmacy/doctor are activity types 

which are usually part of trip chaining).  

 

Activity type Mean St. Deviation Min. Max. 

Work 3 2.77 1 20 

Daily shopping 4 2.88 1 18 

Non-daily shopping 4 5.61 1 39 

Visit friends/family 5 5.25 1 34 

Visit sport center 3 1.8 1 8 

Leisure 3 2.93 1 17 

Other 3 3.26 1 15 

Table 6.3: Number of activity profiles per activity type. 

 

As it can be observed in Figure 6.2, visiting friends/family, daily shopping and “other” 

activity types have a lot of activity profiles where the start-time always varies. Start-times 

between 0:00-6:30 and 6:30-9:00 are mostly included in the activity profiles of work activity. A 
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start-time between 9:00-16:00 is the most common option for daily and non-daily shopping, as 

well as for visiting friends/family. A start-time between 16:00-18:30 is used quite often for daily 

shopping and visiting friends/family. Finally, a start-time between 18:30-24:00 is quite common 

for sport center, leisure activities and visiting friends/family. According to the bivariate analysis, 

the start-time of an activity profile is dependent on the activity type28 of the activity profile, the 

gender of the respondent, the age, the household size, the household composition, the education 

level, the income, the occupation, the urban size and the urban density of the residential area. 

 

Activity type Destination: location 

always varies 

Origin: location always 

varies 

Origin: home 

Work 21% 4% 85.9% 

Daily shopping 29.1% 5.1% 78.7% 

Non-daily shopping 63.6% 0% 80.3% 

Visit friends/family 55.4% 2.2% 76.5% 

Visit sport center 17% 3.5% 81.6% 

Leisure 48.8% 2.5% 86.8% 

Other 38.5% 7.7% 69.2% 

Table 6.4: Destination and origin locations of activity profiles. 

 

As it can be seen in Figure 6.3, car is the most common transport mode for all the activity 

types. The second most common transport mode is bike, while walking is the third most common 

option for daily and non-daily shopping and for leisure activities. Multimodal trips are included 

in activity profiles of all the activity types. The transport mode of an activity profile is dependent 

on the activity type29 of the activity profile, the gender of the respondent, the age, the household 

                                                
28 Activity type (chi-square: 842.342, 30 df and P-value: 0.000), gender (chi-square: 26.419, 5 df and 

P-value: 0.000), age (chi-square: 123.033, 15 df and P-value: 0.000), household size (chi-square: 138.326, 25 

df and P-value: 0.000), household composition (chi-square: 140.564, 25 df and P-value: 0.000), education 

level (chi-square: 122.602, 30 df and P-value: 0.000), income (chi-square: 92.247, 30 df and P-value: 0.000), 

occupation (chi-square: 229.044, 35 df and P-value: 0.000), urban size (chi-square: 24.994, 15 df and P-

value: 0.05) and urban density (chi-square: 53.868, 20 df and P-value: 0.000). 

29 Activity type of the activity profile (chi-square: 231.883, 36 df and P-value: 0.000), gender (chi-

square: 31.379, 6 df and P-value: 0.000), age (chi-square: 75.046, 18 df and P-value: 0.000), household size 
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size, the household composition, the education level, the income, the occupation, the urban size 

and the urban density of the residential area. Finally, whether an activity profile is conducted on 

weekdays, weekends or both, depends on the activity type30 of the activity profile, the gender of 

the respondent, the age, the household size, the household composition, the education level, the 

income, the occupation, the urban size and the urban density of the residential area. 

 

 

Figure 6.2: Start-times of activity profiles. 

 

                                                                                                                  
(chi-square: 152.059, 30 df and P-value: 0.000), household composition (chi-square: 129.967, 30 df and P-

value: 0.000), education (chi-square: 91.459, 36 df and P-value: 0.000), income (chi-square: 117.511, 36 df 

and P-value: 0.000), occupation (chi-square: 153.696, 36 df and P-value: 0.000), urban size (chi-square: 

112.386, 18 df and P-value: 0.000) and urban density (chi-square: 152.459, 24 df and P-value: 0.000). 

30 The activity type (chi-square: 319.661, 12 df and P-value: 0.000), the gender (chi-square: 26.616, 

2 df and P-value: 0.000), the age (chi-square: 21.706, 6 df and P-value: 0.001), the household size (chi-

square: 21.874, 12 df and P-value: 0.039), the household composition (chi-square: 103.315, 10 df and P-

value: 0.000), the education (chi-square: 46.292, 12 df and P-value: 0.000), the income (chi-square: 104.748, 

12 df and P-value: 0.000), the occupation (chi-square: 81.473, 14 df and P-value: 0.000), the urban size (chi-

square: 37.926, 12 df and P-value: 0.000) and the urban density (chi-square: 62.603, 8 df and P-value: 0.000). 
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Figure 6.3: Transport modes of activity profiles. 

 

The travel times corresponding to most of the work activity profiles are 11-15 min and 

51-80 min, during rush hour. During the non-rush hour and the weekends, it is 11-15 min. The 

travel time of most daily shopping activity profiles is 5-6 min. For the non-daily shopping it is 

11-15 min on the weekdays and 26-30 min during the weekends. Thus, most probably during the 

weekends, further destinations are visited. For visiting friends/family, it is 51-80 min. For sport 

center visiting, it is 9-10 min on the weekdays and 11-15 min on the weekends. For leisure, it is 

9-10 min for rush hour and weekend and 5-6 min during non-rush hour. For “other” activities, it 

is 5-6 min for rush hour and 41-50 min for non-rush hour and weekends. The travel time of an 

activity profile depends on the activity type31, the gender of the respondent, the age, the 

                                                
31 Activity type: rush hour (F ratio: 10.92, 6 df and P-value: 0.000), non-rush hour (F ratio: 15.735, 6 

df and P-value: 0.000) and weekends (F ratio: 19.611, 6 df and P-value: 0.000). Gender: rush hour (F ratio: 

13.097, 1 df and P-value: 0.000) and non-rush hour (F ratio: 13.901, 1 df and P-value: 0.000). Age: non-rush 

hour (F ratio: 4.379, 3 df and P-value: 0.005) and weekends (F ratio: 8.060, 3 df and P-value: 0.000). 

Household size: rush hour (F ratio: 4.154, 6 df and P-value: 0.000), non-rush hour (F ratio: 3.945, 5 df and P-

value: 0.002) and weekends (F ratio: 5.213, 5 df and P-value: 0.000). Household composition: rush hour (F 
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household size, the household composition, the education level, the income, the occupation, the 

urban size and the urban density of the residential area.  

 

 

Figure 6.4: Travel costs (in euros) of the activity profiles. 

 

Most of the activity profiles of all the activity types correspond to a travel cost of 0-1 

euros (Figure 6.4). The travel cost of an activity profile depends on the activity type32, the 

                                                                                                                  
ratio: 5.075, 5 df and P-value: 0.000), non-rush hour (F ratio: 7.934, 5 df and P-value: 0.000) and weekends 

(F ratio: 8.733, 5 df and P-value: 0.000). Education: non-rush hour (F ratio: 2.265, 6 df and P-value: 0.035) 

and weekends (F ratio: 7.715, 6 df and P-value: 0.000). Income: rush hour (F ratio: 5.224, 6 df and P-value: 

0.000) and weekends (F ratio: 7.734, 6 df and P-value: 0.000). Occupation: rush hour (F ratio: 2.607, 6 df and 

P-value: 0.017), non-rush hour (F ratio: 13.133, 7 df and P-value: 0.000) and weekends (F ratio: 6.036, 7 df 

and P-value: 0.000). Urban size: non-rush hour (F ratio: 3.555, 6 df and P-value: 0.002) and weekends (F 

ratio: 3.43, 5 df and P-value: 0.005). Urban density: weekends (F ratio: 6.773, 4 df and P-value: 0.000). 

32 Activity type (F ratio: 10.43, 6 df and P-value: 0.000), household composition (F ratio: 8.179, 5 df 

and P-value: 0.000), education level (F ratio: 5.035, 6 df and P-value: 0.000), income (F ratio: 13.975, 6 df 

and P-value: 0.000), occupation (F ratio: 3.964, 7 df and P-value: 0.000), urban size (F ratio: 5.286, 6 df and 

P-value: 0.000) and urban density of the residential area (F ratio: 8.109, 4 df and P-value: 0.000). 
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household composition, the education level, the income, the occupation, the urban size and urban 

density of the residential area. 

The parking availability is in most activity profiles excellent (level 3: parking always 

available) for work, daily shopping, visiting friends/family, visiting a sport center and leisure 

activities. For non-daily shopping, parking availability usually equals to level 2 during the rush 

hours, level 3 during the non-rush hours and level 1 (parking often available) during the 

weekends. Finally, for the “other” activity type, most of the profiles correspond to parking level 

1 during the rush hours, to level 3 during the non-rush hours and to level 0 during the weekends. 

Parking availability depends on activity type33, gender, age, household size and composition, 

education level, income, occupation, urban size and urban density of the residential area. 

Most of the activity profiles of all the activity types correspond to a crowdedness level of 

1 (seats are often available) during rush hours. The only exceptions are non-daily shopping (level 

3: seats always available) and visiting a sport-center (level 0). During the non-rush hours, most 

of the activity profiles also correspond to a level 1 of crowdedness. Exceptions are daily 

shopping (-1: seats seldom available), non-daily shopping (level 2) and visiting a sport center 

(level 0). During the weekend, most of the activity profiles also correspond to a level 1 of 

crowdedness. Exceptions are work and daily shopping (level 3: seats always available). The 

crowdedness experienced when implementing an activity profile depends on activity type34, 

                                                
33 Activity type: rush hour (F ratio: 4.425, 6 df and P-value: 0.000), non-rush hour (F ratio: 5.503, 6 

df and P-value: 0.000) and weekends (F ratio: 10.915, 6 df and P-value: 0.000). Gender: weekends (F ratio: 

6.574, 1 df and P-value: 0.011). Age: non-rush hour (F ratio: 5.537, 3 df and P-value: 0.001). Household size: 

non-rush hour (F ratio: 3.136, 5 df and P-value: 0.009). Household composition: rush hour (F ratio: 4.133, 5 

df and P-value: 0.001) and non-rush hour (F ratio: 4.429, 4 df and P-value: 0.002). Education: rush hour (F 

ratio: 6.12, 5 df and P-value: 0.000) and weekends (F ratio: 3.883, 6 df and P-value: 0.001). Income: rush 

hours (F ratio: 3.307, 6 df and P-value: 0.004), non-rush hours (F ratio: 4.759, 6 df and P-value: 0.000) and 

weekends (F ratio: 5.468, 6 df and P-value: 0.000). Occupation: non-rush hour (F ratio: 3.020, 7 df and P-

value: 0.004) and weekends (F ratio: 3.562, 7 df and P-value: 0.001). Urban size: rush hours (F ratio: 3.894, 5 

df and P-value: 0.002) and weekends (F ratio: 3.079, 5 df and P-value: 0.01). Urban density: rush hours (F 

ratio: 3.844, 4 df and P-value: 0.005), non-rush hours (F ratio: 6.345, 4 df and P-value: 0.000) and weekends 

(F ratio: 10.329, 4 df and P-value: 0.000). 

34 Activity type: non-rush hour (F ratio: 4.253, 6 df and P-value: 0.001) and weekends (F ratio: 

8.163, 6 df and P-value: 0.000). Gender: rush hour (F ratio: 5.981, 1 df and P-value: 0.016). Age: weekends 

(F ratio: 4.976, 3 df and P-value: 0.003). Household size: weekends (F ratio: 3.889, 4 df and P-value: 0.006). 

Household composition: rush hour (F ratio: 3.035, 4 df and P-value: 0.026) and weekends (F ratio: 3.026, 5 
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gender, age, household size, household composition, education level, income, occupation, urban 

size and urban density of the residential area of the respondent. 

Most of the activity profiles of all the activity types correspond to a good quality of 

public transport. The only exception is daily shopping, where most of the activity profiles 

correspond to a 0 level of public transport quality. The quality of public transport service, 

corresponding to an activity profile, depends on the activity type (F ratio: 5.043, 6 df and P-

value: 0.000), the household size (F ratio: 3.863, 5 df and P-value: 0.002), the education level (F 

ratio: 2.4, 5 df and P-value: 0.038), the income (F ratio: 4.869, 6 df and P-value: 0.000) and the 

occupation of the respondent (F ratio: 4.217, 6 df and P-value: 0.001). 

 

6.5 Other possibilities 

After the activity profiles acquisition process, the respondents were asked to report any 

other possibilities they see beyond their current choices, regarding the destination and origin 

location, the start-time, the day of the week, the transport mode and the route they can follow for 

a particular activity type (see also section 5.3.2.2). In a total of 459 respondents, 315 (69%) did 

not mention any other possibilities. In total, 237 cases of other possibilities have been mentioned. 

Figure 6.5 includes information regarding the activity types and attributes for which another 

possibility was mentioned. As it can be seen, most of the other possibilities were reported for 

work activity type and daily shopping. Moreover, transport mode is the activity attribute for 

which the respondents reported most of the other possibilities they are aware of (37.6%). 

Specifically, the options that have been mostly mentioned as alternatives of the transport mode(s) 

they currently use are: bike (20.2% of the cases) and walk (16.9% of the cases). 

 

                                                                                                                  
df and P-value: 0.015). Education: rush hours (F ratio: 2.98, 5 df and P-value: 0.021), non-rush hours (F ratio: 

4.306, 5 df and P-value: 0.001) and weekends (F ratio: 9.87, 4 df and P-value: 0.000). Income: rush hour (F 

ratio: 3.827, 6 df and P-value: 0.004), non-rush hour (F ratio: 4.49, 5 df and P-value: 0.001) and weekend (F 

ratio: 3.197, 6 df and P-value: 0.007). Occupation: non-rush hour (F ratio: 2.814, 6 df and P-value: 0.000) 

and weekends (F ratio: 4.699, 6 df and P-value: 0.000). Urban size: weekends (F ratio: 6.702, 5 df and P-

value: 0.000). Urban density: weekends (F ratio: 9.161, 3 df and P-value: 0.000). 
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Figure 6.5: Activity types and attributes for which another possibility is mentioned. 

 

6.6 Stated adaptation responses 

The last part of the questionnaire focuses on a hypothetical situation, which is formulated 

according to the information that has been collected in the previous parts of the questionnaire.  

The respondent makes a mental representation of the hypothetical decision problem by 

processing the provided information and indicates whether and how (s)he would adapt his/her 

current activity-travel repertoire. Specifically, the presented scenario focuses on the deterioration 

of one of the following scenario attributes: travel cost, travel time, parking availability, 

crowdedness in public transport or quality of public transport availability. A specific algorithm 

calculates which of these attributes is the most suitable for every respondent and, based on the 

conditional aspiration value, it also calculates the hypothetical deteriorated value of this scenario 

attribute (see section 5.3.2.3). Table 6.5 indicates the number of questionnaires focusing on each 

scenario attribute. 

 

Activity attribute Cases Percentage 

travel time 271 59.0 

travel cost 80 17.4 

parking 79 17.2 

crowdedness 16 3.5 

public transport quality 13 2.8 

Table 6.5: Questionnaires focusing on each scenario attribute. 
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Depending on their decision to select a long-term change, each respondent may be 

presented with one to four scenario phases of increasing stress. 73.2% of the respondents reached 

the fourth phase. According to the bivariate analysis, the scenario attribute significantly affects 

until which of these four scenario phases the respondents will arrive (chi-square: 26.362, 9 df, P-

value: 0.002).  

The possible adaptation strategies that the respondents have followed during this stated 

adaptation experiment are illustrated in Figure 6.6. As it can be noticed, usually there is a gradual 

transition from changing nothing to a short-term change and then, sometimes, to a long-term 

change. In line with the theoretical framework of this study, only in very few cases a long-term 

change has been directly decided (long-term change in the first phase of the experiment, or first 

changing nothing and then directly conducting a long-term change). The respondents have been 

mostly reluctant to conduct any adaptation for the activities: going to work and visiting 

friends/family. First changing nothing and then deciding a short-term change, is the most 

frequent strategy for daily shopping, visiting a sport center and leisure activities. Finally, first a 

short and then a long-term change is the most frequent strategy for non-daily shopping. 

 

 

Figure 6.6: Adaptation strategies per activity type. 
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The activity type (chi-square: 60.582, 24 df, P-value: 0.000), the scenario attribute (chi-

square: 26.334, 12 df, P-value: 0.010), the age (chi-square: 22.922, 12 df, P-value: 0.028) and the 

occupation of the respondent (chi-square: 28.489, 16 df, P-value: 0.028) significantly affect 

which will be the adaptation strategy followed by him/her.  

As it is indicated in Figure 6.7, most of the short-term adaptations are exploitations of the 

existing choice set, for all the activity types. Most of the reported explorations concern the 

activity types: visiting a sport center, daily and non-daily shopping and leisure. Finally, most of 

the long-term changes are decided for work activity.  

The specific type of an adaptation (exploitation, exploration or long-term change) is 

dependent on the activity type (chi-square: 30.349, 12 df, P-value: 0.002), the scenario phase 

(chi-square: 16.222, 6 df, P-value: 0.013), the scenario attribute (chi-square: 35.170, 6 df, P-

value: 0.000) and the occupation of the respondent (chi-square: 29.996, 14 df, P-value: 0.008). 

 

 

Figure 6.7: Frequency of conducting an exploitation, an exploration or a long-term change (per 

activity type). 

 

Figure 6.8 depicts on which activity attributes the reported short-term changes focus. 

Specifically, it is indicated that short-term changes focusing on the destination of the most 
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mostly decided for the activities going to work, leisure and visiting friends/family. Additionally, 

changing the transport mode and/or the route of the most frequent activity profile are the most 

frequent adaptation decisions for almost all the activity types. Finally, short-term changes 

focusing on the origin location of the most frequent activity profile or the frequency of the other 

activity profiles are very rare. 

 

 

Figure 6.8: Activity attributes adapted, when a short-term change is decided. 

 

The choice of the attribute that will be adapted, depends on the scenario phase35. As it can 

be noticed in Figure 6.9, during the accumulated stress process, the respondents tend to change 

the frequency of the scenario activity profile more often, while other short-term changes, such as 

changing the route or the start-time are decided mostly in the first phase of the adaptation part. 

Additionally, the choice of the attribute to be adapted is also dependent on the scenario attribute, 

                                                
35 Scenario phase (chi-square: 44.483, 21 df, P-value: 0.002), the scenario attribute (chi-square: 

205.315, 21 df and P-value: 0.000). the activity type (chi-square: 162.091, 42 df, P-value: 0.000), the age 

(chi-square: 33.815, 18 df, P-value: 0.013), household size (chi-square: 42.389, 28 df, P-value: 0.04), 

household composition (chi-square: 55.062, 30 df, P-value: 0.003), education (chi-square: 66.067, 36 df, P-

value: 0.002), income (chi-square: 91.368, 42 df, P-value: 0.000), occupation (chi-square: 57.539, 36 df and 

P-value: 0.013) and urban density of the residential area of the respondent (chi-square: 53.843, 24 df and P-

value: 0.000). 
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the activity type, the age, household size, household composition, education, income, occupation 

and urban density of the residential area of the respondent. 

Finally, Figure 6.10 and Figure 6.11 illustrate the long-term adaptations of the 

respondents. Changing home location is not often decided. When this type of long-term change is 

related to work activity type, it is mostly decided to move closer to work location. However, 

changing the work location (closer to home location) is the most frequent long-term decision for 

work activity type. Changing transport mode availability is the most frequent long-term decision 

for all the activity types, except of going to work and sport center. Buying a moped or an OV-

card are the most common decisions of that type. Lastly, adapting the working hours is the most 

frequent option for visiting a sport center activity type. 

 

 

Figure 6.9: Short-term choices made during the four scenario phases (travel time scenario). 
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Figure 6.10: Long-term adaptations per activity type. 

 

 

Figure 6.11: Specific adaptations when a long-term change is decided. 
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6.7 Summary and conclusions 

In this paper, the descriptive analysis of data collected with a stated adaptation 

experiment was presented. First, there is a reference to the activity types on which the 

questionnaires focused. Then, the differentiations between the unconditional and the conditional 

aspiration values were reported. It was interesting to see that the activity attribute on which an 

aspiration value focuses, the activity type, the context-condition, as well as various socio-

demographic characteristics can influence these two types of aspirations. In most of the cases, the 

unconditional aspirations for travel cost are lower than the conditional ones. On the other hand, 

the unconditional aspirations for travel cost are higher than the conditional ones. This implies 

that in most of the cases, the respondents had the possibility to get even better travel costs than 

they could tolerate. In contrast, the conditional aspirations for travel time have been lowered, 

since they could not meet their unconditional aspirations, within their current situation. Finally, 

for parking, crowdedness in public transport and quality of public transport services, the 

unconditional and conditional aspirations are on the same level, in most of the cases. Based on 

these results, in a simulation of the dynamic model that was developed in this study, it is possible 

to synthesize the aspiration values according to the sociodemographic characteristics of the 

agents. 

Furthermore, the analysis of the adaptations of the respondents to the hypothetical 

scenario and their reactions to the process of accumulated stress that was generated by the 

questionnaire, indicates that the respondents tend to stick to habitual behavior. Additionally, 

when they decide to change something in their activity-travel patterns, in most of the cases they 

first try a short-term change and gradually they start considering some long-term change (if any). 

These findings are in line with the theoretical assumptions of gradual adaptation, underlying the 

proposed model of dynamic activity-travel behavior. Finally, it was found that the activity type 

and attribute on which the scenario focuses, the phase of the questionnaire (which is related to 

the level of stress), as well as various socio-demographic variables affect the adaptation strategy 

that a respondent will follow. Thus, the type of the short-term changes (exploitation or 

exploration), the activity attribute(s) that will be adapted and the type of the long-term changes 

depend on these factors, as well.  

Summing up, this chapter includes some interesting univariate and bivariate analysis 

results, focusing on concepts that play a significant role on the dynamics of activity-travel 

behavior and which constitute innovative parts of this web-based questionnaire, as well. 
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7.1 Introduction 

This chapter includes the models estimated based on the collected empirical data, which 

focus on the short and long-term adaptations of the respondents. First, three random coefficient 

logit (binary) models have been estimated, indicating whether a short-term change is decided or 

not under a travel time, a travel cost and a parking availability scenario, respectively. Second, 

three random parameters (mixed) logit models (one for every scenario case) are presented, 

indicating which specific activity attribute is adjusted, given that a short-term adaptation takes 

place. Third, one random coefficient logit and two binary logit models follow, indicating whether 

an exploitation of the existing choice set or an exploration effort occurs, when it has been 

decided to adapt an activity attribute. The current opportunities for destination, origin, transport 

mode and route are actually the exploitation options and are determined by adding the number of 

the other possibilities the respondents had reported and the number of the corresponding activity 

facets included in their activity profiles. Finally, three random coefficient logit (binary) models 

have been estimated (one for every scenario case), indicating whether a long-term change is 

decided or not, as well as a multinomial logit model indicating which is the specific type of long-

term change that is selected under the travel time scenario. The reason that the estimated models 

focus only on travel time, travel cost and parking scenarios is that very few questionnaires 

focused on the crowdedness and the quality of public transport services scenarios (see also 

section 6.6). 

 

 

Figure 7.1: Overview of the estimated logit models. 

 

Several types of explanatory variables are considered in the model specifications, which 

are (1) scenario-activity-profile-specific variables (activity type, short and long-term stress, 

destination, origin location, start-time, transport mode, weekday/weekend of the scenario activity 



Short and Long-Term Adaptations 

163 

 

profile), (2) choice-set-specific variables (number of other opportunities -beyond the scenario 

activity profile option- for destination, origin location, transport mode and route) and (3) 

individual-specific variables (gender, age, household size, household composition, youngest 

child age, education, income, occupation, travel allowance, working at home, number of 

household cars, car availability, train card possession, bus card possession, urban size and urban 

density of the residential area).  

Short-term stress is calculated based on the difference between the X value of the scenario 

(see section 5.3.2.3) and the relevant (in terms of activity type and context-condition) conditional 

aspiration of the respondent. Long-term stress is only used as an indicator variable in the models 

focusing on the long-term adaptations and it is calculated based on the difference between the X 

value of the scenario and the relevant unconditional aspiration of the respondent. The stress 

variables and the choice set-specific variables are used as continuous variables. The rest of the 

explanatory variables are effect coded. First, a CHAID (CHI-squared Automatic Interaction 

Detection) analysis is conducted, taking into account all the above-mentioned variables, in order 

to identify and pre-select the potentially relevant (influential) variables and the relevant variable 

levels for every model. In this way, parsimony models can be developed. Then, the model 

estimates are obtained by using the econometric and statistical software NLOGIT version 5.0 

(Hensher, et al., 2005). 

This chapter presents the above-mentioned estimated models of short and long-term 

adaptations of activity-travel behavior. In the end of the chapter, the presented results are 

summarized and conclusions are drawn. 

 

7.2 Short-term adaptations 

7.2.1 Deciding a short-term change 

The three following models correspond to the three scenarios and focus on the binary 

decision of conducting a short-term adaptation or not. For the reason that the respondents reacted 

to the same scenario more than one time (four times in most of the cases), random coefficient 

logit (binary) models are used to analyze this binary decision. Specifically, normal distribution is 

used for all the explanatory variables, apart from short-term stress. For this variable, a 

constrained distribution (triangular) is used, given the important role that short-term stress plays 

in the dynamic model, as well as the fact that it cannot have a negative sign in these three binary 
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models. The opportunities for destinations, origin locations, modes and routes have been 

included in the equation of the “no short-term choice” option.  

The utility functions for the two options (yes or no short-term choice) are the following: 

Utility of not conducting a short-term change: 

Uno_change = γ1Υ1+γ2Υ2+..+ε1 (where: Y are the opportunities variables and ε1 the observation-

specific error term) 

Utility of conducting a short-term change: 

Uchange = constant+β*stress+α1Ζ1+α2Ζ2+...+ε1+ε2 (where: Ζ the rest of explanatory variables, ε1 

the observation-specific error term and ε2 the individual-specific error term capturing the choice 

heterogeneity on the individual level for the constant). 

All the parameters have been treated as random parameters. 

 

7.2.1.1 Travel time scenario 

Based on the CHAID analysis, the following explanatory variables are considered: short-

term stress, activity type and start-time of the scenario activity profile, education, occupation, 

urban density of the residential area of the respondent and the number of opportunities for the 

destination, origin, transport mode and route. The estimation results of the random coefficient 

logit model are shown in Table 7.1 (1000 Halton draws were used36). The model has a McFadden 

Pseudo R-squared of 0.213, indicating a satisfactory model fit. The corresponding binary logit 

model with fixed-point estimates has a McFadden Pseudo R-squared of 0.086. Thus, the 

heterogeneity of the respondents plays a significant role in the decision to conduct a short-term 

change or not. 

As it can be seen in Table 7.1, the constant is significant and its sign is negative. This 

implies that the respondents are to some extent reluctant to conduct a short-term change and their 

behavior is characterized by inertia. This is in line with the theoretical assumption of this study. 

The constant was treated as a random variable (as all the explanatory variables), but for the 

reason that the standard deviation was not significant, it is not included in Table 7.1. 

Additionally, short-term stress is also significant and with a positive sign. Thus, when stress 

                                                
36 All the random coefficient logit models presented in this chapter have been estimated with 500 

Halton draws, as well. The same estimates have been generated, which indicates that the models are stable. 
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increases, the respondents have a higher probability to decide a short-term change, which is also 

in line with what would be expected. Heterogeneity of stress is significant, as well. 

Moreover, the activity type of the scenario activity profile is also significant for this 

binary choice. Specifically, when the activity type is work, visiting friends/family or visiting a 

sport center, the probability that a short-term change is decided is significantly lower than in the 

case of daily/non-daily shopping, leisure or “other” activity type. This can be explained by the 

fact that these activities are usually more flexible in terms of start-time, destination location 

and/or transport mode. 

Furthermore, when the residential area of the respondent is completely or very urbanized, 

there is a higher probability that they conduct a short-term change, than in the case of 

moderately, poorly or not at all urbanized residential areas. Most probably, that is because more 

urbanized areas offer more alternative options in terms of transport modes, destination locations, 

routes, etc.. Additionally, when the education level is low (primary/secondary level), there is a 

lower chance to conduct a short-term change (in comparison to somebody who has a university 

degree). This can be explained by the fact that more educated people may have more available 

options and it is easier for them to deviate from their habitual state. Moreover, it should be 

mentioned that the heterogeneity in the two education levels that have been considered in the 

analysis is also significant. 

In addition, when the start-time of the activity type usually varies, there is a lower chance 

to decide a short-term change. The reason can be that since there is not a stable start-time, the 

respondent cannot control the start-time and most probably other activity attributes, such as the 

transport mode or the origin and destination location, as well. Thus, it is more difficult to select a 

short-term change. 

Finally, it is interesting to see that the more opportunities for routes the respondents have, 

the higher the possibility that they conduct a short-term change (the opportunities for routes have 

been included in the equation of the “no short-term choice” option). That is in line with the 

researcher’s expectations, since when the choice set is bigger, it is expected that more easily a 

short-term change is decided.  

 

Variables Coefficient P-value 

Random parameters 
Short-term stress .04285*** .0023 

Education 

(base: University level) 

Primary/secondary level -.85879** .0237 
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Middle/high professional education (beroepsonderwijs) .58177* .0908 

Opportunities routes -.39120* .0909 

Nonrandom parameters 

Constant -1.48433*** .0083 

Activity type 

(base: Daily/non-daily shopping, leisure, “other”) 

Work, visit friend, sport center -.61993*** .0060 

Occupation 

(base: Part time, voluntary) 

Full time, studying, job searching, housekeeping, pensioner -.39402* .0975 

Urban density 

(base: Moderately/poorly/not at all urbanized) 

Completely/very urbanized .49865** .0205 

Opportunities destinations -.12408 .6816 

Opportunities origins -.22198 .5746 

Opportunities transport modes -.36785 .1095 

Start-time 

(base: 18:30-24:00) 

It can be any start-time -1.01748** .0285 

0:00-6:30, 6:30-9:00, 9:00-16:00 -.31346 .3340 

16:00-18:30 -.02602 .9596 

St. deviations (normal distr.) 
Short-term stress (triangular distr.) .04285*** .0023 

Education 

(base: University level) 

Primary/secondary level 2.44835*** .0000 

Middle/high professional education (beroepsonderwijs) 2.25732*** .0000 

Opportunities routes .56007 .1031 

Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

919 

18 

-501.06 

-637.0 

271.89 

0.213 

0.208 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.1: Estimation result for the short-term adaptation decision (travel time scenario). 

 

7.2.1.2 Travel cost scenario 

Based on the CHAID analysis, the following explanatory variables are considered: short-

term stress, education level of the respondent, destination of the scenario activity profile and 

opportunities for destination, origin, mode and route. The estimation results of the random 

coefficient logit model are shown in Table 7.2 (1000 Halton draws were used). The model has a 

McFadden Pseudo R-squared of 0.242, indicating a satisfactory model fit. The corresponding 

binary logit model with fixed-point estimates has a McFadden Pseudo R-squared of 0.137. Thus, 
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the heterogeneity of the respondents plays a significant role in the decision to conduct a short-

term change or not, also for the travel cost scenario. 

As it can be seen in Table 7.2, the constant sign is negative, the short-term stress is 

positive and they are both significant (similar to the travel time scenario case). Additionally, the 

standard deviations of the constant and short-term stress are significant. Finally, the more 

opportunities for origin locations the respondents have, the higher the possibility that they 

conduct a short-term change (the opportunities for origin locations have been included in the 

equation of the “no short-term choice” option). That is in line with the researcher’s expectations, 

because when an individual has more origin location options, (s)he can more easily adjust the 

habitual activity-travel patterns. For instance, (s)he can lower the travel cost via trip chaining 

solutions. 

 

Variables Coefficient P-value 

Random parameters 
Constant -3.74997*** .0004 

Short-term stress .56995** .0141 

Opportunities transport modes -.59054 -1.28 

Nonrandom parameters 

Education 

(base: Secondary and high level) 

Primary level -.65394 .1856 

Opportunities destinations -.14453 .8465 

Opportunities origins -1.70017** .0339 

Opportunities routes .30074 .4027 

Destination 

(base: Specific location) 

It can be any location -.53600 .2113 

St. deviations (normal distr.) 
Constant 2.47363*** .0035 

Short-term stress (triangular distr.) .56995** .0141 

Opportunities transport modes .60413 .7034 

Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

270 

11 

-141.8 

-187.15 

90.7 

0.242 

0.232 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.2: Estimation result for the short-term adaptation decision (travel cost scenario). 
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7.2.1.3 Parking availability scenario 

Based on the CHAID analysis, the following explanatory variables are considered: short-

term stress, age and household composition of the respondent and opportunities for destination, 

origin, mode and route. The estimation results of the random coefficient logit model are shown in 

Table 7.3 (1000 Halton draws were used). The model has a McFadden Pseudo R-squared of 

0.355, indicating a satisfactory model fit. The corresponding binary logit model with fixed-point 

parameters has a McFadden Pseudo R-squared of 0.259. Thus, the heterogeneity of the 

respondents plays a significant role in the decision to conduct a short-term change or not, also for 

the parking availability scenario. 

As it can be seen in Table 7.3, the constant sign is negative, the short-term stress sign is 

positive and they are both significant (similar to the travel time and travel cost scenario cases). 

The standard deviations of the constant and short-term stress are significant. Furthermore, 

respondents who are single without children or living at their parents’ home or with a partner and 

children have a significantly lower probability to conduct a short-term change, in comparison 

with those who are single with children or who have a partner but no children. Finally, when 

there are more opportunities for transport modes (this variable has been included in the equation 

of the “no short-term choice” option), there is a higher probability that a short-term change is 

decided. This is in line with the researcher’s expectations, because it implies that when a 

respondent has more transport mode options, (s)he can easily switch from car to one of the other 

mode alternatives and reduce the dissatisfaction stemming from low parking availability. 

 

Variables Coefficient P-value 

Random parameters 
Constant -5.25654*** .0000 

Short-term stress .95636*** .0000 

Opportunities destinations -.26002 .6546 

Nonrandom parameters 

Age 

(base: 41+ years) 

18-40 years .10697 .7584 

Household composition 

(base: Single with children, couple without children) 

Single, couple with children, parents home -.73658** .0476 

Opportunities origins -.77349 .2752 

Opportunities transport modes -1.52659*** .0005 

Opportunities routes -.22458 .6002 

St. deviations (normal distr.) 
Constant 1.76451*** .0006 

Short-term stress (triangular distr.) .95636*** .0000 

Opportunities destinations 1.14156* .0685 
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Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

291 

11 

-130.21 

-201.71 

142.99 

0.355 

0.346 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.3: Estimation result for the short-term adaptation decision (parking scenario). 

 

7.2.2 Activity attributes to be adapted 

The three random parameters (mixed) logit models presented in this section focus on the 

short-term changes of the respondents. Specifically, given a respondent who has indicated that 

(s)he decides to conduct a short-term change, (s)he is asked to indicate which is the activity 

attribute that (s)he would adapt. (S)he can select among the following options: changing the 

destination location, the origin location, the start-time, the transport mode, the route or the 

frequency of the scenario activity profile.  

• The utility functions for the travel time and travel cost scenarios are: 

Utility of changing the frequency of the habitual activity profile: 

Uchange_frequency = 0 

Utility of changing another attribute of the habitual activity profile: 

Uchange_other_attribute = constant+β*stress+α1Ζ1+α2Ζ2+...+ε1+ε2 (where: Ζ the explanatory variables, 

ε1 the observation-specific error term and ε2 the individual-specific error term capturing the 

choice heterogeneity on the individual level for the constant).  

• The utility functions for the parking availability scenario are: 

Utility of changing the transport mode of the habitual activity profile: 

Uchange_mode = 0 

Utility of changing another attribute of the habitual activity profile: 

Uchange_other_attribute = constant+β*stress+α1Ζ1+α2Ζ2+...+ε1+ε2 (where: Ζ the explanatory variables, 

ε1 the observation-specific error term and ε2 the individual-specific error term capturing the 

choice heterogeneity on the individual level for the constant).  

All the parameters have been treated as random parameters. The analysis results for the travel 

time, travel cost and parking scenario follow. 
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7.2.2.1 Travel time scenario 

For the travel time scenario case, the following choices are considered: changing the 

destination or the origin location, changing the start-time, changing the transport mode and 

changing the route of the scenario activity profile. The option of changing the frequency of the 

scenario activity profile is used as the reference option. The destination and origin location 

options have been merged due to the limited number of respondents who decided to change the 

origin location of the scenario activity profile. Based on the CHAID analysis, the following 

explanatory variables are considered: short-term stress and car availability of the respondent, 

activity type and transport mode of the scenario activity profile, as well as whether it is 

conducted on weekdays or weekends and finally, the number of opportunities for destination, 

origin, mode and route.  

The estimation results of the random coefficient logit model are shown in Table 7.4 (1000 

Halton draws were used). The natural logarithm (ln) of the short-term stress value is used, as it 

results in a better model fit. The alternative specific constants and stress parameters were 

included as random parameters. Specifically, the model has a McFadden Pseudo R-squared of 

0.292, indicating a satisfactory model fit. The corresponding multinomial logit model has a 

McFadden Pseudo R-squared of 0.178. Thus, the heterogeneity of the respondents plays a 

significant role in the decision of which activity attribute needs to be adapted. 

As it can be seen in Table 7.4, the constant signs of the options changing the start-time, 

changing the transport mode and changing the route are significant and positive. The changing 

the frequency option is the base. This implies that the respondents tend to opt for start-time, 

transport mode or route changes in comparison to changing the frequency of the scenario activity 

profile. Finally, the heterogeneity of the constant value of the changing route option is 

significant. The logarithmic effect of short-term stress is significant for the changing start-time 

and changing route options. The standard deviations of all the stress parameters are significant. 

When the activity type of the scenario activity profile is work, leisure or “other”, it is 

more probable that the start-time will be adapted (than the frequency). On the other hand, when 

the activity type of the habitual activity profile is daily shopping or visiting a sport center, it is 

less probable that the start-time will be adapted (than the frequency). These results are in 

comparison with the non-daily shopping and visiting friends/family activity types (reference 

cases). 

Finally, when the transport mode is car (driver or passenger) or motorcycle, the 

probability of changing the transport mode or the route is lower than changing the frequency of 
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the habitual activity profile. On the other hand, when the transport mode is walk, bus, tram, 

metro or train (distinct options), the probability of changing the transport mode is higher than 

changing the frequency of the habitual activity profile. 

 

Variables Coefficient P-value 

Random parameters 
Destination and origin  Constant -7.56915 .1103 

ln(short-term stress) .54942 .5099 

Start-time Constant 4.90699*** .0003 

ln(short-term stress) -2.19451*** .0003 

Transport mode Constant 2.50090*** .0091 

ln(short-term stress) -.55630* .0936 

Route Constant 3.73015*** .0002 

ln(short-term stress) -1.15509*** .0015 

Nonrandom parameters 

Destination and origin 

Activity type 

(base: Non daily shopping, visiting friends/family) 

Work, leisure, “other” -1.41021 .4016 

Daily shopping, visiting a sport center 4.50356* .0551 

Car availability 

(base: Always or in accordance with others) 

Car never available 2.54819 .1122 

Transport mode of the scenario profile 

(base: Bike, moped, taxi, multimodal) 

Walk, bus, tram, metro, train 2.46260 .1078 

Car (driver or passenger), motorcycle .61719 .6148 

Day of the scenario activity profile 

(base: Weekend) 

Weekday .74694 .4466 

Opportunities destinations -.61352 .5613 

Opportunities transport modes .72486 .4144 

Opportunities routes -.88640 .2767 

Start-time 

Activity type 

(base: Non daily shopping, visiting friends/family) 

Work, leisure, “other” 2.90581*** .0001 

Daily shopping, visiting a sport center -1.27193** .0185 

Transport mode of the scenario profile 

(base: Bike, moped, taxi, multimodal) 

Walk, bus, tram, metro, train -.50884 .5075 

Car (driver or passenger), motorcycle 1.13604* .0850 

Day of the scenario activity profile 

(base: Weekend) 

Weekday -.33857 .4056 

Opportunities transport modes -.14227 .6822 

Transport mode 

Activity type 

(base: Non daily shopping, visiting friends/family) 

Work, leisure, “other” .53982 .2647 

Daily shopping, visiting a sport center -.32709 .4419 

Transport mode of the scenario profile 

(base: Bike, moped, taxi, multimodal) 

Walk, bus, tram, metro, train 1.28318** .0368 
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Car (driver or passenger), motorcycle -1.42978** .0114 

 

Route 

Transport mode of the scenario profile 

(base: Bike, moped, taxi, multimodal) 

Walk, bus, tram, metro, train -.09574 .8823 

Car (driver or passenger), motorcycle -1.28832** .0143 

St. deviations (normal distr.) 
Destination and origin  Constant 3.88747* .0691 

ln(short-term stress) 2.55917** .0229 

Start-time Constant .78075 .6393 

ln(short-term stress) 1.12495*** .0002 

Transport mode Constant .95221 .4570 

ln(short-term stress) .92132*** .0002 

Route Constant 2.43952*** .0004 

ln(short-term stress) .62828*** .0050 

 Number of observations:            

Number of parameters:               

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                               

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

462 

37 

-526.54 

-743.56 

434.03 

0.292 

0.286 

 ***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.4: Estimation result for the decision of which activity attribute to be adapted (travel time 

scenario). 

 

7.2.2.2 Travel cost scenario 

For the travel cost scenario case, the following choices are considered: changing the 

destination location or changing the transport mode of the scenario activity profile. The option of 

changing the frequency of the scenario activity profile is used as the reference option. The origin 

location, the start-time and the route options have not been included because they were not 

selected by the respondents of this scenario. Based on the CHAID analysis, the following 

explanatory variables are considered: short-term stress, activity type of the scenario activity 

profile and the number of opportunities for route choice. Because of the small number of 

respondents having indicated a short-term change as a response to a travel cost scenario, a small 

number of explanatory variables was used, in order to avoid overfitting. 

The estimation results of the mixed logit model are shown in Table 7.5 (1000 Halton 

draws were used). The model has a McFadden Pseudo R-squared of 0.283, indicating a 

satisfactory model fit. The corresponding multinomial logit model has a McFadden Pseudo R-

squared of 0.171.  

As it can be seen in Table 7.5, the respondents have a tendency to avoid changing the 

location of the scenario activity profile. The standard deviation of the constant for changing the 
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destination option was not significant. The goodness of fit of the model did not improve by using 

the ln(short-term stress), thus it seems that the effect of stress is linear for this scenario case. 

Specifically, the sign of stress for transport mode is negative, which means that when stress 

increases, the respondents tend to avoid changing the transport mode of the scenario activity 

profile. Finally, when the number of available routes is increased, then the probability of 

changing the destination location is increased in comparison with the probability of changing the 

frequency of the scenario activity profile. 

 

Variables Coefficient P-value 

Random parameters 
Transport mode Constant 3.23162 .1101 

Nonrandom parameters 

Destination 

Constant -3.29910*** .0013 

Activity type 

(base: Non daily shopping, visiting friends/family, leisure, “other”) 

Work, daily shopping, sport center .84327 .1053 

Short-term stress .02436 .6982 

Opportunities routes 1.09142** .0267 

Transport mode 

Activity type 

(base: Non daily shopping, visiting friends/family, leisure, “other”) 

Work, daily shopping, sport center 3.60524* .0527 

Short-term stress -.57557** .0466 

Opportunities routes -.43152 .6936 

St. deviations (normal distr.) 
Transport mode Constant 5.43956* .0610 

 Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

102 

9 

-50.71 

-70.70 

122.69 

0.283 

0.261 

 ***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.5: Estimation result for the decision of which activity attribute to be adapted (travel cost 

scenario). 

 

7.2.2.3 Parking availability scenario 

For the parking availability scenario case, the options of changing the destination, route 

or frequency of the scenario activity profile have been merged (due to the limited number of 

respondents having chosen those options). Another option that is considered is changing the 

start-time. The option of changing the transport mode of the scenario activity profile is used as 
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the reference option. Based on the CHAID analysis, the following explanatory variables are 

included into the model: short-term stress, as well as the number of opportunities for origin 

location, transport mode and route. Because of the small number of respondents having 

conducted a short-term change for the parking scenario, a small number of explanatory variables 

was used, in order to avoid overfitting. 

The estimation results of the mixed logit model are shown in Table 7.6 (1000 Halton 

draws were used). The model has a McFadden Pseudo R-squared of 0.373, indicating a 

satisfactory model fit. The corresponding multinomial logit model has a McFadden Pseudo R-

squared of 0.161. Thus, the heterogeneity of the respondents plays a significant role in the 

decision of which activity attribute needs to be adapted. 

The goodness of fit of the model did not improve by using the ln(short-term stress), thus 

it seems that the effect of stress is linear for the case of parking availability scenario. As it can be 

seen in Table 7.6, the heterogeneity of the short-term stress for start-time adaptation alternative is 

significant. On the other hand, the average values of the explanatory variables are not significant. 

The constant values and their standard deviations are not significant, as well. 

 

Variables Coefficient P-value 

Random parameters 
Location, route, frequency Short-term stress -.39482 .3788 

Start-time Constant .23202 .8230 

Short-term stress -.78857 .4520 

Nonrandom parameters 

Location, route, frequency 

Constant 1.09275 .4878 

Opportunities origin locations 3.16017 .1398 

Opportunities transport modes -2.52825 .1042 

Opportunities routes -.01561 .9881 

Start-time Opportunities origin locations 3.47552 .1998 

Opportunities transport modes .24743 .8424 

Opportunities routes -.56585 .6074 

St. deviations (normal distr.) 
Location, route, frequency Short-term stress .89070 .1680 

Start-time Constant 1.95739 .3775 

Short-term stress 1.95316** .0472 
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 Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

86 

14 

-59.75 

-94.48 

69.47 

0.373 

0.337 

 ***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.6: Estimation result for the decision of which activity attribute to be adapted (parking 

availability scenario). 

 

7.2.3 Exploitation versus exploration 

In this section, a random coefficient (binary) logit model and two binary logit models are 

presented. They focus on the decision of the respondents to conduct either an exploitation of their 

choice set or an exploration effort for the travel time, travel cost and parking scenarios 

respectively. Specifically, once a respondent decides to conduct a short-term change and decides 

to adapt a specific activity attribute, (s)he is asked to specify what this adaptation will be exactly. 

In particular, they are asked to select among: one of the other options included in their activity 

profiles or the options they had reported as the other possibilities they see (see section 5.3.2.2) or 

the option of searching for another alternative, beyond the already known ones. If they select the 

latter, then their decision is considered to be an exploration decision, otherwise it is regarded as 

an exploitation of their choice set. The analysis results for the travel time, travel cost and parking 

scenario follow. The exploration option is used as the reference. The cases where the start-time 

or the frequency attributes are adapted, have been excluded, as they always lead to exploitation 

choices.  

The utility functions for the two options in the random coefficient (binary) logit model are the 

following: 

Utility of conducting an exploitation: 

Uexploitation = constant+β*stress+α1Ζ1+α2Ζ2+...+ε1+ε2 (where: Ζ the explanatory variables, ε1 the 

observation-specific error term and ε2 the individual-specific error term capturing the choice 

heterogeneity on the individual level for the constant) 

Utility of conducting an exploration: 

Uexploration = 0 



Chapter 7  

176 

 

All the parameters have been treated as random parameters in the random coefficient (binary) 

logit model. 

 

7.2.3.1 Travel time scenario 

The random coefficient (binary) logit model that is presented in this section focuses on 

the travel time scenario. Based on the CHAID analysis, the following explanatory variables are 

considered: short-term stress, gender and income of the respondent, the start-time of the scenario 

activity profile, the activity attribute that is selected to be adapted, as well as the number of 

opportunities for destination location, transport mode and route.  

The estimation results of the random coefficient (binary) logit model are shown in Table 

7.7 (1000 Halton draws were used). The model has a McFadden Pseudo R-squared of 0.468, 

indicating a satisfactory model fit. The corresponding binary logit model with fixed-point 

estimates has a McFadden Pseudo R-squared of 0.285. Thus, the heterogeneity of the 

respondents plays a significant role in the decision of conducting an exploitation or an 

exploration effort. 

The goodness of fit of the model did not improve by using the ln(short-term stress), thus 

it seems that the effect of stress is linear for this scenario case. As it can be seen in Table 7.7, the 

constant variable is negative and significant, which implies that the respondents tend to explore, 

when facing a travel time scenario. This implies that in most cases, they could not find a 

satisfactory solution within their current choice set. The standard deviation of the constant was 

not significant. Moreover, when the number of opportunities for transport modes and routes 

increases, then the respondents tend to exploit their choice set, as it is richer. Finally, the 

heterogeneity of income variable is also significant. 

 

Variables Coefficient P-value 

Random parameters 
Gender 

(base: Male) 

Female -.62395 .4795 

Income 

(base: 1251-2500+ euros) 

0-1250 euros 1.35495 .1453 

Nonrandom parameters 

Constant -3.99524** .0198 
Short-term stress .03247 .1160 

Opportunities destinations 3.35043* .0976 

Opportunities transport modes 8.17282*** .0004 



Short and Long-Term Adaptations 

177 

 

Opportunities routes 1.30061** .0252 

Start-time 

(base: Before 16:00) 

  

After 16:00 1.88344* .0940 

Adapted activity attribute 

(base: Transport mode, route, origin location) 

Destination location 1.90778* .0645 

St. deviations (normal distr.) 
Gender 

(base: Male) 

Female 2.73479 .1264 

Income 

(base: 1251-2500+ euros) 

0-1250 euros 7.33901*** .0013 

Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

322 

11 

-118.78 

-223.19 

208.82 

0.468 

0.462 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.7: Estimation result for the decision of conducting an exploitation or an exploration 

(travel time scenario). 

 

7.2.3.2 Travel cost scenario 

The binary logit model that is presented in this section focuses on the travel cost scenario. 

Based on the CHAID analysis, the following explanatory variables are considered: short-term 

stress, as well as the number of opportunities for transport modes. The low number of 

observations of short-term changes within the travel cost scenario is the reason for including a 

few explanatory variables in the model.  

The estimation results of the binary logit model are shown in Table 7.8. The model has a 

McFadden Pseudo R-squared of 0.754, indicating a high model fit. The model did not become 

stable when including random parameters. The goodness of fit of the model did not improve by 

using the ln(short-term stress), thus it seems that the effect of stress is linear for this scenario 

case.  

As it can be seen in Table 7.8, the constant value is negative and significant. This implies 

that the respondents tend to explore, when facing a travel cost scenario. This implies that in most 

cases, they could not find a satisfactory solution within their current choice set. Additionally, 

short-term stress is positive and significant, which implies that when stress increases, they tend to 

lower their aspirations and find a satisfactory solution within their choice set. This behavioral 
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pattern is also observed in the numerical simulations (see section 4.4.3.2). Finally, when the 

number of opportunities for transport modes increases, then the respondents tend to exploit their 

choice set, as it is richer.  

 

Variables Coefficient P-value 
Constant -4.33167** .0102 

Short-term stress    .55881** .0310 

Opportunities transport modes  6.32116*** .0001 

Number of observations:            

Number of parameters:              

Log likelihood function:           

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

64 

3 

-10.92 

0.754 

0.748 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.8: Estimation result for the decision of conducting an exploitation or an exploration 

(travel cost scenario). 

 

7.2.3.3 Parking availability scenario 

The binary logit model that is presented in this section focuses on the parking availability 

scenario. Based on the CHAID analysis, the following explanatory variables are considered: 

short-term stress, the destination of the scenario activity profile, as well as the number of 

possible destination locations. The low number of observations of short-term changes within the 

parking scenario is the reason for including a few explanatory variables in the model. 

The estimation results of the binary logit model are shown in Table 7.9. The model has a 

McFadden Pseudo R-squared of 0.354, indicating a satisfactory model fit. Due to the relatively 

low number of observations, the model did not become stable when including random 

parameters. The goodness of fit of the model did not improve by using the ln(short-term stress), 

thus it seems that the effect of stress is linear for this scenario case.  

As it can be seen in Table 7.9, the constant value is positive and significant. This implies 

that the respondents tend to exploit their choice set, when facing a parking scenario. Finally, 

when the destination of the scenario activity profile is not specific and it always varies, they tend 

to make explorations, which is plausible.   

 

Variables Coefficient P-value 
Constant 2.63480** .0406 

Short-term stress -.50437 .1896 

Destination of the scenario activity profile 
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(base: Specific location) 

Destination always varies -1.39915*** .0030 

Opportunities transport modes -.64574 .6354 

Number of observations:            

Number of parameters:              

Log likelihood function:           

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

44 

4 

-19.70 

0.354 

0.323 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.9: Estimation result for the decision of conducting an exploitation or an exploration 

(parking availability scenario). 

 

7.3 Long-term adaptations 

This section focuses on the long-term decisions of the respondents. Three random 

coefficient logit (binary) models indicating whether a long-term change is decided or not under 

each scenario case are presented. Finally, a multinomial logit model follows, indicating which is 

the specific type of the decided long-term changes, for the travel time scenario. In the models 

focusing on the long-term adaptations of the respondents, both short-term stress and long-term 

stress (the difference between the X value of the scenario and the relevant unconditional 

aspiration of the respondent) are tested. 

 

7.3.1 Deciding a long-term change 

The utility functions for the two options (yes or no long-term choice) are the following: 

Utility of conducting a long-term change: 

Uchange = constant+β*stress+α1Ζ1+α2Ζ2+...+ε1+ε2 (where: Ζ the explanatory variables, ε1 the 

observation-specific error term and ε2 the individual-specific error term capturing the choice 

heterogeneity on the individual level for the constant). 

Utility of not conducting a long-term change: 

Uno_change = 0 

All the parameters have been treated as random parameters. 
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7.3.1.1 Travel time scenario 

Based on the CHAID analysis, the following explanatory variables are considered: long-

term stress, destination of the scenario activity profile, as well as whether it is conducted on 

weekdays or weekends, number of days working at home, education and occupation of the 

respondent, as well as the number of opportunities for the destination, origin, transport mode and 

route. The estimation results of the random coefficient logit model (1000 Halton draws) are 

shown in Table 7.11. The natural logarithm (ln) of the long-term stress value is used, as it results 

in a better model fit. The model has a McFadden Pseudo R-squared of 0.559, indicating a 

satisfactory model fit. The corresponding binary logit model (where ln(long-term) stress is used) 

has a McFadden Pseudo R-squared of 0.553. The binary logit model where ln(short-term stress) 

is used has a McFadden Pseudo R-squared of 0.552. As it can be seen in Table 7.10, in this 

model short-term stress is not significant. 

 

Variables Coefficient P-value 
Constant -3.07416*** .0000 

ln(short-term stress) .14396 .1738 

Education 

(base: Middle/high professional education, university) 

Primary/secondary level -.08031 .5559 

Occupation 

(base: housekeepers, pensioners) 

Full/Part time job, voluntary job, studying, job searching .46109*** .0036 

Working at home 

(base: 1-7 days) 

Never working at home -.02005 .8885 

Opportunities destinations .03822 .8341 

Opportunities origins -.04393 .8124 

Opportunities transport modes .12050 .2669 

Opportunities routes .13805** .0183 

Destination of the scenario activity profile 

(base: specific location) 

It can be any location .17540 .1533 

Day of the week of the scenario activity profile 

(base: weekday) 

Weekend -.11174 .3648 

Number of observations:            

Number of parameters:              

Log likelihood function:           

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

919 

11 

-285.68 

0.552 

0.549 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.10: Binary logit model of long-term decisions, where short-term stress is used (travel 

time scenario). 
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In the random coefficient logit model, as it can also be seen in Table 7.11, the constant is 

significant and its sign is negative. This indicates that the respondents are to some extent 

reluctant to conduct a long-term change and their behavior is characterized by inertia. This is also 

in line with the assumptions on which this study is based. The standard deviation of the constant 

was not significant. Moreover, housekeepers and pensioners have a lower probability of 

conducting a long-term adaptation, in comparison with respondents who work, study or search 

for a job. This can be explained by the fact that most of the long-term decisions occur when the 

activity type of the scenario activity profile is work (see Figure 6.7). Finally, the heterogeneity of 

the working at home variable is significant at a 10% level. 

 

Variables Coefficient P-value 

Random parameters 
Working at home 

(base: 1-7 days) 

Never working at home -.03236 .9190 

Opportunities destinations -.77128 .3498 

Day of the week of the scenario activity profile 

(base: weekday) 

Weekend -.14622 .5929 

Nonrandom parameters 

Constant -6.38613** .0273 

ln(long-term stress) .88456 .1618 

Opportunities origins -.03902 .9291 

Opportunities transport modes .18724 .4556 

Opportunities routes .32659* .0854 

Occupation 

(base: housekeepers, pensioners) 

Full/Part time job, voluntary job, studying, job searching .90709* .0768 

Education 

(base: Middle/high professional education, university) 

Primary/secondary level -.00367 .9900 

Destination of the scenario activity profile 

(base: specific location) 

It can be any location .21722 .4227 

St. deviations (normal distr.) 
Working at home 

(base: 1-7 days) 

Never working at home 2.52024* .0859 

Opportunities destinations 1.91076 .1071 

Day of the week of the scenario activity profile 

(base: weekday) 

Weekend .04037 .9863 
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Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

919 

14 

-280.94 

-637.00 

712.13 

0.559 

0.557 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.11: Estimation result for the long-term adaptation decision (travel time scenario). 

 

7.3.1.2 Travel cost scenario 

Based on the CHAID analysis, the following explanatory variables are considered: long-

term stress, whether the scenario activity profile is conducted on weekdays or weekends, travel 

allowance of the respondent and number of cars in his/her household, as well as the number of 

opportunities for the destination, origin, transport mode and route. The estimation results of the 

random coefficient logit model (1000 Halton draws) are shown in Table 7.14. The natural 

logarithm (ln) of the stress value is used in this model, as it results in a better model fit. The 

model has a McFadden Pseudo R-squared of 0.65, indicating a high model fit. The corresponding 

binary logit model (where long-term stress is used and is significant at 10% level) has also a 

McFadden Pseudo R-squared of 0.65 (Table 7.13). Finally, the binary logit model where short-

term stress is used has a McFadden Pseudo R-squared of 0.646. As it can be seen in Table 7.12, 

in this model short-term stress is not significant. Summing up, the binary logit model, where 

long-term stress is used, has the best model fit. 

 

Variables Coefficient P-value 
Constant -3.75651*** .0000 

Short-term stress    .05377 .2920 

Travel allowance 

(base: receiving full/percentage of travel allowance) 

No travel allowance   -.67291*** .0082 

Number of cars in household 

(base: 2-3 cars) 

0-1 cars    .95628*** .0008 

Opportunities destinations    .54149 .1821 

Opportunities origins   1.40609*** .0010 

Opportunities transport modes    .17710 .4629 

Opportunities routes   -.27978 .2263 

Day of the week of the scenario activity profile 

(base: weekend) 

Weekday   1.18624*** .0018 



Short and Long-Term Adaptations 

183 

 

Number of observations:            

Number of parameters:              

Log likelihood function:           

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

270 

9 

-66.1 

0.646 

0.64 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.12: Binary logit model of long-term decisions, where short-term stress is used (travel 

cost scenario). 

 

Variables Coefficient P-value 
Constant -3.73804*** .0000 

Long-term stress    .05700* .0911 

Travel allowance 

(base: receiving full/percentage of travel allowance) 

No travel allowance   -.67013*** .0084 

Number of cars in household 

(base: 2-3 cars) 

0-1 cars    .92591*** .0011 

Opportunities destinations    .45294 .2820 

Opportunities origins   1.39861*** .0009 

Opportunities transport modes    .20517 .3988 

Opportunities routes   -.31892 .1876 

Day of the week of the scenario activity profile 

(base: weekend) 

Weekday   1.17920*** .0016 

Number of observations:            

Number of parameters:              

Log likelihood function:           

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

270 

9 

-65.47 

0.65 

0.644 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.13: Binary logit model of long-term decisions, where long-term stress is used (travel 

cost scenario). 

 

Therefore, as it can also be seen in Table 7.13, the constant is significant and its sign is 

negative. This indicates that the respondents are to some extent reluctant to conduct a long-term 

change and their behavior is characterized by inertia. This is in line with the conceptual 

framework of this study. Additionally, when the respondent does not receive a travel allowance 

(financial support for his/her commuting expanses by their employer), the probability of 

conducting a long-term change decreases. Moreover, when the number of available origin 

locations increases, the respondents have a higher probability to conduct a long-term change. 

This can be explained by the fact that in this case, they have more flexibility (for instance, to 

change their working hours). Similarly, when there are no or only one car available in their 

household, they are also inclined to conduct a long-term change. Finally, when the scenario 
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activity profile takes place on weekdays, there is a higher probability to decide a long-term 

change, than in the case that it is conducted in weekends. 

 

Variables Coefficient P-value 

Random parameters 
Constant -4.58126*** .0005 

ln(long-term stress)     .47031 .2491 

Nonrandom parameters 

Opportunities route    -.40004 .2435 

Opportunities destinations     .55825 .3294 

Opportunities origins   1.67161** .0233 

Opportunities transport modes     .32649 .3683 

Day of the week of the scenario activity profile 

(base: weekend) 

Weekday    1.36806** .0139 

Travel allowance 

(base: receiving full/percentage of travel allowance) 

No travel allowance    -.78705** .0411 

Number of cars in household 

(base: 2-3 cars) 

0-1 cars    1.21357** .0283 

St. deviations (normal distr.) 
Constant     1.26832 .2165 

ln(long-term stress)     .00782 .9923 

Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

270 

11 

-65.65 

-187.15 

242.99 

0.65 

0.644 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.14: Estimation result for the long-term adaptation decision (travel cost scenario). 

 

7.3.1.3 Parking availability scenario 

Based on the CHAID analysis, the following explanatory variables are considered: long-

term stress, household composition of the respondent, as well as the number of opportunities for 

the destination, origin, transport mode and route. The estimation results of the random coefficient 

logit model (1000 Halton draws) are shown in Table 7.16. The natural logarithm (ln) of the long-

term stress value is used, as it results in a better model fit. The model has a McFadden Pseudo R-

squared of 0.733, indicating a satisfactory model fit. The corresponding binary logit model 

(where ln(long-term stress) is used, without being significant though) has also a McFadden 
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Pseudo R-squared of 0.733 (Table 7.15). Finally, the binary logit model where ln(short-term 

stress) is used (without being significant) has a McFadden Pseudo R-squared of 0.732.  

 

Variables Coefficient P-value 
Constant -2.16965*** .0376 

ln(short-term stress) .09827 .9026 

Opportunities destinations .37489 .1975 

Opportunities origins -1.01382 .1416 

Opportunities transport modes   -.14734 .6955 

Opportunities routes    .17078 .6171 

Household composition 

(base: single or couple (with or without children)) 

Living at parents’ home   1.21289*** .0057 

Number of observations:            

Number of parameters:              

Log likelihood function:           

McFadden Pseudo R-squared:    

McFadden R-squared adjusted: 

291 

7 

-53.86 

0.733 

0.73 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.15: Binary logit model of long-term decisions, where short-term stress is used (parking 

scenario). 

 

Therefore, as it can also be seen in Table 7.16, the constant is significant and its sign is 

negative. This indicates that the respondents are reluctant to conduct a long-term change and 

their behavior is characterized by inertia. This is in line with the conceptual framework of this 

study. The standard deviation of the constant was not significant. Finally, when the respondent 

lives at his/her parents’ home, there is a higher probability that (s)he conducts a long-term 

adaptation.  

 

Variables Coefficient P-value 

Random parameters 
ln(long-term stress) .32916 .5674 

Nonrandom parameters 

Constant -2.29593*** .0007 

Opportunities destinations .37560 .1959 

Opportunities origins -1.01382 .1416 

Opportunities transport modes -.14735 .6955 

Opportunities route .17078 .6171 

Household composition 

(base: single or couple (with or without children)) 

Living at parents’ home 1.21289***      .0057 

St. deviations (normal distr.) 
ln(long-term stress) .00298 .9963 
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Number of observations:            

Number of parameters:              

Log likelihood function:           

Restricted log likelihood:          

Chi Squared:                             

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

291 

8 

-53.86 

-201.71 

295.68 

0.733 

0.730 

***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.16: Estimation result for the long-term adaptation decision (parking scenario). 

 

7.3.2 Selecting a long-term change 

In this section, a multinomial logit model is presented, indicating the specific type of 

long-term changes decided for the travel time scenario. Specifically, once a respondent decides 

to conduct a long-term change, (s)he is asked to indicate the specific adaptation (s)he would 

conduct. (S)he can select among the following options: changing the residential location, 

changing the work location, changing the availability of transport modes (e.g. by buying a public 

transport card, a moped or a car) or changing their work condition (by switching from a part-time 

to a full-time job or vice-versa, or by changing their working hours). The last option (changing 

the work condition) is the reference case for this multinomial logit model.  

The utility functions are: 

Utility of changing the work condition: 

Uchange_work = 0 

Utility of conducting another long-term change: 

Uother_change = constant+β*stress+α1Ζ1+α2Ζ2+...+ε1+ε2 (where: Ζ the explanatory variables, ε1 the 

observation-specific error term and ε2 the individual-specific error term capturing the choice 

heterogeneity on the individual level for the constant). 

There are no analysis results for the travel cost or parking availability scenario, for the 

reason that there have been not enough respondents who have decided to conduct a long-term 

change within these two scenarios (there have been only 25 respondents for the travel cost and 15 

for the parking scenario). Finally, a mixed logit model was not estimated for the reason that once 

the respondents were reporting a long-term change, the questionnaire was finishing. 
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7.3.2.1 Travel time scenario 

Based on the CHAID analysis, the following explanatory variables are considered: long-

term stress, education of the respondent and opportunities for destination, origin, mode and route.  

The estimation results of the multinomial logit model are shown in Table 7.17. Long-term 

stress is used in this model, without being significant though. The model has a McFadden Pseudo 

R-squared of 0.284, indicating a satisfactory model fit. The multinomial logit model, where 

short-term stress is used (without being significant as an explanatory variable) has a McFadden 

Pseudo R-squared of 0.282. 

The constant sign of changing the available transport modes option is positive and 

significant. This implies that the respondents tend to prefer this option in comparison to changing 

their work condition. Moreover, respondents holding a university degree are more inclined to 

change their home location than their work condition. This can be explained by the fact that the 

jobs requiring a high education level are usually less flexible in terms of work condition. On the 

other hand, when there are several options regarding the origin locations, the probability of 

changing the home or the work location is lower, in comparison with the probability of changing 

the work condition. Finally, when the number of available routes increases, the probability of 

changing the work location, increases as well. 

 

Variables Coefficient P-value 
Residential location Constant .76997 .4692 

Long-term stress .00862 .4136 

Education 

(base: primary/middle level, professional education) 

University level 2.43143*** .0021 

Opportunities destinations -.36618 .5148 

Opportunities origins -3.13807*** .0036 

Opportunities transport modes .69653* .0572 

Opportunities routes .19386 .6329 

Work location 

Constant .36994        .4923 

Long-term stress -.00333 .7377 

Opportunities destinations -1.33872* .0582 

Opportunities origins -2.67297***        .0040 

Opportunities routes .73630*** .0060 

Available transport modes 

Constant 1.52462**        .0350 

Long-term stress -.00608 .4036 

Education 

(base: primary/middle level, professional education) 

University level .38667   .4699 

Opportunities destinations -.30638 .3976 

Opportunities origins -.79037        .1196 

Opportunities routes .38378* .0770 
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 Number of observations:            

Number of parameters:              

Log likelihood function:          

McFadden Pseudo R-squared:    

McFadden R-squared adjusted:  

93 

18 

 -92.38 

0.284 

0.247 

 ***significant at the 0.01 level, **0.05 level, *0.1 level 

Table 7.17: Estimation result for the decision of which long-term change to conduct (travel time 

scenario). 

 

7.4 Summary and conclusions 

This chapter focused on the analysis of the collected empirical data and aimed at gaining 

an insight into the short and long-term adaptation decisions of people. A common characteristic 

of the respondents’ adaptation behavior, as a reaction to all the three scenarios, is inertia and 

avoidance of conducting a short-term change. However, when short-term stress increases, the 

probability of choosing a short-term change increases, as well. Additionally, larger choice sets 

imply the existence of more alternative solutions and this leads to more short-term changes, as 

well. Specifically, for the travel time scenario, the activity type and the habitual start-time, the 

education level of the respondent, as well as the density of his/her residential area significantly 

affect the decision of deviating from habitual behavior. Specifically, when the activity type is 

daily/non-daily shopping, leisure or “other” activity type, there is a higher probability that a 

short-term adaptation is decided. Furthermore, when the residential area of the respondent is 

completely or very urbanized, there is also a significantly higher probability that they conduct a 

short-term change. Finally, when the education level is low or when the habitual start-time is not 

fixed, there is a low chance that a short-term change is decided. Furthermore, for the parking 

scenario, respondents who are single with children or who have a partner but no children are 

more inclined to decide a short-term adaptation.  

During the stated adaptation experiment, given that a respondent has indicated that (s)he 

decided to make a short-term change, (s)he was asked to indicate which is the specific activity 

attribute that (s)he would adapt. Three random parameters (mixed) logit models focusing on this 

choice were presented in this chapter. According to the analysis results, for the travel time and 

travel cost scenario cases, the respondents tend to change the start-time, the transport mode or the 

route of the scenario activity profile. However, for the travel time scenario, when stress 

increases, the respondents tend to be increasingly oriented towards changing the frequency of the 

scenario activity profile. For the travel cost scenario, when stress increases, changing the 

transport mode is not selected anymore. Additionally, when the number of available routes 
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increases, respondents of the travel cost scenario prefer changing the destination/origin location. 

Finally, the decision of which activity attribute to adapt for the respondents of the travel time 

scenario, is also affected by the activity type, the day of the week and the transport mode of the 

scenario activity profile, the car availability and the number of available transport modes. 

Specifically, when the activity type of the scenario activity profile is work, leisure or “other”, it 

is more probable that the start-time will be adapted (than the frequency). On the other hand, 

when the activity type of the scenario activity profile is daily shopping or visiting a sport center, 

it is less probable that the start-time will be adapted. When the transport mode is car (driver or 

passenger) or motorcycle, the probability of changing the transport mode or the route is lower 

than changing the frequency. 

When a respondent decided which activity attribute to adapt, (s)he was asked to specify 

how (s)he would adapt it. Based on their responses, it can be inferred whether they decided to 

exploit their choice set or explore other options beyond their choice set. A random coefficient 

(binary) logit model and two binary logit models were presented in this chapter, focusing on this 

decision. For the travel time scenario, the effect of stress is not significant, while respondents 

tend to explore. When the number of opportunities for transport modes and routes increases, then 

the respondents tend to exploit their choice set, as it is richer. The respondents tend to explore, 

when facing a travel cost scenario. However, when stress increases, they tend to lower their 

aspirations and find a satisfactory solution within their choice set. When the number of 

opportunities for transport modes increases, then they tend to exploit their choice set, as it is 

richer. Finally, the respondents tend to exploit their choice set, when facing a parking scenario. 

However, when the destination of the scenario activity profile is not specific and it always varies, 

they tend to make explorations, which is plausible.   

The last part of this chapter focused on the decision of the respondents to conduct a long-

term change or not. For all the scenario cases, respondents to some extent avoided to decide a 

long-term change. For the travel cost scenario, when the respondent does not receive a travel 

allowance, the probability of conducting a long-term change decreases. Moreover, when the 

number of available origin locations increases, the respondents have a higher probability to 

conduct a long-term change. Similarly, when there are no or only one car available in their 

household, they are also inclined to conduct a long-term change. Finally, when the scenario 

activity profile takes place on weekdays, there is a higher probability to decide a long-term 

change, than in the case that it is conducted in weekends. For the parking scenario, when the 

respondent lives at his/her parents’ home, there is a higher probability that (s)he conducts a long-

term adaptation. 
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Given a respondent who has indicated that (s)he decided to conduct a long-term change, 

(s)he was asked to select among the following options: changing the residential location, 

changing the work location, changing the availability of transport modes or changing their work 

condition. Due to the limited number of respondents who conducted a long-term change as a 

reaction to the travel cost or parking scenario, a multinomial logit model focusing on the 

respondents of the travel time scenario was estimated. According to the analysis results, the 

respondents tend to prefer changing the availability of transport modes, in comparison to 

changing their work condition. Moreover, respondents holding a university degree are more 

inclined to change their home location than their work condition. On the other hand, when there 

are several options regarding the origin locations, the probability of changing the home or the 

work location is lower, in comparison with the probability of changing the work condition. 

Finally, when the number of available routes increases, the probability of changing the work 

location, increases as well. 

Overall, the results of these analyses offer insights to understand the short and long-term 

adaptations of individuals. The model-based analysis provides evidence that there is inertia to 

short and long-term change, as well as a positive effect of short and long-term stress. 

Additionally, it is seen that richer choice sets lead to more short-term changes and specifically to 

more exploitation efforts. Moreover, heterogeneity plays a significant role in all the scenario 

cases and in most of the models presented in this chapter. Finally, effects of various socio-

demographic (gender, education, occupation, income, household composition, number of cars in 

the household, car availability, days working at home, travel allowance, urban density of the 

residential location) and activity profile-specific variables (activity type, destination location, 

transport mode, day of the week) were found. These effects can be taken into account in the 

design of various spatial/transportation policies.  
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8.1 Summary and conclusions 

Whereas the focus of transportation policy used to be on expanding and improving the 

supply side (infrastructure, transport systems, etc.), nowadays it is on managing the demand for 

transportation. This implies that individual choice processes become increasingly important. The 

target of this thesis was to provide a richer framework of dynamic activity-travel behavior, which 

constitutes a research frontier in space-time geography. Dynamic models are needed to avoid the 

typical limitations of the current generation of one-day activity-based models. In this framework, 

there was an attempt to incorporate satisficing behavior and bounded rationality mechanisms, as 

well as to link short and long-term adaptations. Specifically, a process model, incorporating 

cognitive learning, rational and affective responses, memory traces, choice set formation, 

emergence of habitual behavior, exploration behavior, evolution of short and long-term dynamics, 

as well as upward and downward aspiration adjustment, was developed. 

The properties of this agent-based model were illustrated using numerical simulations that 

simulate dynamic choice behavior in response to endogenous and exogenous change. Agents learn 

about their environment when making choices. Consequently, they become aware of the choice 

alternatives, develop choice sets, and dynamically update their beliefs about the state of the world. 

Over time, if a choice alternative has not been visited, forgetting is also simulated, implying that 

choice alternatives have different memory activation levels. In addition to this cognitive 

mechanism, agents build up affective beliefs, which are defined as a function of the discrepancy 

between expected and experienced utility. Moreover, they hold dynamic, context-dependent 

aspirations. In this way, a context-specific decision making process is simulated, since at every time 

step, the agents of this system select and experience an activity profile from their choice sets. 

Virtually no restrictions on the level of detail of the used activity classification are imposed: a large 

set of mandatory, maintenance and discretionary activities can be included in the agents’ agendas. 

Moreover, the model simultaneously deals with the activity attributes consisting of the activity 

profiles, such as destination and origin location, start-time, transport mode, etc.. If experienced 

utility is lower than the corresponding aspiration level, stress is generated and can lead to a switch 

from habitual to conscious choice mode. When the deviation between the aspirations of an 

individual regarding the accessibility-mobility domain of his/her life and the actual utility that (s)he 

receives from them, exceeds a predefined threshold, (s)he becomes ‘awake’ and realizes that a 

long-run, dramatic adaptation should be decided.  

Summing up, this agent-based system can simulate the emergence of habitual behavior from 

a state of complete unawareness of the environment, if the agent’s environment allows a balance 
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between aspiration levels and the utility that can be derived from the environment. It may also 

simulate lowering of aspiration levels and even a long-term adaptation (such as a change of 

residential or job location), if the current long-term decisions do not allow achieving the desired 

aspiration levels. Summing up, modeling the development and distortion of habitual behavior is 

considered to be an important contribution of this thesis, in terms of policy analysis. A non-

deliberate, habitual choice can be more difficult to be influenced with rational arguments (e.g. 

increased costs), since people tend to underestimate the relevant information. Therefore, it is crucial 

to comprehend and model how habits are developed, as well as how they are broken (resulting in 

more deliberate and considered decisions) (Gӓrling, Axhausen, 2003). The agents of this system 

can explore and learn the environment, cope with it, adapt to changing circumstances and improve 

less effective behavior.  

Numerical simulations have been conducted, in order to test the face validity of the model 

and calibrate it. Basic case results, as well as travel time and travel cost results have been presented 

in chapter 5 and are considered to be plausible. Finally, the numerical simulations illustrate the 

effect of every parameter on the model behavior. In this way, interesting results about the trade-offs 

between past and recent emotional experiences, and between cognitive and affective responses 

could be acquired. Additionally, the effect of tolerance to stress and memory activation could be 

traced. 

Empirical data over the short and long-term adaptations of activity-travel behavior have 

been collected with a stated adaptation experiment. The basic advantage of a stated adaptation 

experiment is that the adaptation conditions can be manipulated, according to the data collection 

needs. Thus, the causal effects of changes can be more easily interpreted, while the memory matters 

that may arise with a retrospective survey are avoided. An innovative, interactive, web-based 

questionnaire has been constructed. It starts with some socio-demographic questions, which are 

followed by some questions regarding respondents’ aspirations. Then, the current habits, regarding 

the way respondents travel in order to conduct a specific activity-type, are systematically gathered. 

Additional information regarding those experiences and the extent to which they are satisfied with 

them, are then collected. Moreover, some questions aiming at having a more complete image of 

their choice set follow. In this way, some empirical data about respondents’ habitual behavior, 

current choice sets, aspiration values and preferences are systematically gathered. Then, based on 

those respondent-specific data, some hypothetical scenarios are generated and presented to each 

respondent, who are asked to indicate how they would react. The scenario is repeated four times, 

increasingly deviating from their aspiration values. In this way, respondents’ tolerance to stress can 

be traced. Overall, the innovative aspects of this internet-based survey are: first, the fact that the 
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design is not based on a certain period of time, but on habitual behavior and the concept of activity 

profiles. Second, it focuses on the adaptation of the habitual activity profile in response to the 

provided scenarios. Finally, it does not aim at investigating the adaptations of individuals, when 

faced with specific types of policies, but at the revealing and analysis of dynamics of activity-travel 

behavior, as a response to accumulated stress. 

The descriptive analysis of the collected data led to interesting results about the 

unconditional and conditional aspirations and the factors affecting those values. Additionally, the 

adaptation strategies that the respondents followed have been examined and important conclusions 

have been inferred regarding the inertia, as well as the tolerance to stress characterizing their 

reactions. Finally, in the last chapter of this thesis, the model analyses focusing on the decision to 

conduct a short-term change or not, on the choice of which activity attribute to adapt, as well as on 

the choice to conduct an exploitation or an exploration effort, are presented. Moreover, the decision 

of conducting a long-term change or not, as well as which long-term adaptation to conduct is also 

analyzed. The developed models focused on travel time, travel cost and parking availability 

scenario cases. The logit model estimations gave information about parameter settings of the 

model, while the model’s basic assumptions have been validated. 

Based on the numerical simulations and the analysis of the empirical data, the following 

answers to the research sub-questions, presented in the first chapter, can be given: 

1. How can this dynamic model of activity-travel behavior be specified and calibrated? 

The dynamic model was developed based on satisficing theory, while various bounded 

rationality mechanisms have been incorporated in it. The mathematical representation of 

the model is explained in detail in chapter 3. The model calibration was based on a series 

of numerical simulations (basic case simulations, parameters effect simulations and 

simulation scenarios) and it is presented in chapter 4. 

2. How can empirical data on short and long-term adaptations of activity-travel behavior 

be collected? 

As explained in chapter 5, empirical data on short and long-term adaptations of activity-

travel behavior have been collected with a stated adaptation, internet-based, interactive 

experiment. The traditional travel diary has been replaced in this survey with a list of the 

activity profiles that each respondent usually implements. Based on these activity 

profiles and on additional information over their activity-travel patterns, realistic 

personalized scenarios have been presented to them, in order to investigate their 

short/long-term activity-travel behavior adaptations. 
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3. Is activity-travel behavior characterized by inertia? To what extent can individuals 

tolerate dissatisfaction with current habitual state? 

Activity-travel behavior is characterized by inertia (both on the short and the long-term 

time horizon). However, when dissatisfaction with current habitual state increases, the 

probability that activity-travel behavior dynamics emerge, increases as well. In the 

developed model, the extent to which individuals tolerate dissatisfaction, is captured by 

two stress tolerance parameters (one for short and one for long-term time horizon). The 

analysis of empirical data indicated possible sociodemographic or other factors that can 

influence the dissatisfaction tolerance levels of an individual. 

4. To what extent do we find that the adjustments are always primarily focused on those 

choice facets that are easier to change and have a short-term impact on activity-travel 

repertoires? 

Both the numerical simulation results and empirical data analysis results indicated that 

activity-travel behavior adjustments are primarily focused on short-term changes. In case 

that these short-term changes are not sufficient, then a long-term adaptation may be 

considered, as well. This is apparent in the descriptive data analysis focusing on the 

adaptation strategies developed by the respondents (chapter 6). 

5. How individuals adjust their activity-travel behavior, when they have decided to conduct 

a short-term change? 

In the numerical simulation results, it is illustrated that first there is an effort to find a 

solution within the current choice set (exploitation effort). In case that there is not a good 

enough option, then an exploration effort occurs. Moreover, the empirical data analysis 

indicated that when an individual has more available options, it can more easily find a 

satisfactory solution within his/her current choice set (exploitation). On the contrary, 

when the choice set is limited, they usually need to conduct an exploration effort. 

Additionally, the mixed logit models, focusing on the decision of which activity attribute 

to adapt, indicated that when individuals face travel time or travel cost increases, they 

mostly tend to adapt the start-time, the transport mode or the route that they habitually 

follow. However, when this adaptation does not improve their activity-travel patterns and 

stress increases, they are oriented towards changing the frequency of the affected 

activity.  

6. When and under which circumstances an individual becomes “awake” (realizing that a 

long-term change needs to be implemented and starting exploring possible alternatives 

on that level)? 
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When dissatisfaction on the long-term level exceeds a tolerance threshold, an individual 

becomes “awake” and considers conducting a long-term change. The aspiration values 

play a significant role in this process. In chapter 7, the binary models focusing on the 

decision to conduct a long-term change or not, as well as the multinomial logit model 

focusing on which long-term adaptation is decided, elucidate the factors affecting that 

issue. Specifically, it was found that individuals avoid conducting long-term changes, 

however dissatisfaction with their current long-term decisions can lead to such a change. 

Receiving travel allowance, household ownership of zero or only one car, as well as 

living at parents’ home are factors that favor the decision of conducting a long-term 

change. Finally, the analysis of the responses to the travel time scenario, indicated that 

changing the availability of transport modes (e.g. by buying a car) is more probable than 

changing the work condition. 

7. To what extent do affective responses in spatial learning behavior influence the 

formulation of dynamic choice sets? How awareness and memory activation responses 

affect the formulation of dynamic choice sets and the evolution of dynamics in activity-

travel behavior of people?  

The influence of emotional, awareness and memory activation responses on the 

formation of dynamic choice sets and the evolution of dynamics of activity-travel 

behavior is illustrated in the numerical simulation results presented in chapter 4 and 

especially in sub-section 4.4.2, where the effect of each model parameter is highlighted. 

Specifically, it has been found that emotionally-driven behavior results in more short and 

long-term adaptations of activity-travel behavior. This is because agents tend to get more 

easily dissatisfied with their habitual state. Furthermore, when the awareness and 

memory activation responses are improved, habitual behavior is favored and less 

dynamics are generated into the system. On the other hand, when the agents forget very 

fast, it is more difficult and takes more time to develop habits. 

The main contribution of this thesis is the development of a dynamic model of activity-

travel behavior, where aspects of bounded rationality can be taken into account. The dynamic 

model is scalable, in the sense that it can be applied to study areas of relatively large size (e.g. city 

region), as this would influence only the time needed for a simulation run (approximately N*1.29 

seconds, for simulating a population of N size). Specifically, the computation time increases 

linearly with the number of agents. Thus, for large scale simulations, considerable time would be 

needed. However, in that case, solutions similar to those used for activity based models, such as 

parallel computing or using bigger computers could be considered. Moreover, depending on the 
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purpose of the simulation, it is often possible to simulate only a fraction of the population, 

packaging agents, etc.. Thus, sampling approaches (which are often used in practice), can 

constitute the computational time of the dynamic model acceptable.  

The added value of this dynamic model is that it has the potential of being used as a tool for 

policy evaluation. Some possible applications of the proposed dynamic model are the following: 

the way that learning and exploration lead to habitual behavior, as well as what happens when 

moving to a new city can be simulated. Likewise, the spatial effects of a new shopping or 

recreation center can also be simulated. Furthermore, the secondary effects of various policies 

could be examined through this bottom-up process of influence that is modeled in this study. 

Moreover, it allows the further investigation of the dynamics of activity-travel behavior and 

specifically of various aspects, such as the formation and distortion of habits and the effect of 

emotional responses in decision making. Finally, the proposed model can become part of an under 

development, comprehensive model of dynamic activity-travel patterns, where an activity 

generation part is also included (Ma, et al., 2012) (Figure 8.1 - the parts where the proposed 

dynamic model can be embedded are highlighted). 

Therefore, the proposed dynamic framework of activity-travel behavior can find 

application as an instrument for planning support and policy evaluation. Moreover, the analysis 

results of the collected empirical data increase our knowledge and can be taken into account, in 

order to enhance the effectiveness of the various types of policy. They offer an insight into the 

complex and reciprocal relations between the activity attributes. Specifically, the results of this 

thesis can provide politicians and planners relevant information about the way they can treat some 

specific key events. For instance, the key events ‘Having a driving license’ and ‘Buying a car’ have 

a big impact on the composition of choice sets, the attitude towards modes, and the choice of 

modes.  

 



Chapter 8  

198 

 

 

Figure 8.1: Indicative diagram of the basic components of the comprehensive model of activity-

travel behavior.  

 

8.2 Discussion and future research 

In order to constitute the proposed dynamic model operational, future research should 

focus on the estimation of the parameters of this model. The model calibration that was presented 

in this thesis was based on the face validity of the model. Moreover, the collected data allow the 

validation of the model’s basic assumptions and give information about the parameter settings of 

the model, but do not allow one to one estimation of the parameters. Therefore, the next step for 

the parameter estimation would be to collect longitudinal data and calibrate the model with 

numerical simulations that would be based on these real data. 

Moreover, future research can focus on a more elaborate, detailed and comprehensive 

numerical simulation of the proposed dynamic model. A synthetic population can be constructed, 

based on empirical data. Moreover, a more complicated spatial setting (e.g. varying the density 

and proximity of opportunities in space) or a greater variety in the considered context-conditions 

(e.g. including weather conditions, various levels of schedule flexibility, etc.) would also result in 

interesting numerical simulation results. An automatic process to generate the universal choice 

set can be implemented, by multiplying the possible activity facets to each other and then apply 

some restrictions to delete the non-feasible activity profiles that may have been generated. 
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Additionally, the activity profiles used in the simulation can be extended, by including more 

outcomes, such as environmental and ecological concerns. Furthermore, extending the model to 

the household level and incorporating household interactions, would lead to potentially very 

interesting results, as well. In addition, predicting the exact long-term adaptations of the agents, 

would be an important extension of the proposed model. Finally, a study on the uncertainty of the 

model can be conducted, since it contains various stochastic components (Monte Carlo 

simulations, etc.). 

In addition, incorporating social interaction in the proposed dynamic model would result 

in a great improvement of it. Information exchange among the agents, which could also result in 

aspiration adjustment, would constitute the model more realistic. Han et al’s work (Han, et al., 

2007) on social influences on choice set formation would be helpful towards this direction. 

According to them, impacts on activity participation (joint activity participation, support-and-

help activities) and impacts on decision making (information exchange, social adaptation of 

preferences and aspirations) can be distinguished as the two main areas of social influence. 

Hackney & Axhausen (2006) conducted a similar simulation. Finally, it is likely that social 

interactions play a role also in longer-term decisions. Since such decisions concern alternatives 

not experienced before (other residential areas, changes in work status etc.), peers’ knowledge 

and experience may provide useful information (Páez & Scott, 2007). Incorporating social 

interactions in the dynamic model outlined in this dissertation, would constitute it a useful 

framework to study the diffusion of any newly available information. For instance, circumstances 

under which social learning leads to herd behavior would become possible to be simulated, as 

well as what happens when moving to a new city with a new set of social connections. Likewise, 

the impact of a new trend in lifestyle introduced by a particular shopping concept, such as e-

commerce, would become possible to be simulated. 

Moreover, future research can be directed towards the incorporation of subjective well-

being and quality of life indicators in the proposed dynamic model. In addition, advanced data 

collection technologies, such as GPS-surveys and smartphone applications can advance the 

collected empirical data and contribute to the effort of validating dynamic models of activity-

travel behavior. Finally, qualitative research (based on protocols, decision tables or laddering 

techniques), aiming at finding decision rules and eliciting decision making mechanisms, could 

serve for better understanding of the collected quantitative data of dynamic activity-travel 

behavior and triangulation.  
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Summing up, the major contribution of this study was to generate a framework of 

dynamic activity-travel behavior, within which short and long-term adaptations can be modeled. 

Satisficing behavior and bounded rationality mechanisms are integrated in the proposed 

framework. The model of dynamic activity-travel behavior can be a useful tool when evaluating 

the direct or primary and especially the secondary effects of various spatial, transportation or 

land-use policies, since it links the short and long-term time horizon. Moreover, it constitutes a 

crucial part of a fully-fledged dynamic model of activity-travel behavior. Finally, it provides a 

better insight into the behavioral dynamics of individuals and their inertia to changes. 

In an era of big-data access, multi-core processors, and cloud computing, the ambition of 

transportation demand modelers has never been greater. The hope is that the preliminary findings 

of this thesis could raise interest in the dynamic activity-travel behavior, as well as in 

microsimulating people’s complex travel patterns in the time-space continuum.  
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Appendix A.1   

 Numerical simulation input data 

The following tables include the input data for the numerical simulations that are 

presented in chapter 4. 

 

address agent 1 agent 2 agent 3 agent 4 agent 5 

home Pisanostraat 580 Opwettensemolen 

350, Woenselse 

Watermolen 

Pasteurlaan 

55, Eikenburg 

Refeling 45, 

5672 CH Nuenen 

Betuwepad 

20, 5691 LN, 

Son en 

Breugel 

work Máxima Medisch 

Centrum, 

Veldhoven  

Vogel's Products 

B.V., 

Hondsruglaan 93, 

5628 DB  

IKEA, 

Ekkersrijt 

4089, 5692 

DB Son 

Philips Medical 

Systems 

International 

B.V. 

Veenpluis 4-6, 

5684 PC Best 

 

 

 

Jan 

Hilgersweg 

11, 5657 ES 

Flight Forum 

super 

market 

Lidl, 

Winkelcentrum 

Woensel 410, 

5625 AG  

Woenselse Markt 

5, 5612CP  

Albert Heijn 

Supermarkt 

BV, Franz 

Leharplein 19, 

5654 AZ  

van Gerwen / A 

Hoge Tom 41, 

5673 LW 

Nuenen 

 Plus 

Rijsemus Son 

B.V., 

Amerikalaan 

4, 5691 KD 

Son 

sport-

club 

Bekerakker 11, 

5625 VX 

Woensel-Noord 

TU/e sportcentrum 

Eindhoven 

Theo 

Koomenlaan 

1, 5644 HZ  

Tennisvereniging 

Wettenseind, Het 

Puyven 8, 5672 

RE Nuenen 

Tennishal en 

Sportcentrum 

De Gentiaan, 

Vlielandlaan 

12, 5691 ZK 

Son 

friends 

home 

Treurenburgstraat Bouvigne 62, 5653 

Gestel 

Willem-

Alexanderlaan 

14 5664 AN 

Geldrop 

Bredalaan 180, 

5652 JD 

Eindhoven 

Pagelaan 12, 

5641 CB 

Tongelre 

Table A.1: The addresses used for creating the universal choice set, which is input to the 

numerical simulation. 
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Table A.2: The universal choice set, which is input in the simulation. 
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Table A.3: Input table to the simulation, including the corresponding to every activity profile 

travel time and travel cost values. 
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Table A.4: Input table to the simulation, based on which a Monte Carlo simulation is conducted 

(in order to simulate the condition that is experienced by an agent at time t). 

 

 

Table A.5: Input table to the simulation, according to which the beliefs of the agents are 

formulated.  

 

 

Table A.6: Input table to the simulation with the actual system probabilities of delay (a Monte 

Carlo simulation, which is based on those probabilities, generates the experienced delays). 
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Table A.7: Input table to the simulation with the conditional and unconditional aspiration values 

of the agents.  

 

 

Table A.8: Input table to the simulation with the preference values of the agents (for every 

activity facet). 
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Appendix A.2  

 Stated adaptation questionnaire 
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