<]
TUDelft

Delft University of Technology

Document Version
Final published version

Citation (APA)
Sun, G. (2026). Cognitive Biases and Mitigation Strategies within Multi-Attribute Value Theory. [Dissertation (TU Delft),
Delft University of Technology]. https://doi.org/10.4233/uuid:0ea084c3-92db-448a-bb6f-56f700535d17

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright

In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.

Unless copyright is transferred by contract or statute, it remains with the copyright holder.

Sharing and reuse

Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.4233/uuid:0ea084c3-92db-448a-bb6f-56f700535d17

Cognitive Biases and Mitigation Strategies
within Multi-Attribute Value Theory

Geqie SUN






Cognitive Biases and Mitigation Strategies
within Multi-Attribute Value Theory

Dissertation

for the purpose of obtaining the degree of doctor
at Delft University of Technology
by the authority of the Rector Magnificus,
Prof.dr.ir. H. Bijl,
chair of the Board for Doctorates
to be defended publicly on
Wednesday, 13 May 2026 10:00

by

Geqgie SUN



v

This dissertation has been approved by the promotors.

Composition of the doctoral committee:

Rector Magnificus, chairperson

Prof.dr. J. Rezaei, Delft University of Technology, promotor

Dr.ir. M. Kroesen, Delft University of Technology, promotor

Independent Members:

Prof.dr. S. Roeser, Delft University of Technology, The Netherlands

Prof.dr. M, Abdellaoui, Ecole des hautes études commerciales de Paris, France

Dr. B. Fasolo, The London School of Economics and Political Science, United Kingdom
Dr. S.A. Kusumastuti, University of Twente, The Netherlands

Prof.dr.ir. I.R. van de Poel, Delft University of Technology, The Netherlands, reserve member

Keywords: Cognitive bias; Bias mitigation; Multi-criteria decision making; Behavioral decision making;
Multi-attribute value theory

Printed by: Haveka

Cover by: Gegie SUN

Copyright: 2026 by Gegie SUN

ISBN: 978-94-6518-306-0

An electronic version of this dissertation is available at: http://repository.tudelft.nl



“Cried, but did it.”

Dedicated to those who never give up.






Acknowledgment

Before I began my PhD journey in the Netherlands, I had many imaginations of what this
experience might be like. None of them, however, came close to the richness and complexity of
what I have lived through over the past four years. This journey has been filled with excitement
and nervousness, anxiety and fulfillment, tears and fears, and many emotions that are difficult
to describe. All of these experiences have shaped me, both academically and personally, and
have ultimately brought me to this moment.

First and foremost, I would like to express my sincere gratitude to my promotor, Prof.dr.
Jafar Rezaei, for his continuous guidance, support, and trust throughout the process. The begin-
ning of my PhD was a particularly difficult period. I doubted my abilities and, at times, almost
lost hope. During this challenging phase, you supported me patiently and consistently, helping
me step by step and guiding me through moments when I felt completely stuck. Throughout this
journey, I have learned an enormous amount from you, not only about research and scientific
writing, but also about how to think critically and independently. Beyond academic guidance,
you have always shown genuine care for my well-being, for which I am deeply grateful. In
the darkest moments of my research, your support meant more to me than words can express. |
sincerely appreciate your wisdom, patience, humor, knowledge, and kindness, all of which have
played a crucial role in shaping my development as an independent researcher.

I would also like to sincerely thank my other promotor, Dr.ir. Maarten Kroesen. You are the
calmest and most relaxed member of the supervisory team, and your attitude has had a positive
and lasting influence on my PhD journey. You have always been supportive and approachable,
which made it natural and productive to discuss ideas and doubts with you. You consistently
raised critical questions about my research topics and concepts, prompting me to reflect more
deeply and think carefully about complex issues. I am deeply grateful for the guidance and
constructive feedback you provided throughout this research, which helped sharpen my argu-
ments and improve the clarity of my work. I greatly enjoyed our discussions and conversations,
and I also appreciate your genuine care for my well-being and your willingness to offer support
whenever needed. I truly value the reassuring and positive environment you created during my
PhD.

I would like to express my heartfelt thanks to Pelin Giiliim, my dearest research partner. We
have shared so many moments throughout this PhD journey that I can hardly imagine going
through it without you. We discussed research and life, supported each other through chal-
lenges, and celebrated achievements together. Your companionship and support meant more to
me than I can express, and I sincerely value our friendship. I am also very grateful to Qiuju
Xue. It is truly special that we share so much in common in our backgrounds, which made
our connection feel natural from the very beginning. I greatly enjoyed all the conversations we

vil



viii

had about research, relationships, family, and life in general. Those exchanges brought both
comfort and joy during my PhD journey. I am grateful that you two can be my paranymphs for
my PhD defense.

I would also like to express my gratitude to my colleagues for the cheerful, supportive,
and inspiring environment we created and shared: Kailas, Arina, Laura, Mahsa, Francisco, Su
Li, Somayeh, Patrick, Julien, Erik, Gabriel, Nicoel, Liubov, Joslyn, Ali, Mohammad, Lukas,
Ingrid, Jessie, Sugandha, Thaddaeus, Steven, Esra, Joseph, Jerico, Palok, Nely, Arnoud, Lion,
Hong Yan, Kailan Wu, Shahrzad, Mahendra, Benjamin, Mengying Zhou, Qun Wu, Fei Wu,
Cherelle, Nicolas, Katefina, Jan Anne, Sander, Yousef, Eric, Niek, and Baiba. Thank you for
your kindness, collaboration, and the positive atmosphere that made working together such a
pleasure.

My heartfelt gratitude goes to my dear friends, Sijia Kong and Yiyuan Zou. We have spent
countless days and nights together in Delft, and shared many moments of laughter and tears.
Your companionship made the difficult times lighter and the joyful moments even more mean-
ingful. I am deeply grateful for your friendship and unwavering support throughout this journey.
I am equally grateful to all the wonderful friends I met during my time in the Netherlands: Yue-
fan Pan, Sihan Wang, Sidi Liu, Tianyi Deng, Lucia, Zhengang Xia, Yuwei Huang, Jiaxing Fang,
Zhenjie Wang, Pengtao Gao, Guangze Qin, Jiarui Zhang, Begum, Zeynep, Tugba, Yuri, Jessie
Zhang, Hongyan Wu, Yifei Li, Xiangyu Yang, Hanyu Hu, and Lan Yan. Thank you all for the
warmth, laughter, and countless joyful memories we created together, which made life abroad
truly special. I would also like to thank my boyfriend, Tijmen. I am grateful for your love, care,
and sincerity. I have truly cherished the time we have spent together, through both light-hearted
moments and more challenging times. Your kindness, patience, and steady support have been a
source of strength for me.

I would also like to thank my friends from China, who have always been supportive and
caring, no matter the distance. Wenxin Zhang, you have always been there for me, and I know
I can trust you. Thank you for patiently listening to all my worries and for celebrating my
achievements with me. Le Du, Ziwei Ren, Xi Yu, Boyu Wan, and Chenglei Diao, we have
been the best team for many years, and [ am grateful for all the wonderful memories we created
together. Beijing will become a part of my life because of you. Jiexin Du and Yuxin Tian,
we have known each other since childhood, and I sincerely thank you for your long-lasting
friendship, understanding, and support throughout the different stages of my life. Linshuang
Tu, my dear friend, thank you for your enduring friendship, and I wish you all the very best as
you complete your PhD.

Last but not least, I would like to thank my family, without whom this PhD would not have
been possible. To my mother, Suzhen Xiang, and my father, Baohua Sun, I am deeply grateful
for your love, support, and understanding. Knowing that I can always rely on you has given
me strength throughout this journey. I have inherited and learned so much from you, and these
values will always be a part of who I am. To my sister, Xiaoyan Tang, I am deeply grateful for
your love and care. You have always been a constant source of support and encouragement. |
am truly thankful to have you as my sister.

Geqie Sun
Delft, December 2025



Contents

Acknowledgment vii
Summary xi
Samenvatting XV
Summary in Chinese Xix
1 Introduction 1
1.1 Background . . . . . . .. ... 1
1.2 ResearchGaps . . . . . . . . . . . . . . e 3
1.3 ResearchFocus . . . ... .. . .. . . ... .. .. e 4
1.4 Research Questions . . . . . . . . . . . v v i v v e 6
1.5 Dissertation Outline . . . . . . . . . . . ... ... .. 8

2

3

Anchoring Bias in Value Function Elicitation within Multi-Attribute Value Theory 15

2.1 Introduction . . . . . . . . . ... 16

2.2 Anchoring Bias . . . . . . ... 18

2.3 Multi-Attribute Value Theory . . . . . . . . .. .. ... ... ... 20

2.4 Hypotheses Development . . . . . . . . ... ... ... 22

2.5 ExperimentDesign . . . . .. . .. ... ... 25

2.5.1 The Experiment Overview . . . . . . .. ... ... ... ....... 25

2.5.2 Participants . . . . . ... e 29

2.6 Resultsand Discussion . . . . . . .. ... ... 31
2.6.1 Hypothesis 1: Impact of Low vs. High Anchors on Midvalue Points

and Value Function Shape . . . . .. ... ... .. ... ....... 31

2.6.2 Hypothesis 2: Effectiveness of Debiasing Strategies . . . . . . . . . .. 33

2.6.3 Hypothesis 3: Impact of Anchoring on the Overall Value of Alternatives 34

2.6.4 Implications for Similar Procedures . . . . . . ... ... .. .. ... 37

277 Conclusion . . . ... e 38

Anchoring Bias in the Tradeoff Procedure within Multi-Attribute Value Theory 45

3.1 Introduction . . . . . . . . . ... 46

3.2 The Anchoring Bias and its Role in Multi-Attribute Decision Making . . . . . 48

3.3 An Overview of the Tradeoff Procedure . . . . . ... ... ... ....... 51

3.3.1 Multi-Attribute Value Theory . . . . ... ... ... ... .. .... 51

3.3.2 Tradeoff Procedure . . . . . . ... .. .. ... ... ... .. 53

3.3.3 Best-Worst Tradeoff Method . . . . . . . ... .. ... ........ 55

3.4 Hypotheses Development . . . . . . . . ... ... ... ... 57

3.5 Experimental Design . . . . . .. ... ... ... 61

3.6 Resultsand Discussion . . . . . . .. ... ... 64

37 Conclusion . . . . ... 68

Framing and Loss Aversion in Decisions with Multiple Objectives 75

4.1 Introduction . . . . . . . . ... 76

4.2 Gain-Loss Bias and its Role in Multi-Attribute Decision-Making Methods . . . 77

4.3 Multi-Attribute Value Theory . . . . . . . . . . .. .. ... ... ... 80

1X



X Contents

4.4 Hypotheses Development . . . . . .. .. ... ... . 82
4.4.1 Loss Aversion in the Tradeoff Procedure . . . . . . . . ... ... ... 82

4.4.2 Framing Effect on Attribute-Specific Value Functions . . . . . . . . .. 85

4.4.3 Framing Effecton Weight . . . . .. .. ... ... ... ....... 87

4.5 ExperimentDesign . . . . . . . ... L 89
4.6 Resultsand Discussion . . . . . . .. .. ..o Lo 91
4.6.1 The Loss Aversion within the Tradeoff Procedure . . . . . . . ... .. 91

4.6.2 The Framing Effect on Attribute-Specific Value Function . . . . . . . . 93

4.6.3 The Framing Effecton Weight . . . . . . ... ... ... ... .... 96

477 Conclusion . . . . . ... e e 97

5 The Mitigation Role of Multi-Attribute Value Theory on Status Quo Bias 103
5.1 Introduction . . . . . . ... 104

5.2 Theoretical Background and Hypotheses . . . . . . .. ... .. ... ..... 105

5.3 Multi-Attribute Value Theory . . . . . . . . .. .. ..o 107

54 ExperimentDesign . . . . ... ... ... 109

5.5 Resultsand Discussion . . . . . . . .. L. Lo 110
5.5.1 Status Quo BiasinRanking . .. ... .. ... ... ... ... 111

5.5.2 Status Quo Biasin MAVT . . . . ... ... ... ... ........ 113

5.53 Status Quo BiasinWeights . . . . . .. ... ..o 115

5.5.4 Status Quo Bias in Attribute-Specific Value Functions . . . . . .. .. 116

5.5.5 The Mechanism of Status Quo Biasin MAVT . . . . ... ... .. .. 117

5.6 Conclusion . . . . .. L 119

6 Conclusion 125
6.1 KeyFindings . . . . . . . . . . 126

6.2 Theoretical and Practical Implications . . . . . .. .. .. ... ... ... .. 130

6.3 Limitations and Future Research . . . . . . .. .. ... ... ... ... .. 132
Appendix 137
A Appendix - Questionnaire design for Chapter2 . . . . . ... ... ... ... 138

About the author 141



Summary

Decision-making permeates everyday life, yet the consequences of poor judgment become par-
ticularly severe in important or high-stakes contexts. Many such decisions take the form of
multi-attribute decision-making (MADM) problems, where decision-makers must evaluate al-
ternatives described by multiple, often conflicting attributes. MADM methods offer a nor-
mative, systematic, and structured framework to support these decisions by decomposing the
problem into a sequence of elicitation tasks. Through structured procedures, they elicit attribute-
specific preferences, assess tradeoffs, aggregate intermediate judgments, and produce a solution
that is optimal under the method’s axiomatic foundations.

However, research in psychology has identified numerous cognitive biases that can lead to
errors in human judgment when individuals process and interpret information. Cognitive biases
occur due to the use of heuristics to reduce task complexity. Such usage is usually effective in
arriving at a good enough rather than an optimal solution. Since human judgments are criti-
cal inputs of MADM methods, biases can emerge and accumulate across multiple intermediate
preference elicitation stages, which can significantly undermine the quality of the final deci-
sion. A poor decision in critical areas can result in financial losses, wasted time, misallocated
resources, and a significant social impact. Ensuring that MADM methods are not only nor-
matively sound but also behaviorally robust, therefore requires a careful examination of how
cognitive biases influence each stage of the elicitation process.

Within behavioral decision research (BDR), researchers have identified numerous biases
relevant to decision analysis and distinguished between those that are relatively easy to correct
and those deeply embedded in cognition. Yet empirical evidence on how these biases manifest
within MADM procedures remains limited. This dissertation addresses this gap by investigating
four cognitive biases, anchoring bias, framing effect, loss aversion, and status quo bias, within
multi-attribute value theory (MAVT), one of the most widely applied MADM methods. These
biases were selected because they arise from different stages of the decision process, are theo-
retically connected to reference dependence, and thus collectively provide a coherent basis for
examination. MAVT structures preference elicitation into two main components: the elicitation
of attribute-specific value functions and the elicitation of tradeoff weights. This decomposition
offers a transparent and quantitative framework for analyzing where and how biases emerge and
for developing more targeted debiasing strategies.

Chapter 1 introduces the research background, identifies the gap in existing literature, for-
mulates the main research questions, and outlines the dissertation structure. It develops three
sub-research questions. RQ1 focuses on the effect of anchoring bias within MAVT and devel-
ops debiasing strategies. RQ2 investigates the interaction of framing effect and loss aversion
across multiple stages of MAVT and explores possible debiasing strategies. RQ3 explores the
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mitigation potential of MAVT in reducing status quo bias, which prior BDR research has clas-
sified as easy to correct within a decision analysis method. Investigating the three sub-research
questions together motivates four empirical studies.

Chapter 2 investigating anchoring bias in the attribute-specific value function elicitation
step of MAVT. Anchoring bias refers to the tendency to make insufficient adjustment from an
anchor. In Chapter 2, it hypothesizes that the use of starting points in the midvalue splitting
procedure can lead to biased attribute-specific value functions and ultimately decision results.
It also develops two debiasing strategies, no-anchor and counter-anchor, integrated directly into
the midvalue splitting procedure. Although this study focuses on the midvalue splitting pro-
cedure, the insights generalize to other value function elicitation methods (e.g., the lock-step
procedure, the standard difference procedure, and direct rating). These methods similarly rely
on analyst-provided starting points to guide the identification or elicitation of intermediate val-
ues and employ iterative steps that can carry and amplify anchoring effects throughout the
construction of the value function.

Chapter 3 focuses on anchoring bias in the tradeoff procedure within MAVT. In the tra-
ditional tradeoff procedure, the weights are calculated by quantifying the tradeoff a decision-
maker is willing to make between the most important attribute and each of the rest attributes.
Therefore, the most important attribute is used repeatedly to construct indifference pairs for
eliciting weights, which may serve as an implicit anchor. Chapter 3 hypothesizes that this an-
choring leads to inconsistencies in the elicited weights across conditions. It also hypothesizes
that the Best-Worst Tradeoff method is effective in reducing such bias due to the use of both
the most and least important attributes in the procedure. This study highlights the identifica-
tion and examination of implicit anchors embedded within the elicitation procedures of MADM
methods.

Chapter 4 extends the investigation from single biases to examining the combined effect of
framing effect and loss aversion across multiple stages of MAVT. It hypothesizes that (i) framing
the same attribute in gains or losses can lead to different attribute-specific value functions; (ii)
loss aversion in the tradeoff procedure can lead to different weights for the same attribute; (iii)
the joint influence of framing and loss aversion can reinforce distortions in the final weights.
The study also evaluates several mitigation strategies, such as homogeneous framing, using
both gain- and loss-framed tradeoff procedures, and group decision-making. It demonstrates
the importance of examining multiple biases simultaneously and illustrates how certain biases
can naturally counteract each other, thereby reducing distortions in decision outcomes.

Chapter 5 turns to the mitigation potential of the method itself by examining whether
MAVT can reduce status quo bias. While previous studies have focused on how cognitive bias
can distort intermediate judgments and the decision outcomes of MAVT, they also offer impor-
tant prescriptive insights into how to address them within the structured elicitation procedures
of MAVT. This study shows that although the status quo bias influences the elicited weights,
the structured procedures of MAVT reduce the bias significantly in the final decision outcome.
It further demonstrates that MADM methods can be used to mitigate biases.

Chapter 6 concludes the dissertation by summarizing the key findings of each study and
answering the research questions. It also discusses several theoretical and practical implications
for the BDR and MADM research fields. Limitations and future research directions regarding
the experiment design, multiple cognitive bias interactions, and debiasing strategies, as well as
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the behavioral robustness of all MADM methods, have been identified.

In conclusion, investigating cognitive biases within MADM, and particularly within the
MAVT, provides deeper insight into the decision-making process because these methods de-
compose complex decisions into simpler elicitation steps. This structure makes it possible to
identify where and how specific biases emerge, and to observe whether their effects are carried
through, amplified, or attenuated in the final decision. This dissertation presents comprehen-
sive empirical evidence on how anchoring bias, framing effects, loss aversion, and status quo
bias influence MAVT across different stages of preference elicitation and in decision outcomes.
At the same time, the findings highlight a fundamental duality of MADM methods: while the
structured procedures of MADM methods can introduce or reinforce cognitive biases, they also
create opportunities to mitigate them. When the sources and mechanisms of bias are under-
stood, the same structure that exposes decision-makers to bias can be redesigned or leveraged
to reduce it, thereby enhancing the behavioral robustness of MADM methods.






Samenvatting

Besluitvorming is verweven met het dagelijks leven, maar de gevolgen van een verkeerde in-
schatting zijn bijzonder ernstig in belangrijke of hoog-risicovolle contexten. Veel van dergelijke
beslissingen nemen de vorm aan van multi-attribuut besluitvorming (MADM) vraagstukken,
waarbij besluitvormers alternatieven moeten evalueren die beschreven worden door meerdere,
vaak tegenstrijdige attributen. MADM-methoden bieden een normatief, systematisch en ge-
structureerd kader om deze beslissingen te ondersteunen door het probleem te ontleden in een
reeks elicitatietaken. Middels gestructureerde procedures vragen zij attribuut-specifieke voor-
keuren uit, beoordelen zij afwegingen, aggregeren zij tussentijdse oordelen en produceren zij
een oplossing die optimaal is volgens de axiomatische grondslagen van de methode.

Onderzoek in de psychologie heeft echter talrijke cognitieve biases geidentificeerd die tot
fouten in het menselijk oordeel kunnen leiden wanneer individuen informatie verwerken en in-
terpreteren. Cognitieve biases ontstaan door het gebruik van heuristieken om de taakcomplexi-
teit te verminderen. Het gebruik van heuristieken is doorgaans effectief om tot een oplossing te
komen die ‘goed genoeg’ is, in plaats van een optimale oplossing. Aangezien menselijke oorde-
len cruciale input vormen voor MADM-methoden, kunnen biases ontstaan en zich opstapelen
gedurende meerdere tussentijdse stadia van voorkeurselicitatie, wat de kwaliteit van de uitein-
delijke beslissing aanzienlijk kan ondermijnen. Een slechte beslissing op kritieke gebieden kan
leiden tot financiéle verliezen, verspilde tijd, verkeerd toegewezen middelen en een aanzienlijke
maatschappelijke impact. Het waarborgen dat MADM-methoden niet alleen normatief deug-
delijk maar ook gedragsmatig robuust zijn, vereist daarom een zorgvuldig onderzoek naar hoe
cognitieve biases elke fase van het elicitatieproces beinvloeden.

Binnen het gedragswetenschappelijk beslissingsonderzoek (BDR) hebben onderzoekers tal-
rijke biases geidentificeerd die relevant zijn voor beslissingsanalyse en een onderscheid ge-
maakt tussen biases die relatief eenvoudig te corrigeren zijn en biases die diep geworteld zijn
in de cognitie. Toch blijft empirisch bewijs over hoe deze biases zich manifesteren binnen
MADM-procedures beperkt. Dit proefschrift adresseert dit hiaat door vier cognitieve biases te
onderzoeken: het ankereffect (anchoring bias), het framingeffect, verliesaversie (loss aversion)
en de status quo bias, binnen de multi-attribuut waardetheorie (MAVT), een van de meest toege-
paste MADM-methoden. Deze biases zijn geselecteerd omdat zij voortkomen uit verschillende
stadia van het besluitvormingsproces, theoretisch verbonden zijn met referentieathankelijkheid
en zodoende gezamenlijk een coherente basis voor onderzoek vormen. MAVT structureert voor-
keurselicitatie in twee hoofdcomponenten: de elicitatie van attribuut-specifieke waardefuncties
en de elicitatie van afwegingsgewichten. Deze decompositie biedt een transparant en kwanti-
tatief kader voor het analyseren van waar en hoe biases ontstaan en voor het ontwikkelen van
meer gerichte debiasing-strategieén.

XV



XVl Samenvatting

Hoofdstuk 1 introduceert de onderzoeksachtergrond, identificeert het gat in de bestaande
literatuur, formuleert de hoofdonderzoeksvragen en beschrijft de structuur van het proefschrift.
Het werkt drie deelonderzoeksvragen uit. De eerste onderzoeksvraag richt zich op het effect
van anchoring bias binnen MAVT en ontwikkelt debiasing-strategieén. De tweede onderzoeks-
vraag onderzoekt de interactie van het framingeffect en verliesaversie gedurende meerdere fasen
van MAVT en verkent mogelijke debiasing-strategieén. De derde onderzoeksvraag verkent het
potentieel van MAVT om status quo bias te verminderen, die door eerder BDR-onderzoek is ge-
classificeerd als eenvoudig te corrigeren binnen een beslissingsanalysemethode. Het gezamen-
lijk onderzoeken van de drie deelonderzoeksvragen vormt de motivatie voor vier empirische
studies.

Hoofdstuk 2 onderzoekt anchoring bias in de stap van de elicitatie van attribuut-specifieke
waardefuncties van MAVT. Anchoring bias verwijst naar de neiging om onvoldoende aanpas-
sing te doen ten opzichte van een anker. In Hoofdstuk 2 wordt de hypothese gesteld dat het
gebruik van startpunten in de midvalue splitting-procedure kan leiden tot vertekende attribuut-
specifieke waardefuncties en uiteindelijk tot vertekende beslissingsuitkomsten. Tevens worden
twee debiasing-strategieén ontwikkeld, no-anchor en counter-anchor, die direct in de midva-
lue splitting-procedure worden geintegreerd. Hoewel deze studie zich richt op de midvalue
splitting-procedure, zijn de inzichten generaliseerbaar naar andere methoden voor waardefunctie-
elicitatie (bijv. de lock-step-procedure, de standard difference-procedure en direct rating). Deze
methoden vertrouwen eveneens op door de analist aangedragen startpunten om de identificatie
of elicitatie van tussenliggende waarden te sturen en maken gebruik van iteratieve stappen die
anchoring-effecten kunnen meedragen en versterken gedurende de opbouw van de waardefunc-
tie.

Hoofdstuk 3 richt zich op anchoring bias in de trade-off procedure binnen MAVT. In de
traditionele trade-off procedure worden de gewichten berekend door de trade-off te kwantifi-
ceren die een besluitvormer bereid is te maken tussen het belangrijkste attribuut en elk van de
overige attributen. Daarom wordt het belangrijkste attribuut herhaaldelijk gebruikt om indiffe-
rentieparen te construeren voor het eliciteren van gewichten, wat kan fungeren als een impliciet
anker. Hoofdstuk 3 veronderstelt dat deze anchoring leidt tot inconsistenties in de geéliciteerde
gewichten over verschillende condities heen. Tevens wordt verondersteld dat de Best-Worst
Trade-off methode effectief is in het verminderen van dergelijke bias, vanwege het gebruik van
zowel de belangrijkste als de minst belangrijke attributen in de procedure. Deze studie belicht
de identificatie en het onderzoek naar impliciete ankers die ingebed zijn in de elicitatieprocedu-
res van MADM-methoden.

Hoofdstuk 4 breidt het onderzoek uit van enkelvoudige biases naar het onderzoeken van
het gecombineerde effect van het framingeffect en verliesaversie gedurende meerdere fasen
van MAVT. Het veronderstelt dat (i) het framen van hetzelfde attribuut in termen van winst of
verlies kan leiden tot verschillende attribuut-specifieke waardefuncties; (ii) verliesaversie in de
trade-off procedure kan leiden tot verschillende gewichten voor hetzelfde attribuut; (iii) de geza-
menlijke invloed van framing en verliesaversie vertekeningen in de uiteindelijke gewichten kan
versterken. De studie evalueert tevens diverse mitigatiestrategieén, zoals homogene framing,
het gebruik van zowel gain- als loss-framed trade-off procedures en groepsbesluitvorming. Het
toont het belang aan van het gelijktijdig onderzoeken van meerdere biases en illustreert hoe
bepaalde biases elkaar op natuurlijke wijze kunnen compenseren, waardoor vertekeningen in
beslissingsuitkomsten worden verminderd.
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Hoofdstuk 5 richt zich op het mitigatiepotentieel van de methode zelf door te onderzoeken
of MAVT status quo bias kan verminderen. Hoewel eerdere studies zich hebben gericht op
hoe cognitieve bias tussentijdse oordelen en de beslissingsuitkomsten van MAVT kan verteke-
nen, bieden zij ook belangrijke prescriptieve inzichten in hoe deze binnen de gestructureerde
elicitatieprocedures van MAVT kunnen worden aangepakt. Deze studie toont aan dat, hoewel
de status quo bias de geéliciteerde gewichten beinvloedt, de gestructureerde procedures van
MAVT de bias in de uiteindelijke beslissingsuitkomst aanzienlijk verminderen. Tevens wordt
aangetoond dat MADM-methoden kunnen worden ingezet om biases te mitigeren.

Hoofdstuk 6 besluit het proefschrift door de belangrijkste bevindingen van elke studie sa-
men te vatten en de onderzoeksvragen te beantwoorden. Het bespreekt tevens verscheidene the-
oretische en praktische implicaties voor de onderzoeksgebieden BDR en MADM. Beperkingen
en toekomstige onderzoeksrichtingen met betrekking tot de experimentopzet, interacties tussen
meerdere cognitieve biases en debiasing-strategieén, evenals de gedragsmatige robuustheid van
alle MADM-methoden, zijn geidentificeerd.

Concluderend biedt het onderzoeken van cognitieve biases binnen MADM, en in het bij-
zonder binnen de MAVT, dieper inzicht in het besluitvormingsproces, omdat deze methoden
complexe beslissingen ontleden in eenvoudigere elicitatiestappen. Deze structuur maakt het
mogelijk te identificeren waar en hoe specifieke biases ontstaan, en waar te nemen of hun effec-
ten worden doorgegeven, versterkt of afgezwakt in de uiteindelijke beslissing. Dit proefschrift
presenteert uitgebreid empirisch bewijs over hoe anchoring bias, framingeffecten, verliesaver-
sie en status quo bias MAVT beinvloeden gedurende verschillende stadia van voorkeurselicitatie
en in beslissingsuitkomsten. Tegelijkertijd belichten de bevindingen een fundamentele dualiteit
van MADM-methoden: hoewel de gestructureerde procedures van MADM-methoden cogni-
tieve biases kunnen introduceren of versterken, creéren ze ook mogelijkheden om deze te miti-
geren. Wanneer de bronnen en mechanismen van bias worden begrepen, kan dezelfde structuur
die besluitvormers blootstelt aan bias worden herontworpen of benut om deze te verminderen,
waardoor de gedragsmatige robuustheid van MADM-methoden wordt vergroot.
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Chapter 1

Introduction

1.1 Background

Decision-making plays a central role in numerous real-world contexts, ranging from everyday
choices to high-stakes decisions in the corporate and public sectors. Whereas simple decisions
can often be made intuitively without major consequences, poor decisions in critical contexts,
such as investment decisions, strategic corporate decisions, or public policy making, can lead
to substantial financial losses, wasted resources, and wide-ranging societal impacts. Because
such decisions typically involve multiple criteria, heterogeneous stakeholders, and complex
tradeoffs, unaided intuitive judgment is often insufficient. As a result, decision analysis methods
are widely employed to support more systematic, transparent, and informed decision-making.

Multi-criteria decision-making (MCDM) problems refer to decision problems described by
multiple, often conflicting criteria. To support decision-makers addressing such problems, the
field of multi-criteria decision analysis (MCDA) develops formal methods for structuring deci-
sion problems, eliciting preferences, and evaluating alternatives in a systematic manner. MCDM
can be broadly classified as (Hwang & Yoon, 1981; Tzeng & Huang, 2011; Zanakis et al., 1998):
(i) multi-attribute decision-making (MADM), which concerns evaluating a finite set of alterna-
tives on multiple, potentially conflicting attributes; and (ii) multi-objective decision-making
(MODM), which typically involves optimizing continuous objectives under constraints. This
dissertation focuses on MADM.

MADM methods provide a normative framework for representing and aggregating decision-
makers’ preferences (Belton & Stewart, 2012; Figueira et al., 2005; Howard, 2007). Their
mathematical foundations ensure that, under their respective axiomatic assumptions, the de-
cision outcomes are normatively optimal (Fishburn, 1970, 1989). In practice, the application
of MADM methods involves a series of elicitation procedures, such as attribute identification,
value function elicitation, and tradeoff assessment, that decompose the holistic judgment task
into simpler components. A decision analyst typically guides the decision-maker through these
steps using clear, non-technical language (Keeney, 1977). This decomposed structure encour-
ages reflection on attribute-level evaluations, makes tradeoffs explicit, and allows the decision-
maker to examine how their preferences are translated into an overall ranking. As a result,
MADM enhances process transparency, improves the justification of decisions, and supports
more constructive engagement among stakeholders with diverse perspectives (Keeney, 1982;
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French, 1989; Roy & Vanderpooten, 1996).

Despite the normative rigor of MADM methods, their performance depends critically on the
quality of the judgment provided by human decision-makers. Decision analysis traditionally
assumes that individuals can offer stable, unbiased, and coherent judgments (Edwards, 1954;
Shafir & LeBoeuf, 2002; Simon, 1978). However, extensive empirical research in psychol-
ogy and behavioral decision research (BDR) shows that this assumption is frequently violated
(Tversky & Kahneman, 1973, 1989, 1974; Kahneman et al., 1979; Slovic et al., 1977; Ein-
horn & Hogarth, 1981; Gilovich, 1981; Dunning et al., 1990; Hogarth, 1981; Cohen, 1981).
Human decision-makers operate under bounded rationality, meaning their cognitive resources,
attention, and information-processing capabilities are limited relative to the complexity of the
decision task (Simon, 1955; Jones, 1999; Miller, 1956). To cope with complexity, individuals
often rely on heuristics (Tversky & Kahneman, 1974), which are simplifying strategies people
use to reduce cognitive effort. These strategies are typically based on satisfying rather than
maximizing utilities; therefore, they can lead to cognitive bias and flawed judgments (Kahne-
man, 2011; Griffin et al., 2001; Peer & Gamliel, 2013). Cognitive bias refers to the systematic
error in judgment that occurs when individuals process and interpret information. Over the
past few decades, hundreds of cognitive biases have been identified and have been shown to
be pervasive across laboratory and field studies (Kahneman & Tversky, 1972, 1973; Tversky &
Kahneman, 1981, 1991, 1983; Kahneman et al., 1979; Kahneman, 2011). As human judgments
are the significant input for decision analysis methods, a flawed judgment can lead to biased,
sub-optimal decision results.

The pervasiveness of cognitive biases has made them a central topic in BDR (Einhorn &
Hogarth, 1981; Payne et al., 1992; Fischhoff & Broomell, 2020; Federspiel et al., 2024; von
Winterfeldt, 1999), which encompasses both descriptive and prescriptive perspectives (Mon-
tibeller & von Winterfeldt, 2024). Descriptive BDR aims to develop theories or models that
describe biases in judgments. Prescriptive BDR focuses on improving judgments and decision
quality, typically by developing debiasing strategies or designing elicitation procedures that
help individuals adhere more closely to normative standards (Milkman et al., 2009). In this
prescriptive context, cognitive bias is defined as “a systematic discrepancy between the ‘cor-
rect’ answer in a judgmental task, given by a formal normative rule, and the decision-maker’s
actual answer” (Montibeller & von Winterfeldt, 2015, pp. 1231). This definition underscores
the central role of normative decision analysis models in identifying and evaluating bias.

A prevailing view within decision analysis is that the structured and systematic nature of
decision analysis methods should, in principle, mitigate biases by promoting more deliberate
thinking (Keeney, 2004). However, empirical evidence indicates that many cognitive biases
persist even when decision-makers follow formal elicitation procedures (Montibeller & von
Winterfeldt, 2015). For instance, cognitive biases such as anchoring bias, equalizing bias, split-
ting bias can significantly impact the results of decision analysis methods (Borcherding & von
Winterfeldt, 1988; Weber & Borcherding, 1993; Fischer, 1995; Fischer et al., 1987; Jacobi &
Hobbs, 2007; Rezaei, 2021; Rezaei et al., 2022, 2024; Hammond et al., 1998; Bond et al.,
2008). These findings suggest that the behavioral performance of decision analysis methods is
more fragile than often assumed, and that the interplay between human judgment and structured
elicitation procedures warrants systematic investigation.

The BDR literature has identified a broad set of biases relevant to decision analysis and
has proposed taxonomies to understand their origins and potential for correction (Arkes, 1991;
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Montibeller & von Winterfeldt, 2015). One widely used classification distinguishes among
three types.

* Strategy-Based biases, arising from heuristic simplifications or effort-reduction strategies
and are often viewed as more amenable to correction through structured elicitation. Examples
include the status quo bias, the endowment effect, and the base rate fallacy.

* Association-Based biases, arising from the automatic activation of mental associations
stored in memory, which becomes a liability when the associations triggered are judgmentally
irrelevant or misleading. Examples include the overconfidence bias, the availability bias, and
the omission bias.

* Psychophysically-Based biases, rooted in perceptual limitations and nonlinear mapping of
physical stimuli to psychological responses. Examples include the anchoring bias, the gain-loss
bias, and the proxy bias.

This classification provides insight into why “decision analysis mitigates bias” may hold for
some cases but not others. In particular, the structured elicitation procedures may help reduce
strategy-based biases by discouraging the use of simple strategies and superficial shortcuts. In
contrast, association-based and psychophysically-based biases, being more deeply rooted in
automatic associations and perceptual processes, may persist despite formal procedures. This
highlights the need for a deeper and systematic investigation into how different biases interact
with decision analysis methods, and how to devise methods such that the effect of these biases
can be reduced.

1.2 Research Gaps

Although a growing body of research in behavioral decision research (BDR) has documented
that cognitive biases can influence human judgments, several important gaps remain in under-
standing how these biases operate within decision analysis methods, particularly in MADM
methods.

First, while cognitive biases have been extensively identified and studied in psychology, rel-
atively little work has examined their impact within decision analysis. Psychological studies
typically investigate simple or binary choices in unaided decision-making environments, where
individuals rely on intuitive or holistic judgments (Gilovich et al., 2002; Tversky & Kahneman,
1974). In contrast, decision analysis addresses more complex MADM problems involving mul-
tiple attributes, multiple alternatives, and explicit tradeoffs, and is implemented within an aided
decision-making environment where structured elicitation procedures and analyst guidance en-
courage deeper reflection (Keeney, 1982). Because of these fundamental differences in decision
problem, decision environment, and process transparency, findings from psychological studies
cannot be directly generalized to decision analysis. MADM methods decompose the decision
process, for instance, by eliciting value functions, assessing weights, and aggregating prefer-
ences, thereby allowing researchers to observe where and how a bias enters the procedure and
how it ultimately influences outcomes. This level of insight is not achievable in studies of un-
aided, holistic decision-making. Consequently, we still lack a systematic understanding of how
cognitive biases affect each stage of MADM elicitation and how they shape the final decision
results.
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Second, most existing work on cognitive biases in decision analysis has focused on descrip-
tive BDR, documenting the presence of biases and their influence on judgments within specific
methods. While this descriptive evidence is essential, it does not address the prescriptive pur-
pose of decision analysis, which is to support and improve decision-making. Therefore, it is
critical to examine not only whether a bias exists but also how to reduce its influence and how
to narrow the gap between the normatively optimal solution a method can produce and the judg-
mental deviations that arise during elicitation. Bias mitigation strategies in decision making can
be generally divided into three categories (Fasolo et al., 2024): (i) debiasing, which aims to
improve bias awareness and provide cognitive tools such as thinking strategies to reduce bias in
judgments and decisions; (i1) choice architecture, which changes the structure of the decision
environment or the presentation of information to support less biased judgments and decisions;
and (ii1) a dual approach that integrates both simultaneously. Since MADM methods have
explicit, stepwise elicitation procedures, they provide unique opportunities for designing and
embedding bias mitigation strategies into the method itself. The bias mitigation streams map
onto the MADM context as follows: (i) debiasing primarily targets the judgmental inputs to the
method, (i1) choice architecture operates through the design of the elicitation and aggregation
procedures, and (iii) the dual approach utilizes the debiasing thinking strategies to redesign the
elicitation procedures such that both the inputs and outputs of MADM methods are less biased.
Yet, current research offers limited insight into how such prescriptive interventions should be
developed or evaluated.

Third, despite increasing awareness that cognitive biases can affect decision analysis, rigor-
ous empirical evidence remains limited, especially in the context of complex MADM settings.
More systematic empirical research is needed to track how biases influence intermediate judg-
ments, how they propagate to final decisions, and to compare different elicitation procedures in
terms of their susceptibility to bias.

Together, these gaps highlight the need for a more comprehensive and empirically grounded
understanding of how cognitive biases interact with the structure of MADM methods. Such
understanding is essential for evaluating the behavioral robustness of decision analysis and for
developing prescriptive strategies that improve judgment quality in complex decision contexts.

1.3 Research Focus

This dissertation examines how cognitive biases manifest within the Multi-Attribute Value The-
ory (MAVT) (Keeney & Raiffa, 1993), a well-known and widely used MADM method. This
theory is grounded in the principles of utility theory, where the objective is to represent DM’s
preferences through a mathematical function that aggregates the values or utilities of different
attributes into a single score. This dissertation focuses on four biases that are both theoretically
central in behavioral decision research and highly relevant to the performance of decision anal-
ysis methods: three psychophysically-based biases (anchoring bias, loss aversion, and framing
effect), and one strategy-based bias (status quo bias). These biases were selected because they
are pervasive across laboratory and field studies, have significant impact on decision-making,
have well-established psychological foundations, and are identified as highly relevant in deci-
sion analysis (Montibeller & von Winterfeldt, 2015). Examining these biases within the struc-
tured framework of MAVT allows us to identify the mechanisms through which biases enter the
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elicitation process and to develop mitigation strategies. Through this analysis, the dissertation
provides broader insights into the behavioral robustness of decision analysis methods.

Several considerations guided the selection of the cognitive biases examined in this disserta-
tion. First, applying a decision analysis method involves four key elements: the decision-maker,
the analyst, the method, and the decision problem. While the analyst is expected to anticipate
potential biases and design the elicitation accordingly, the remaining three elements can still
trigger systematic distortions in the decision-maker’s judgments. These triggers differ in their
origins even though the bias is ultimately expressed by the decision-maker. Anchoring bias and
loss aversion may be activated by the elicitation procedures embedded in the method, such as
numerical anchors introduced during the value function elicitation procedures. The framing ef-
fect can arise from the structure or presentation of the decision problem, such as how attributes
or consequences are described. Status quo bias, in contrast, is not induced by the method or the
problem framing but stems from the decision-maker’s existing state, prior choices, or habitual
reference point. Together, these four biases therefore capture distinct channels through which
cognitive biases can enter a decision analysis process, enabling a comprehensive examination
of how different bias types interact with a structured decision analysis method.

Second, the four biases are theoretically unified through the foundational principles of
prospect theory and, in particular, its core assumption of reference-dependent evaluation. Prospect
theory posits that individuals assess outcomes relative to a reference point, and such reference
dependence gives rise to systematic deviations from normative rationality (Kahneman et al.,
1979; Tversky & Kahneman, 1991). Loss aversion and the framing effect emerge directly from
this mechanism: individuals code outcomes as gains or losses relative to a reference point,
overweight losses compared to commensurate gains, and systematically shift their preferences
when equivalent options are framed as gains or losses (Tversky & Kahneman, 1981). Anchor-
ing bias can also be understood within a reference-dependent framework (Vassilopoulos et al.,
2024; Berg & Moss, 2022; Godlonton et al., 2018; Sagi, 2006). Anchoring bias refers to the
tendency to make insufficient adjustments towards the anchor (Tversky & Kahneman, 1974;
Furnham & Boo, 2011), which could be a reference point. Finally, status quo bias reflects the
tendency to use the current state as the reference point, such that deviations from the status quo
are perceived as potential losses and weighed higher than the potential gains of a new option
(Samuelson & Zeckhauser, 1988; Kahneman et al., 1991). Together, these four biases repre-
sent distinct but closely related manifestations of reference-dependent judgment, making them
theoretically coherent for investigation.

Third, the framing effect and loss aversion are both rooted in people’s sensitivity to equiva-
lent gains and losses, and are generally referred to as gain-loss bias within BDR (Montibeller &
von Winterfeldt, 2015). This allows us to study them jointly, enabling a deeper understanding
of how multiple biases may interact within a decision analysis method.

Finally, the four biases allow us to engage directly with theoretical claims about the relative
difficulty of debiasing (Montibeller & von Winterfeldt, 2015): psychophysically-based biases,
such as anchoring, framing, and loss aversion, are thought to be harder to correct, whereas
strategy-based biases, such as status quo bias, may be more amenable to mitigation through
structured elicitation.

A wide range of multi-attribute decision-making (MADM) methods has been developed
to support complex decision problems, including value-based methods (e.g., MAVI/MAUT
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(Keeney & Raiffa, 1993)), pairwise comparison methods (e.g., AHP (Saaty, 1977), ANP (Saaty,
1996)), distance-based methods (e.g., TOPSIS (Hwang & Yoon, 1981), VIKOR (Opricovic &
Tzeng, 2004)), and outranking methods (e.g., ELECTRE (Roy, 1968), PROMETHEE (Brans &
Vincke, 1985)). These methods differ substantially in how preferences are elicited, represented,
and aggregated, reflecting different assumptions about decision-makers’ judgments and the na-
ture of compensation across attributes. All MADM methods warrant systematic examination
with respect to how cognitive bias can affect their inputs (judgments), and how that affects the
decision-making process and decision outcomes.

Despite these differences, most commonly used MADM methods rely on elicitation pro-
cedures that integrate value judgments and tradeoff assessments in a largely holistic manner.
Whether through pairwise comparisons, scoring rules, distance measures, or outranking rela-
tions, preferences are typically expressed in a way that does not explicitly separate evaluations
of attribute levels from judgments about their relative importance. This intertwined structure
limits the ability to disentangle where distortions arise during the decision-making process, as
potential effects on value judgments and tradeoffs cannot be examined independently. In con-
trast, MAVT explicitly decomposes preference elicitation into two distinct stages: the elicitation
of attribute-specific value functions and the elicitation of attribute weights. This decomposi-
tion provides a transparent and diagnostically precise framework for examining how different
components of the decision-making process contribute to the final outcome. For this reason,
this dissertation focuses on MAVT, while recognizing that extending similar analyses to other
MADM methods remains an important direction for future research.

1.4 Research Questions

The main research question is therefore:

“How do anchoring bias, loss aversion, framing effect, and status quo bias affect the decision-
making process and outcome within multi-attribute value theory, and how can these influences
be mitigated?”

To address this main research question, the dissertation investigates three sub-research ques-
tions, each focusing on a specific bias or combination of biases and on the mechanisms through
which they interact with MAVT.

RQI1: How can anchoring bias affect the attribute-specific value function and weight elici-
tation within multi-attribute value theory, and how can such effects be mitigated?

This research question examines how anchoring bias, one of the most pervasive cognitive
biases arising from insufficient adjustment from an initial reference point (Tversky & Kah-
neman, 1974; Montibeller & von Winterfeldt, 2015; Epley & Gilovich, 2006, 2005), manifests
within the structured elicitation processes of MAVT. Anchoring is theoretically important in this
context because MAVT requires decision-makers to provide numerical judgments during value
function elicitation and weight elicitation, both of which involve implicit or explicit starting
points that may serve as anchors. If decision-makers rely disproportionately on these start-
ing points, their judgments may deviate systematically from normative preferences, potentially
distorting both intermediate outputs and final decision results.
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By addressing this research question, the dissertation investigates the susceptibility of two
core MAVT components, attribute-specific value functions and attribute weights, to anchoring
bias. These elicitation steps involve subjective numerical assessments that are cognitively de-
manding and therefore particularly vulnerable to anchoring bias. Studying anchoring within
MAVT provides novel theoretical and empirical insights because the structured, stepwise na-
ture of MAVT enables detailed observation of how the bias enters specific stages of the elici-
tation process, propagates through the model, and influences final decisions. Such mechanistic
understanding cannot be obtained from psychological studies that rely on unaided or holistic
judgments.

To address this research question, a systematic literature review on anchoring bias is con-
ducted, from which hypotheses are developed regarding its effects on MAVT elicitation proce-
dures, namely value function elicitation and weight elicitation. This motivates two empirical
studies, each targeting a distinct elicitation step within MAVT.

The first study investigates how anchors affect the attribute-specific value functions elicited
through the midvalue splitting procedure (Keeney & Raiffa, 1993), and tests two debiasing
strategies embedded directly into this elicitation protocol. The second examines anchoring in
the tradeoff procedure and evaluates whether the Best—Worst Tradeoff method (Liang et al.,
2022) reduces anchoring by relying on both best and worst attributes during elicitation. Each
study is implemented through controlled experiments designed within the MAVT framework.
After statistically analyzing the collected data, the results provide systematic evidence on the
presence of anchoring within MAVT and on the effectiveness of the proposed mitigation strate-
gies.

RQ2: How do the loss aversion and the framing effect operate across multiple stages of
multi-attribute value theory and collectively influence the decision-making process and out-
comes?

This research question examines the joint operation of multiple cognitive biases and ad-
dresses a gap that is largely overlooked in BDR. Most existing studies investigate biases in
isolation, even though real decision-making, especially within MADM, almost always involves
the simultaneous influence of several biases arising from multiple sources and acting across
multiple elicitation procedures. For MAVT in particular, decisions are constructed through suc-
cessive stages in which decision-makers evaluate attribute levels, form value functions, assess
tradeoffs, and integrate preferences. At each of these stages, distinct cognitive processes are
engaged, and thus multiple biases may collectively shape the final decision outcome. Under-
standing and mitigating the combined influence of multiple biases is therefore essential for
assessing the behavioral robustness of MADM methods.

Within this context, this research question focuses on two theoretically closely related reference-
dependent biases, loss aversion, and the framing effect, and investigates how they jointly influ-
ence the elicitation procedures of MAVT. Both biases originate from how individuals evaluate
outcomes relative to a reference point, yet they operate through different mechanisms: framing
determines whether an outcome is encoded as a gain or a loss, while loss aversion determines
the relative psychological weight of those gains and losses. Although both have been exten-
sively studied in simple, unaided decision tasks (Kahneman et al., 1979; Tversky & Kahneman,
1989, 1981, 1991), little is known about how they emerge, combine, or potentially amplify each
other in multi-attribute settings where value construction and tradeoff assessments unfold step
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by step. Because MAVT decomposes the decision-making process into sequential stages, these
biases may enter at different points and interact in ways that cannot be observed in holistic or
binary-choice environments. Investigating such interactions is therefore critical for identify-
ing how multiple biases collectively distort the MAVT process and where targeted corrective
interventions may be most effective.

To address this research question, an empirical study is conducted. Hypotheses are devel-
oped within MAVT regarding (i) how framing shapes the construction of attribute-specific value
functions, (ii) how loss aversion influences attribute tradeoffs, and (ii1) how the two biases in-
teract across stages to alter the decision outcomes. This study provides structured evidence on
how framing and loss aversion jointly shape decision-making within a formal MADM method,
thereby contributing new insights into the behavioral performance of MAVT and the broader
challenge of understanding and mitigating interacting biases in decision analysis.

RQ3: How effective is multi-attribute value theory in reducing the status quo bias?

Whereas the first two research questions focus on examining how cognitive biases can enter
and distort specific elicitation procedures within MAVT, they also suggest that the structured
nature of decision analysis methods may create opportunities for mitigating such biases when
behavioral considerations are incorporated into the elicitation process. Building on this in-
sight, the third research question shifts the focus from vulnerability to mitigation and examines
whether MAVT itself can reduce cognitive biases.

This research question investigates whether MAVT, a structured decision analysis method,
can reduce the influence of status quo bias, a strategy-based cognitive bias. Status quo bias is
characterized by a disproportionate preference for the current or default option even when su-
perior alternatives are available (Samuelson & Zeckhauser, 1988). Decision analysis methods,
in principle, should mitigate strategy-based biases by encouraging decision-makers to articu-
late their objectives, reflect on attribute tradeoffs, and evaluate alternatives systematically. Yet,
empirical evidence on whether, and through which mechanisms, decision analysis methods ac-
tually reduce status quo bias and generally strategy-based bias in MADM remains limited. Un-
derstanding this is essential for assessing the behavioral robustness of MAVT and, more broadly,
for determining the extent to which structured decision procedures can mitigate intuitive errors
that arise in unaided decision-making, especially strategy-based biases.

To address this question, an empirical study is conducted. I first conduct a systematic litera-
ture review of status quo bias and develop hypotheses that distinguish between different sources
of the status quo, such as a participant’s real status quo and an experimentally provided status
quo. These hypotheses clarify how each source may enter the MAVT elicitation steps and how
the multi-stage structure of MAVT may mitigate the bias. I then examine these hypotheses
through an empirical study grounded in the MAVT procedure. The findings provide systematic
evidence on the debiasing effectiveness of MAVT and contribute to broader discussions on the
ability of structured decision analysis methods to reduce strategy-based biases.

1.5 Dissertation Outline

This dissertation is organized around four empirical studies designed to examine how four cog-
nitive biases, anchoring bias, loss aversion, the framing effect, and status quo bias, enter the
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elicitation procedures of multi-attribute value theory (MAVT), how they affect the decision-
making process and outcome, and how such influences can be mitigated.

Chapter 1 introduces the research background, identifies research gaps, defines the research
focus, formulates three research questions, and outlines the structure of the dissertation. Chap-
ter 2 investigates the influence of anchoring bias on the attribute-specific value function elic-
itation in MAVT. Through a controlled experiment, the chapter examines how numerical an-
chors introduced during the elicitation procedure distort decision-makers’ judgments and lead
to biased attribute-specific value functions, ultimately affecting the decision outcome, and how
debiasing strategies can be designed to mitigate such effects. Chapter 3 examines anchoring
bias in the weight elicitation step, focusing on the tradeoff procedure commonly used in the
MAVT. The study examines whether the most and least important attributes used to construct
the indifference pairs can lead to biased weights and decision outcomes, and whether the Best-
Worst Tradeoff method can mitigate anchoring bias by utilizing both attributes to construct the
indifference pairs. Chapter 4 explores two biases, loss aversion and framing effect, and their
interactions within MAVT. This chapter explored not only how each bias may affect specific
elicitation steps, but also the interaction between two biases and two elicitation procedures.
Chapter 5 evaluates the effectiveness of MAVT in mitigating a strategy-based bias: status quo
bias. Besides exploring the effectiveness of mitigation, it also identifies how status quo bias
enters the decision analysis process by examining its influence on the value function and weight
elicitation procedures. Chapter 6 synthesizes insights across all empirical studies. It provides
an integrated conclusion on how cognitive biases enter different stages of MAVT, how distor-
tions at one stage interact with subsequent stages, and how these biases can be mitigated. The
chapter discusses the theoretical and practical implications of the findings, acknowledges lim-
itations, and outlines several directions for future research on prescriptive behavioral decision
analysis.

The outline of this dissertation is illustrated in Figure 1.1.

tradeoff procedure within
kmulti-attribute value theory )

T [ Chapter 6 }

Chapter 1
Introduction
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Figure 1.1: The outline of the dissertation



10 Bibliography

Bibliography

Arkes, H. R. (1991) Costs and benefits of judgment errors: Implications for debiasing., Psycho-
logical Bulletin, 110(3), pp. 486—498.

Belton, V., T. Stewart (2012) Multiple criteria decision analysis: an integrated approach,
Springer Science & Business Media, New York.

Berg, S. A., J. H. Moss (2022) Anchoring and judgment bias: disregarding under uncertainty,
Psychological Reports, 125(5), pp. 2688-2708.

Bond, S. D., K. A. Carlson, R. L. Keeney (2008) Generating objectives: can decision makers
articulate what they want?, Management Science, 54(1), pp. 56-70.

Borcherding, K., D. von Winterfeldt (1988) The effect of varying value trees on multiattribute
evaluations, Acta Psychologica, 68(1-3), pp. 153-170.

Brans, J.-P., P. Vincke (1985) Note—a preference ranking organisation method: (the promethee
method for multiple criteria decision-making), Management Science, 31(6), pp. 647—656.

Cohen, L. J. (1981) Can human irrationality be experimentally demonstrated?, Behavioral and
Brain Sciences, 4(3), pp. 317-331.

Dunning, D., D. W. Griffin, J. D. Milojkovic, L. Ross (1990) The overconfidence effect in social
prediction, Journal of Personality and Social Psychology, 58(4), pp. 568-581.

Edwards, W. (1954) The theory of decision making, Psychological Bulletin, 51(4), pp. 380—417.

Einhorn, H. J., R. M. Hogarth (1981) Behavioral decision theory: Processes of judgement and
choice, Annual Review of Psychology, 32(1981), pp. 53-88.

Epley, N., T. Gilovich (2005) When effortful thinking influences judgmental anchoring: dif-
ferential effects of forewarning and incentives on self-generated and externally provided an-
chors, Journal of Behavioral Decision Making, 18(3), pp. 199-212.

Epley, N., T. Gilovich (2006) The anchoring-and-adjustment heuristic: Why the adjustments
are insufficient, Psychological Science, 17(4), pp. 311-318.

Fasolo, B., C. Heard, I. Scopelliti (2024) Mitigating cognitive bias to improve organizational
decisions: An integrative review, framework, and research agenda, Journal of Management,
51(6), pp. 2182-2211.

Federspiel, F. M., G. Montibeller, M. Seifert (2024) Behavioral decision analysis: past, present
and future, in: Behavioral Decision Analysis, Springer, pp. 1-14.

Figueira, J., S. Greco, M. Ehrgott (2005) Multiple criteria decision analysis: state of the art
surveys, Springer Science & Business Media, New York.

Fischer, G. W. (1995) Range sensitivity of attribute weights in multiattribute value models,
Organizational Behavior and Human Decision Processes, 62(3), pp. 252-266.



Bibliography 11

Fischer, G. W., N. Damodaran, K. B. Laskey, D. Lincoln (1987) Preferences for proxy attributes,
Management Science, 33(2), pp. 198-214.

Fischhoff, B., S. B. Broomell (2020) Judgment and decision making, Annual Review of Psy-
chology, 71(1), pp. 331-355.

Fishburn, P. C. (1970) Utility theory for decision making, John Wiley & Sons, New York.

Fishburn, P. C. (1989) Foundations of decision analysis: along the way, Management Science,
35(4), pp. 387-405.

French, S. (1989) Readings in decision analysis, CRC Press, Florida.

Furnham, A., H. C. Boo (2011) A literature review of the anchoring effect, The Journal of
Socio-Economics, 40(1), pp. 35-42.

Gilovich, T. (1981) Seeing the past in the present: The effect of associations to familiar events
on judgments and decisions, Journal of Personality and Social Psychology, 40(5), pp. 797-
808.

Gilovich, T., D. Griffin, D. Kahneman (2002) Heuristics and biases: The psychology of intuitive
Jjudgment, Cambridge University Press, Cambridge.

Godlonton, S., M. A. Hernandez, M. Murphy (2018) Anchoring bias in recall data: Evidence
from central america, American Journal of Agricultural Economics, 100(2), pp. 479-501.

Griffin, D., R. Gonzalez, C. Varey (2001) The heuristics and biases approach to judgment under
uncertainty, in: Blackwell handbook of social psychology: Intraindividual processes, Black-
well Publishers Ltd, pp. 207-235.

Hammond, J. S., R. L. Keeney, H. Raiffa (1998) The hidden traps in decision making, Harvard
Business Review, 76(5), pp. 47-58.

Hogarth, R. M. (1981) Beyond discrete biases: Functional and dysfunctional aspects of judg-
mental heuristics, Psychological Bulletin, 90(2), pp. 197-217.

Howard, R. A. (2007) The foundations of decision analysis, IEEE Transactions on Systems
Science and Cybernetics, 4(3), pp. 211-219.

Hwang, C.-L., K. Yoon (1981) Methods for multiple attribute decision making, in: Multiple
attribute decision making: methods and applications a state-of-the-art survey, Springer, pp.
58-191.

Jacobi, S. K., B. F. Hobbs (2007) Quantifying and mitigating the splitting bias and other value
tree-induced weighting biases, Decision Analysis, 4(4), pp. 194-210.

Jones, B. D. (1999) Bounded rationality, Annual Review of Political Science, 2(1), pp. 297-321.
Kahneman, D. (2011) Thinking, Fast and Slow, Farrar, Straus and Giroux, New York.

Kahneman, D., J. L. Knetsch, R. H. Thaler (1991) The endowment effect, loss aversion, and
status quo bias, The Journal of Economic Perspectives, 5(1), pp. 193-206.



12 Bibliography

Kahneman, D., A. Tversky (1972) Subjective probability: A judgment of representativeness,
Cognitive Psychology, 3(3), pp. 430—-454.

Kahneman, D., A. Tversky (1973) On the psychology of prediction, Psychological Review,
80(4), pp. 237-251.

Kahneman, D., A. Tversky, et al. (1979) Prospect theory: An analysis of decision under risk,
Econometrica, 47(2), pp. 363-391.

Keeney, R. L. (1977) The art of assessing multiattribute utility functions, Organizational Be-
havior and Human Performance, 19(2), pp. 267-310.

Keeney, R. L. (1982) Decision analysis: an overview, Operations Research, 30(5), pp. 803—-838.
Keeney, R. L. (2004) Making better decision makers, Decision Analysis, 1(4), pp. 193-204.

Keeney, R. L., H. Raiffa (1993) Decisions with multiple objectives: preferences and value
trade-offs, Cambridge University Press, Cambridge.

Liang, F., M. Brunelli, J. Rezaei (2022) Best-worst tradeoff method, Information Sciences, 610,
pp- 957-976.

Milkman, K. L., D. Chugh, M. H. Bazerman (2009) How can decision making be improved?,
Perspectives on Psychological Science, 4(4), pp. 379-383.

Miller, G. A. (1956) The magical number seven, plus or minus two: Some limits on our capacity
for processing information, Psychological Review, 63(2), pp. 81-97.

Montibeller, G., D. von Winterfeldt (2015) Cognitive and motivational biases in decision and
risk analysis, Risk Analysis, 35(7), pp. 1230-1251.

Montibeller, G., D. von Winterfeldt (2024) Behavioral decision research: Descriptive and pre-
scriptive perspectives, in: Behavioral Decision Analysis, Springer, pp. 15-40.

Opricovic, S., G.-H. Tzeng (2004) Compromise solution by mcdm methods: A comparative
analysis of vikor and topsis, European Journal of Operational Research, 156(2), pp. 445—
455.

Payne, J. W., J. R. Bettman, E. J. Johnson (1992) Behavioral decision research: A constructive
processing perspective, Annual Review of Psychology, 43(1), pp. 87-131.

Peer, E., E. Gamliel (2013) Heuristics and biases in judicial decisions, Court Review: The
Journal of the American Judges Association, 49, pp. 114-118.

Rezaei, J. (2021) Anchoring bias in eliciting attribute weights and values in multi-attribute
decision-making, Journal of Decision Systems, 30(1), pp. 72-96.

Rezaei, J., A. Arab, M. Mehregan (2022) Equalizing bias in eliciting attribute weights in mul-
tiattribute decision-making: experimental research, Journal of Behavioral Decision Making,
35(2), e2262.



Bibliography 13

Rezaei, J., A. Arab, M. Mehregan (2024) Analyzing anchoring bias in attribute weight elic-
itation of smart, swing, and best-worst method, International Transactions in Operational
Research, 31(2), pp. 918-948.

Roy, B. (1968) Classement et choix en présence de points de vue multiples, Revue Francaise
D’informatique Et De Recherche Opérationnelle, 2(8), pp. S7-75.

Roy, B., D. Vanderpooten (1996) The european school of mcda: Emergence, basic features and
current works, Journal of Multi-Criteria Decision Analysis, 5(1), pp. 22-38.

Saaty, T. L. (1977) A scaling method for priorities in hierarchical structures, Journal of Mathe-
matical Psychology, 15(3), pp. 234-281.

Saaty, T. L. (1996) Decision making with dependence and feedback: The analytic network
process, RWS Publications, Pittsburgh.

Sagi, J. S. (2006) Anchored preference relations, Journal of Economic Theory, 130(1), pp. 283—
295.

Samuelson, W., R. Zeckhauser (1988) Status quo bias in decision making, Journal of Risk and
Uncertainty, 1(1), pp. 7-59.

Shafir, E., R. A. LeBoeuf (2002) Rationality, Annual Review of Psychology, 53(1), pp. 491-517.

Simon, H. A. (1955) A behavioral model of rational choice, The Quarterly Journal of Eco-
nomics, 69(1), pp. 99-118.

Simon, H. A. (1978) Rationality as process and as product of thought, The American Economic
Review, 68(2), pp. 1-16.

Slovic, P., B. Fischhoff, S. Lichtenstein (1977) Behavioral decision theory., Annual Review of
Psychology, 28, pp. 1-39.

Tversky, A., D. Kahneman (1973) Availability: A heuristic for judging frequency and probabil-
ity, Cognitive Psychology, 5(2), pp. 207-232.

Tversky, A., D. Kahneman (1974) Judgment under uncertainty: Heuristics and biases, Science,
185(4157), pp. 1124-1131.

Tversky, A., D. Kahneman (1981) The framing of decisions and the psychology of choice,
Science, 211(4481), pp. 453-458.

Tversky, A., D. Kahneman (1983) Extensional versus intuitive reasoning: The conjunction fal-
lacy in probability judgment, Psychological Review, 90(4), pp. 293-315.

Tversky, A., D. Kahneman (1989) Rational choice and the framing of decisions, in: Multiple
criteria decision making and risk analysis using microcomputers, Springer, pp. 81-126.

Tversky, A., D. Kahneman (1991) Loss aversion in risaess choice: A reference-dependent
model, The Quarterly Journal of Economics, 106(4), pp. 1039-1061.

Tzeng, G.-H., J.-J. Huang (2011) Multiple attribute decision making: methods and applications,
CRC press, Florida.



14 Bibliography

Vassilopoulos, A., A. C. Drichoutis, R. M. Nayga (2024) Reference dependence, expectations
and anchoring in the becker-degroot-marschak mechanism, Theory and Decision, 97(4), pp.
637-683.

von Winterfeldt, D. (1999) On the relevance of behavioral decision research for decision analy-
sis, in: Decision science and technology: Reflections on the contributions of Ward Edwards,
Springer, pp. 133-154.

Weber, M., K. Borcherding (1993) Behavioral influences on weight judgments in multiattribute
decision making, European Journal of Operational Research, 67(1), pp. 1-12.

Zanakis, S. H., A. Solomon, N. Wishart, S. Dublish (1998) Multi-attribute decision making:
A simulation comparison of select methods, European Journal of Operational Research,
107(3), pp. 507-529.



Chapter 2

Anchoring Bias in Value Function
Elicitation within Multi-Attribute Value
Theory

Abstract: Anchoring bias refers to the human tendency to rely heavily on an initial piece of
information when making judgments. This bias has significant implications for decision anal-
ysis methods that rely on human judgments. This study examines the influence of anchoring
bias in the value function elicitation step of the multi-attribute value theory, specifically within
the midvalue splitting procedure. We hypothesize that the starting point provided by the analyst
during elicitation creates a bias in decision-maker’s judgments, leading to distorted value func-
tions and ultimately affecting decision outcomes. We also hypothesize that counter-anchoring
and avoiding the use of anchors mitigate the effect of anchoring bias. To test the hypotheses, we
designed an experiment and collected data from 320 subjects. The findings show that the start-
ing point in the midvalue splitting procedure could change the attribute-specific value functions
and, consequently, the overall value of the alternatives. Additionally, two debiasing strategies,
counter-anchoring and avoiding the use of anchors, were found to be effective in reducing the
effect of anchoring bias. The implications of this study can extend to other structured value
function elicitation methods.

Keywords: Anchoring bias; value function; midvalue splitting procedure; multi-attribute value
theory; debiasing

This chapter is based on the following journal paper:

Sun, G., Kroesen, M., Rezaei, J (2025) Anchoring Bias in Value Function Elicitation Within
Multiattribute Value Theory, Decision Analysis, 22(4), pp.284-304.
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2.1 Introduction

Cognitive bias refers to the systematic error in judgment that occurs when individuals process
and interpret information (Tversky & Kahneman, 1974). It is a well-documented phenomenon
in psychology and emerges from the human tendency to use heuristics, or mental shortcuts,
to simplify decision-making in complex environments. While such shortcuts can be efficient
in reducing cognitive load, they could lead to flawed judgments (Kahneman, 2011). Over the
past decades, a growing body of research has revealed the pervasive influence of cognitive
bias across various fields (Ariely, 2008; Bazerman & Moore, 2012; Thaler & Sunstein, 2008;
Bushong & Gagnon-Bartsch, 2024). In financial contexts, for instance, overconfidence bias can
lead investors to overestimate their knowledge or abilities to predict outcomes, causing them to
make ill-informed investment choices and suffer significant financial losses (Barber & Odean,
2001). In managerial decision-making, the framing effect, where people respond differently
to the same situation depending on how they are framed, can lead to inconsistent results. For
instance, managers may opt for riskier choices when the same scenario is framed as avoiding
losses rather than achieving gains (Tversky & Kahneman, 1981).

Given these widespread implications, cognitive bias has become a central concern in be-
havioral decision research (BDR) that is divided into two major branches: descriptive BDR
and prescriptive BDR (Montibeller & von Winterfeldt, 2024). Descriptive BDR aims at devel-
oping theories or models to describe the biases in judgments, while prescriptive BDR focuses
on developing debiasing strategies to correct those biases, improving the quality of decisions.
Notably, different from the descriptive view above, cognitive bias in prescriptive research is de-
fined as “a systematic discrepancy between the ‘correct’ answer in a judgmental task, given by a
formal normative rule, and the decisionmaker’s or expert’s actual answer to such a task” (Mon-
tibeller & von Winterfeldt, 2015, pp. 1231). This definition highlights the role of the normative
rule and, by extension, the role of methodological design, in prescriptive BDR.

In descriptive BDR, cognitive bias is generally assessed by measuring the deviation of hu-
man judgment from either the true value or the coherence of preferences in an unsupported
decision-making environment (Montibeller & von Winterfeldt, 2024). Conversely, the prescrip-
tive view introduces a medium, the decision analysis method, an aspect considered peripheral
or non-central in the descriptive view. Within the decision analysis field, a variety of meth-
ods have been developed to support decision-makers (DMs) in structuring and quantifying their
preferences, in order to evaluate and choose among alternatives characterized by multiple, of-
ten conflicting, attributes (Keeney & Raiffa, 1976; Belton & Stewart, 2012). The procedures
of these methods typically involve a series of structured questions posed by an analyst to elicit
the DM’s preferences. These preferences are inferred based on the value judgments of DMs.
The underlying assumption of these methods is that DMs hold coherent and stable preferences
unaffected by irrelevant information during these judgmental tasks (Fischhoff, 1991), and that
these methods can reduce human biases in decision-making (Keeney, 2004). However, this
assumption has been extensively challenged by evidence of cognitive bias in decision analysis
methods in prescriptive BDR.

The methodological design of the elicitation procedures plays an important role in prescrip-
tive BDR. This is primarily because preferences are not merely revealed but constructed during
the elicitation process (Slovic, 1995). Empirical research has shown that preferences can be
shaped by contextual factors and the elicitation task itself (Payne et al., 1992). This construc-
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tive view assigns critical importance to the elicitation method, when thoughtfully and carefully
devised, the method can reduce potential biases during this process; however, if the method-
ological design neglects cognitive phenomena, it may inadvertently exacerbate existing biases.
So, the goal of prescriptive BDR is not only to identify these deviations but also to develop
procedures to mitigate these biases and ensure that decision analysis methods remain effective
in real-world contexts.

This study investigates how anchoring bias, one of the most important cognitive biases
(Tversky & Kahneman, 1974; Kahneman, 2011; Montibeller & von Winterfeldt, 2015), influ-
ences the multi-attribute value theory (MAVT), particularly the value function elicitation step.
MAVT is a well-known and widely applied decision analysis method developed by Keeney &
Raiffa (1976). The value function elicitation step involves determining attribute-specific value
functions, which represent the DM’s value judgments over different attribute levels. This step
not only allows us to directly observe how cognitive bias may distort the representation of pref-
erence, but it also provides a quantifiable structure through which we can assess the impact of
bias on the value function.

There are different ways to elicit a value function, including the standard difference pro-
cedure, the lock-step procedure, direct rating, successive comparison and curve fitting, among
others (Beinat, 1997; Fishburn, 1967; Watson & Buede, 1987; Keeney & Raiffa, 1976). One
of the most commonly used and the focus of this study is the midvalue splitting procedure.
In this procedure, multiple midvalue points will be identified by the DM, which are then used
to form the value function. To begin the process, the analyst provides a starting point for the
DM to identify whether it is the first midvalue point. However, due to the effect of anchoring
bias, the DM might adjust insufficiently away from the starting point, which results in a biased
midvalue point. This will in turn affect the value function, and ultimately, the final outcome of
the decision-making problem. Through this investigation, we aim to understand how anchoring
bias impacts the value function shape and the final decision outcomes, as well as to identify
effective strategies to mitigate its effects. To achieve this, we develop a few hypotheses and
design an experiment to test them. Data were collected from 320 participants, who completed
the MAVT procedure under varying anchoring conditions during the value function elicitation
step. To assess the effects of anchoring bias on value function elicitation and the overall value
of the alternatives, we conducted both parametric and non-parametric statistical analyses.

This study makes two main contributions to the field of decision analysis. First, it provides
a detailed analysis of how anchoring bias affects the value function and, consequently, the de-
cision results of MAVT. It enhances our understanding of anchoring bias in value assessment,
offering insights that can extend to other value-based decision methods. Second, it develops
effective debiasing strategies to mitigate the anchoring effect. These strategies aim to improve
the consistency and reliability of value function elicitation procedure, thereby enhancing the
credibility of MAVT and related decision analysis methods in real-world applications. While
our focus is on the midvalue splitting procedure in the value function elicitation step, the impli-
cations can be extended to other value function elicitation methods, which will be discussed in
Section 2.6.4.

The remainder of this paper is organized as follows: Section 2.2 introduces anchoring bias
and its implications in decision analysis. Section 2.3 describes the MAV'T, with a particular
emphasis on the midvalue splitting procedure. Section 2.4 presents the research hypotheses.
Section 2.5 outlines the experimental design. Section 2.6 discusses the results of the study.
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Finally, Section 2.7 concludes the paper and suggests directions for future research.

2.2 Anchoring Bias

Anchoring bias refers to the human tendency to rely heavily on an initial piece of information
and to insufficiently adjust away from it when making judgments; see Furnham & Boo (2011)
for a review. This initial information, known as the “anchor”, can be provided externally or
generated internally (Epley & Gilovich, 2005). External anchors are reference points originating
outside the DM’s judgment, such as information provided by other people, text, pictures or
other contextual stimuli. Internal anchors, on the other hand, are based on a DM’s prior beliefs,
experiences, or memories. For instance, if someone is asked to estimate a product price, an
external anchor could be a price tag, while an internal anchor might be her/his memory of the
price of a similar product.

Empirical studies of anchoring effects typically use one of two paradigms: estimation tasks,
where anchoring distorts accuracy relative to true value; and valuation tasks, where it affects the
internal coherence of preferences in the absence of a known correct answer. The foundational
study by Tversky & Kahneman (1974) illustrates anchoring in an estimation task. Two groups of
participants are asked to estimate (in five seconds without a calculator) the product of a sequence
of numbers presented in reverse order (8 xX7xX6x5x4x3x2x 1 versus 1 X2x3x4x5x6x7x8).
Despite both sequences containing the same numbers, the group starting with a higher initial
partial product (i.e., the product of the first few numbers) gave a significantly higher median es-
timate than the group starting with a lower initial product (2250 versus 512, respectively). Even
though both groups produced estimates much lower than the true value (40320), the difference
in their estimates (due to the initial anchor) demonstrates how anchoring bias distorts individual
assessments.

Beyond this seminal work, anchoring effects have been documented across a wide range of
applied domains. In estimation tasks, Prava et al. (2016) explores how different anchors, such as
an ignorance prior, can influence the probability assessments in surveys. Anchoring bias occurs
when participants do not adjust sufficiently from such anchors, leading to partition dependence
and carryover biases, distorting the probability assessments. In valuation tasks, anchoring bias
is equally pervasive. In negotiations, an initial offer can serve as a powerful anchor, influencing
the final agreement terms even if the offer is arbitrary or exaggerated (Galinsky & Mussweiler,
2001). In marketing, the first price that consumers encounter, such as an initial product price
or a reference price, can anchor their perceptions of value. This initial price can influence how
consumers perceive the value of any subsequent prices, such as a discounted price, ultimately
affecting their willingness to pay (Wansink et al., 1998). In healthcare, anchoring bias can lead
to admission control bias and path-dependent feedback, where initial diagnostic uncertainty dis-
proportionately influences subsequent decisions and resource allocation, potentially impacting
patient outcomes (Kim & Tong, 2024). Anchoring also plays a critical role in legal settings,
where initial sentencing recommendations, whether reasonable or not, can influence the final
sentencing decisions of judges (Englich et al., 2006).

Within decision analysis, studies of anchoring bias have primarily focused on valuation
tasks. Research has shown that anchoring bias significantly affects weight elicitation—the
process by which the relative importance of the attributes (or scaling constants) is elicited.
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Buchanan & Corner (1997) explored the impact of anchoring bias in two interactive decision
analysis methods. In the Zoints and Wallenius method, the DM is usually provided with a
fixed starting point as part of the method’s initialization, whereas in the free search interactive
method, there is no fixed starting point. Instead, it allows the DM to explore the feasible re-
gion freely. The experiment results show that the starting solution in the Zoints and Wallenius
method had a significant impact on the decision outcome, demonstrating the anchoring effect.
In contrast, the anchoring effect was not significant in the free search method. An insight gain
from this study is that designing decision analysis methods with flexible starting points and
iterative feedback can help reduce the impact of anchoring.

Jacobi & Hobbs (2007) focused on value tree-induced biases in weight elicitation methods,
particularly the splitting bias. Due to splitting bias, decomposing an attribute into multiple
sub-attributes leads to a higher global weight of that attribute compared to directly assessing
its relative importance. They suggest that the use of anchor-and-adjustment heuristics is the
main cause of such bias. DMs initially allocate equal weights across attributes within each tree
partition. The equal allocation serves as an anchor for their judgments. DMs then insufficiently
adjust these weights to align with their preferences, resulting in weights being more uniform
than they should be.

Collectively, these findings demonstrate the pervasive influence of anchoring bias and high-
light the necessity of prescriptive interventions to mitigate its impact. In the context of decision
analysis, this points to a critical yet often overlooked aspect: while these methods are mathe-
matically sound and intended to guide rational decision-making, their structural frameworks can
unintentionally induce cognitive bias, such as anchoring bias, by default. Therefore, we should
reevaluate how these methods are designed and implemented and, when necessary, improve
them to address cognitive aspects, ensuring their effectiveness.

Generic approaches for reducing cognitive bias, such as consulting with experts, providing
regular feedback, and increasing awareness of biases, have shown to be somewhat effective in
reducing anchoring bias (Adame, 2016; Lilienfeld et al., 2009; Gavirneni & Xia, 2009; Fasolo
etal., 2024). For prescriptive BDR, we need more targeted strategies that focus on the heuristics
underlying anchoring bias. This study incorporates two such targeted approaches:

Avoiding Anchors: A straightforward yet effective strategy is to design decision-making pro-
cesses that avoid reliance on predefined starting points (Montibeller & von Winterfeldt, 2015).
Practical implementations include randomizing the presentation order of attributes, structuring
decision tasks in a way to prevent the introduction of starting points, or encouraging DMs to in-
dependently generate their assessments without external prompts. For example, the free search
interactive method, which removes fixed starting points, enables DMs to explore alternatives
freely, without being influenced by anchoring bias. However, this strategy has been primarily
designed for the external anchors. Internal anchors, which are inherently subjective and often
viewed as more credible by DMs (Mussweiler & Strack, 1999; Wilson et al., 1996; Chapman
& Johnson, 2002), require different interventions. For instance, approaches such as monetary
rewards for being correct and forewarning individuals about possible biases in judgment have
been shown to be effective (Epley & Gilovich, 2005).

Consider-the-Opposite Strategy: This strategy encourages DMs to critically evaluate their
initial judgments by considering contradictory information or alternative scenarios (Lord et al.,
1984; Mussweiler et al., 2000). In the decision analysis context, counter-anchors are a practical
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way to operationalize this strategy. For instance, while traditional methods such as SMART
and Swing rely on unidirectional anchors, the Best-Worst Method (BWM) (Rezaei, 2015) in-
corporates a bidirectional evaluation process. BWM requires pairwise comparisons of the best
attribute against others and the others against the worst attribute, which helps to balance the
evaluation by reducing the influence of a single anchor (Rezaei et al., 2024). However, the
use of counter-anchors in decision analysis in practice is not without its challenges. First, if
counter-anchor values are too implausible, DMs may recognize the potential for bias and over-
correct their judgments (Brewer et al., 2007). Second, the repeated use of counter-anchors can
complicate the procedure and increase cognitive load. This may lead to mental fatigue, reduced
engagement, and potentially less reliable responses from the DM (Kahneman, 2011).

Building on the two strategies, avoiding anchors and employing counter-anchors were de-
signed specifically for mitigating anchoring bias in the midvalue splitting procedure. Detailed
implementations will be introduced in Section 2.5.

2.3 Multi-Attribute Value Theory

Multi-attribute value theory (MAVT) is a well-established decision analysis method developed
by Keeney & Raiffa (1976). This theory is grounded in the principles of utility theory, where
the objective is to represent DM’s preferences through a mathematical function that aggregates
the values or utilities of different attributes into a single score. MAVT not only aids in the
systematic evaluation of the alternatives but also enhances transparency in the decision-making
process by clearly articulating the rationale behind the choices made (Hofer & Madlener, 2020;
Anthes et al., 2019). MAVT has been widely applied and shown great success in various de-
cision fields, such as environmental management (Hostmann et al., 2005), healthcare (Labijak-
Kowalska et al., 2023), and policy-making (Ferretti, 2016). MAVT consists of the following
five steps (Keeney, 2009; Keeney & Raiffa, 1976; Keeney, 2002):

Identification of the Objectives, Attributes and Alternatives: First, the problem must be
structured, which includes (1) the objectives; (i1) attributes, the evaluators used to evaluate how
well alternatives meet the objectives; and (iii) alternatives, the possible solutions available for
the decision problem. The structuring process often uses tools like value trees to organize these
elements hierarchically (Belton & Stewart, 2012).

Value Function Elicitation: Attribute-specific value functions should be developed. An
attribute-specific value function translates the performance of an alternative on a specific at-
tribute into a value score, typically on a scale from O to 1, where O is assigned to the least
preferred level of the attribute and 1 is assigned to the most preferred level.

Weight Elicitation: This step involves eliciting scaling constants for each attribute that
determine their influence in the overall value function. The Tradeoff procedure is commonly
used in this step, where the DM is asked to compare two attributes at a time and determine how
much of one attribute they would sacrifice to gain more of another.

Aggregation: Each alternative’s aggregated score is calculated using an additive value func-
tion:
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N
U(CLZ‘) = ijvj(aij) (21)
j=1

where v(a;) is the overall value of alternative ¢, scaled from O to 1. v;(a;;) is the attribute-
specific value representing the performance of alternative ¢ with respect to attribute j, and w;
is the scaling constant (or weight) of the attribute j. To use an additive value function, the two
primary conditions must be satisfied (mutual preference independence and difference indepen-
dence) (Dyer & Sarin, 1979; Keeney & Raiffa, 1976).

Definition 2.1
The attributes X, ..., Xy are mutually preferentially independent if any subset of attributes is
preferentially independent of the remaining attributes.

Definition 2.2
The attribute X is difference independent of the remaining attributes if the preference difference
between two levels of X is not affected by the fixed levels on the other attributes.

If these conditions are not satisfied, other forms such as a multiplicative aggregation model
can be used (Keeney, 1974).

Ranking and Selection: The alternatives are ranked based on their aggregated scores.
Specifically, for any two alternatives a; and a;, the preference relation is expressed as follows:

v(ag) > v(a) & ap > a, ay is strongly preferred to a;
v(ag) = v(a) & ap ~ a;, ay is indifferent to a; 2.2)
v(ag) > v(a) < ar 2 a;, ay is weakly preferred to a;

Among the five steps, this study focuses on the value function elicitation step and examines
how anchoring bias can distort value function elicitation and, in turn, distort the evaluation
of alternatives. Value functions transform the performance of alternatives into a standardized
scale, allowing for consistent comparison across different attributes. In MAV'T, both the value
function and attribute weights influence the final decision. However, to isolate the impact of
value function elicitation, this study fixes the attribute weights, allowing for a more focused
examination of how the elicitation process affects decision results. A detailed explanation of
the experiment design used is provided in Section 2.5.

The midvalue splitting procedure, commonly used in the value function elicitation step,
relies on defining a monotonic value function that represents the DM’s preferences. When a
higher attribute value is preferred, an increasing function is applied. First, a formal definition
(Kirkwood & Sarin, 1980):

Definition 2.3
x i said to be the midvalue of the interval [x¢, 5] if the decision-maker will give up the same
amount of some other attribute to go from x( to z; as from x; to x,.
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The procedure involves the following steps: (i) Assigning Initial Values: The analyst assigns
a value score of O to the lowest attribute level w5 and a value score of 1 to the highest attribute
level Zhighest- (11) Determining the First Midvalue Point: The analyst provides an initial point x;
between Tigwest and Thighesi: The DM is then asked whether they perceive the change from Zjgyest
to x; to be equally desirable as the change from 1 t0 Zpighest ! If the DM indicates indifference
between these changes, x; is considered the first midvalue point and is assigned a value score
of 0.5. If the DM is not indifferent between the changes, the analyst will propose an alterna-
tive point x1, and this process will be repeated until the point of indifference is found. (ii1)
Determining Subsequent Midvalue Points: Using the same procedure, the DM defines the indif-
ference point x5 between xjoyest and 1. Once x5 1s identified, it is assigned a value score of 0.25.
Similarly, the indifference point x3 is defined between x; and Tpighes;, Which is then assigned a
value score of 0.75. (iv) Consistency Check: We check if the DM is indifferent between the two
changes from x5 to x; and from x; to x3. If not, the DM will be asked to revise z;. (v) Plotting
the Value Function: After obtaining the midvalue points (21, 2, x3), the value function can be
plotted, providing a clear graphical representation of the DM’s preferences across the attribute
range. In cases when a lower attribute value is preferred, a decreasing monotonic function is
used. The value score of 1 is assigned to the lowest attribute level zjoyes, and 0 1s assigned to the
highest attribute level xpignesi, €nsuring the function accurately represents inverse preferences.
The remaining steps are similar to the case of an increasing function. Notably, more midvalue
points can be identified if we want to ensure a more detailed presentation of preference using
the value function. It is also important to note that during this procedure, the levels of the other
attributes are at a specified fixed level, and mutual preferential independence is given.

2.4 Hypotheses Development

The midvalue splitting procedure, as outlined in Section 2.3, begins with the analyst asking the
DM whether she/he agrees with the midvalue point provided by the analyst. If this starting point
is at the lower end of the attribute range, regardless of a monotonic increasing or decreasing
value function, it is called a low anchor, whereas a starting point at the upper end is called
a high anchor. When the DM is provided with a low anchor by the analyst, the insufficient
adjustment from the anchor by the DM could lead to the first midvalue point being smaller
than that of when a high anchor is given (m; < mpg). The analyst’s selection of the starting
point can be explained by his/her own judgment of the shape of the value function, a random
choice, or other reasons. It is clear that using a low versus a high starting point can affect
determining the midvalue point. Similarly, when the analyst uses the mid-performance point
((Ziowest + Thighest)/2) as the starting anchor, anchoring bias may still lead to distortions. For
a linear value function, the midvalue point is exactly the mid-performance point, but people
might adjust away from the anchor (the mid-performance point), and thus distort the elicited
midvalue point. For non-linear value functions, the mid-performance point is acting as the low
or high anchor depending on the shape of the value function. Therefore, the same arguments
for the low and high anchors apply here.

The initial deviation might not only affect the first midvalue point, but also is expected to

!Given that the additive assumption is validated, it is easy and natural to ignore the changes in values of the
other attributes when answering these questions (Smith & Dyer, 2021).
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spread to subsequent midvalue points, ultimately changing the shape of the attribute-specific
value function. While the consistency check in the midvalue splitting procedure is intended to
ensure consistent preferences, the systematic deviation across all midvalue points undermines
its effectiveness in identifying such errors. We define such consistency as intra-consistency,
meaning that the DM maintains internal consistency across all midvalue points within a single
value function. However, the DM may produce different intra-consistent value functions when
presented with different anchors. We call such differences a violation of inter-consistency.
While there is no objective “true” value function against which to compare outcomes since
preferences are constructed rather than preexisting (Slovic, 1995), the pattern of violating inter-
consistency in value function across different anchors offers meaningful insights into the effects
of anchoring bias.

For monotonically decreasing attribute-specific value functions, as illustrated in Figure 2.1,
anchoring bias can alter their shapes in various ways. Specifically, when a high anchor is pro-
vided, the resulting value function could be different compared to a low anchor as follows: (a) a
concave shape to a convex shape; (b) a concave shape to a linear shape; (c) an extreme concave
shape to a concave shape; (d) a linear shape to a convex shape; and (e) a convex shape to an
extreme convex shape. In all cases, the area under curve (AUC) for the value function resulted
from a low anchor is smaller than that of a high anchor. For the monotonically increasing
attribute-specific value functions, we could think of five similar situations (convex to concave,
convex to linear, extreme convex to convex, linear to concave, and concave to extreme concave),
for all of which the AUC for the value function resulted from a low anchor is larger than that of
a high anchor. These shifts indicate the degree to which judgmental inter-inconsistencies arise
due to anchoring. Therefore, we propose the following hypothesis:

H1: A low anchor, compared to a high anchor, for the first midvalue point, results in
smaller midvalue points and smaller (larger) area under curve for a decreasing (increas-
ing) attribute-specific value function.

To mitigate the effect of anchoring bias, two widely used approaches are (i) avoiding an-
chors, and (i) employing counter-anchors. In the context of the midvalue splitting procedure,
where the starting point often serves as an anchor, these strategies can be applied in different
ways. One approach is to avoid the starting point entirely, allowing the DM to express midvalue
points without any pre-specified/suggested midvalue by the analyst. Alternatively, counter-
anchoring can be implemented by introducing both a low and a high starting point sequentially,
in either a low-high or high-low order, with the intention of balancing the influence of each
anchor.

When no-anchor or counter-anchoring is employed, the expectation is that the midvalue
points will fall between the low and high anchor midvalue points. As a result, the shape of the
attribute-specific value function is anticipated to lie between the low and high anchor attribute-
specific value functions. Based on this rationale, we hypothesize the following:

H2: No-anchor and counter-anchoring reduce the impact of anchoring bias, leading
to an attribute-specific value function with an AUC in between the AUC of low and high
anchor attribute-specific value functions.

In order to investigate the impact of anchoring bias on the overall value of alternatives,
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Figure 2.1: The possible effect of low and high anchors on value function shape

we develop a third hypothesis. The overall value of an alternative is calculated through the
aggregation of weights and attribute-specific value functions (see equation 5.1). To isolate the
anchoring effect of attribute-specific value function on the overall value, we control the weights
through a carefully designed experimental setup (see Section 2.5).

For a monotonically decreasing value function, the value (vy) for an attribute level derived
from the low-anchored value function will be smaller than the value, vy, derived from a high-
anchored value function. Conversely, for a monotonically increasing value function, the value
obtained from the low-anchored value function will be larger than the value obtained from a
high-anchored value function. This relationship is illustrated in Figure 2.2.
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Figure 2.2: An example of possible changes in value under high vs. low anchoring

Considering a situation with two attributes and fixed weights, if both attributes are monoton-
ically decreasing and have low-anchored value functions, the alternative may receive a lower
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overall value compared to when both are high-anchored. Conversely, if both attributes are
monotonically increasing and low-anchored, the overall value of an alternative may increase
compared to the high-anchored scenario. For cases where one attribute is increasing and the
other is decreasing, the opposing effects of anchoring may partially cancel each other out when
both attributes are anchored in the same direction, making it challenging to draw a straightfor-
ward conclusion.

This reasoning can be extended to scenarios with more than two attributes, though the com-
plexity significantly increases and experimental analysis becomes more difficult. In the next
section, a carefully designed experiment (both attributes are monotonically decreasing, with
fixed weights) is used to test the effect of changes in the attribute-specific value functions on the
overall value of the alternatives. So, while it is clear how each attribute-specific value function
contributes to the overall value, when it comes to experimental analysis, it is more convenient to
design situations where the contributions are in the same direction. Specifically, we hypothesize
that:

H3: A low anchor, compared to a high anchor, for the first midvalue point of a decreas-
ing (increasing) attribute-specific value function will contribute to a decrease (increase) in
the overall value of an alternative.

2.5 Experiment Design

2.5.1 The Experiment Overview

The experiment was designed following the MAVT steps to test the hypotheses. Before dis-
tributing this questionnaire, two pilot studies were conducted to refine the questions and instruc-
tions in the questionnaire. Participants were presented with a structured questionnaire including
five parts.

Providing Informed Consent

Participants were first informed about the study’s purpose, procedures, potential risks, and
benefits. They were then asked to voluntarily provide their consent to participate by signing
an informed consent form, acknowledging their understanding of the study and their rights as
participants.

Presenting a Hypothetical Decision Problem

We designed an apartment renting decision problem with two attributes: monthly rent and
commute distance, making it relatable for most participants. This case also provides measur-
able attributes. Additionally, choosing these two monotonically decreasing attributes helps to
test the third hypothesis (as explained in Section 2.4). The decision problem is presented to the
participants as follows:

“Suppose you find yourself at the end of your current rental contract and are actively search-
ing for a new apartment. The rental agency has provided you with a list of options, all of which
share identical features: each apartment is a 40 square meter studio with a standard 2-year
lease renewal term, the layout, amenities and other features are also the same. However, the
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monthly rent and commuting distance differ for each option.

Monthly rent (euro): It is the amount of money one has to pay each month to rent the apart-
ment. Commute distance (kilometer): This is the proximity of the apartment to your workplace.”

The attribute range for ‘Rent’ has been set as [700, 1500], reflecting current rental market
conditions in the countries of the experiment (Eurostat, 2023; Statistics Netherlands, 2024).
This range ensures that the values used in the study are realistic and relevant to participants’
experiences in the housing market. Similarly, the attribute range for ‘Commute Distance’ is de-
fined as [5, 20] kilometers. This range is chosen to minimize the possibility of a non-monotonic
value function, which could occur if DMs have personal preferences for certain commute dis-
tances. For example, some individuals may prefer a moderate commute distance rather than
living too close to or too far from their workplace (Redmond & Mokhtarian, 2001). By setting
these ranges, the study aims to capture realistic decision-making behaviors while ensuring a
structured and logical approach to value function elicitation.

Eliciting and Fixing the Weights

This study examines how the effects observed during the value function elicitation step
ultimately influence the decision results. In the additive aggregation model, the overall value of
an alternative is determined by both the weights and the attribute-specific value functions (see
equation 5.1). To isolate the impact in the value function elicitation step and ensure the results
are unaffected by variations in the weight elicitation step, we first elicit and fix the weights. We
achieve this by altering the attribute ranges used to elicit the attribute-specific value functions.
Specifically, the procedure works as follows.

Let X and Y be two decreasing attributes® with predefined ranges: X € [z, z], where T
is the minimum (best) performance score and x is the maximum (worst) performance score of
attribute X. Y € [y, y|, where 7/ is the minimum (best) performance score and y is the maximum

(worst) performance score of attribute Y. Figure 2.3 presents the hypotheticgl value functions
of attribute X and Y.
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Figure 2.3: Value functions for attributes X and Y

Step 1: We provide two alternatives a; = (z,7) and a; = (Z,y), and ask if the DM

2In this paper, we use z and Z to show the worst and best performance scores of attribute X. For a decreasing
attribute, then the range is shown as X € [z, z], while for an increasing attribute the range is shown as X € [z, Z].
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equally prefers them. Note that X < [7,z],Y € [7,y].

If the DM is indifferent between the two alternatives, following equation 2.2, it implies
wxv(z) + wyv(y) = wxv(T) + wyv(y). Since v(z) = v(y) = 0,v(Z) = v(y) = 1, we get

wy = wx. Given wy + wy = 1, we derive wx = wy = 0.5 and proceed to step 2.

If the DM prefers as to a4, it indicates wx > wy when X € [z,z], Y € [7,y]. We then ask
the DM to replace Z by 2, where 2/ € (Z, z), such that he/she equally prefers the two alter-
natives. Later, we change the range of attribute X to [2/, z] when eliciting the value function.
Since the full range of attribute X is now [2/, z], it means v(2’) = v(y) = 1. Therefore, the

weights of attributes X and Y are still 0.5 when X' € [2/,z], Y € [7,y].

Conversely, if the DM prefers a; to as, it implies wxy < wy when X € [z,z],Y € [7,y].

We ask the DM to replace § by y', where y' € (7,y), so that he/she equally prefers the two
alternatives. We then adjust the range of attribute Y" to [y', 5], when eliciting the value function,

maintaining wyx = wy = 0.5 when X € [7,z],Y € [/, y].

Table 2.1: Scenarios of different attribute ranges for fixing weights

Scenario Attribute X Attribute Y

Wx = Wy [Q_jyi] [y7 _]
wx > Wy [37,,£] [gv _]
wx < Wy 7, 2] v,y

For now, we elicited and fixed the weights of the two attributes to 0.5 by changing the
attribute ranges (see Table 2.1). Consequently, in doing it, the overall values of a; and ay are
also fixed to 0.5. To test Hypothesis 3 regarding the effect on the overall value of an alternative,
we need another alternative with attribute levels not at the extreme levels of the attribute range.?

Step 2: For participants in the first and last scenarios (see Table 2.1), we provide a3
with a random value within the attribute value range of X, like i and ask the DM to choose
a value for Y like y such that he/she equally prefers the three alternatives. For participants
in the second scenario, we provide a3 with a random value within the attribute value range
of Y, like y and ask the DM to choose a value for X like = such that he/she equally prefers
the three alternatives.

For the first scenario wx = wy, when X € [Z,z],Y € [7,y]:

For the second scenario wy > wy, when X € [2/,z],Y € [7,y]:

v(ar) = wxv(z) + wyv(y) = wy

3The additive assumptions for the aggregation model were verified between attributes through relevant ques-
tions in the questionnaire.
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For the third scenario wx < wy, when X € [T,z],Y € [y, y]:
v(ar) = wxv(z) +wyv(y') = wyv(y)
v(az) = wxv(T) + wyv(y) = wx

v(az) = wxv(i) + wyv(y)

In all scenarios, a; and ay are constructed using extreme attribute levels from the corre-
sponding attribute ranges. The values of these extreme attribute levels are always 0 (for the
worst) or 1 (for the best), regardless of any changes in the shape of the attribute-specific value
functions. Therefore, the overall values of a; and a» remain fixed at 0.5 based on the calculation
above. We design a3 in a way that its attribute levels © and y are within the attribute ranges,
thus any changes in the shape of the attribute-specific value functions due to anchoring bias
can affect the values of & and y. After eliciting the value functions for attributes X and Y in
different experiment groups, we can calculate a new overall value of a3, and H3 can be tested
by comparing v(a3) in different anchor groups. The equal preference among three alternatives
serves as a benchmark, enabling us to attribute any deviations in v(a3) to anchoring bias. The
experimental design establishes that v(a3) should theoretically be lower than 0.5 for the low an-
chor group, higher than 0.5 for the high anchor group, and equal to 0.5 for the three mitigation
groups. This setup is intentionally structured to test the anchoring effect on decision-making
outcomes, as well as the effectiveness of the mitigation strategies in neutralizing this bias.

Determining the Value Functions Using the Midvalue Splitting Procedure

In this part, participants are presented with a toy example to help them understand the mid-
value splitting procedure. Then they are randomly assigned to one of five groups: low anchor
group, high anchor group, low-high counter-anchor group, high-low counter-anchor group and
no-anchor group. The first two groups are to test the anchoring bias and the last three groups
are to test the debiasing strategies. To ensure consistency, all anchored groups receive two
consecutive anchors spaced at 20% of the total attribute range. See Table 2.2 for the detailed
information on anchors given in each group. A between-subject design is essential for this
study, which ensures that the impact of each anchor group can be clearly isolated and measured
without interference from prior conditions (Shadish et al., 2002). This design eliminates the
risk that participants may adjust their responses based on prior exposure to a different anchor
(e.g., shifting from a low to high anchor or vice versa), which could distort the observed effects
of the anchors.

Table 2.2: Anchor values in different groups

Groups Starting Points Starting Points
Rent (euro) Commute Distance (km)
Low Anchor 860 and 1020 8and 11
No Anchor none none
Low-High Counter-Anchor 860 and 1340 8 and 17
High-Low Counter-Anchor 1340 and 860 17 and 8
High Anchor 1340 and 1180 17 and 14

Take the rent attribute value function elicitation in the high anchor group as an example;
to identify the first midvalue point, the participants are presented with two possible rent drops:
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“Suppose you can get a lower rent for the apartment by increasing the commute distance. Sup-
pose the drop in monthly rent would be either from 1500 euros to 1340 euros or from 1340
euros to 700 euros. For which drop in price would you accept a larger increase in commute
distance?” Here, 1340 euros serves as the high anchor. Regardless of the participants’ answer,
in the second question, we will replace 1340 euros with another high value, 1180 euros, to the
DMs and ask if they are indifferent between the two latest rent drops. After that, participants
will directly give a value for z; such that they are indifferent between the rent drops from 1500
euros to x; euros, and from z; euros to 700 euros. This value of x; becomes the first mid-
value point, and is assigned a value score of 0.5. We understand that in a real-world scenario,
an analyst will adjust the values in their following questions based on the DM’s response and
will continue asking questions until a midvalue point is reached. But for this experiment, we
focus on the effect of anchors, and we stop after two questions for the sake of convenience and
consistency (in terms of the number of adjustments) across all participants.*

This procedure is consistent across all groups, with only the starting points differing. Specif-
ically, in the no-anchor group, no starting point is given to the participants, they directly give
the first midvalue point. For the subsequent midvalue points, for all five groups, each subject is
asked directly to give the points. After obtaining all three midvalue points, a consistency check
is done by asking if the participants are indifferent between the change from x5 to (5 and
from z( 5 to xo 75. If they are not indifferent between the two changes, then they will give a new
score to xg 5, and this new score becomes the first midvalue point.

Collecting Demographic Information

The final section of the questionnaire gathers demographic data such as age, gender, and
education level. Additionally, information about the participant’s current living space size,
monthly rent or mortgage and commuting distance were also collected as control variables.
This information provides a more comprehensive profile of the participants (Hammer, 2011;
Creusen, 2010).

To implement the experiment in an online survey, we used the advanced and user-friendly
Qualtrics platform, which allows for dynamic question flows, flexible layouts, and a variety
of question types (Couper, 2000; Dillman et al., 2014). This platform enhances participant
interaction by providing a seamless and intuitive survey experience.

2.5.2 Participants

Participants were recruited from six European countries: the Netherlands, Germany, France,
Belgium, Denmark, and Luxembourg. These countries were chosen because they share similar
cultures and apartment renting situations (Eurostat, 2023). Data collection was conducted using
the online platform Prolific, which offers a large, diverse, and reliable participant pool (Palan
& Schitter, 2018). Prolific’s features for pre-screening and response verification enhance the
quality of the data. The pre-screening function allowed us to limit participants based on their
nationality and level of English proficiency. Additionally, the response verification process
enabled us to reject incomplete answers or those that failed the midvalue splitting procedure.

4See for an example, Appendix A, the part of the questionnaire related to midvalue splitting procedure for
participants in the high anchor condition of the first scenario.
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Participants received a small monetary incentive for their participation, which has been
shown to improve response rates, enhance the quality of responses, and accelerate data collec-
tion in research studies (Singer & Ye, 2013). This study was not incentivized in the traditional
sense of providing performance-based rewards. While economists often use monetary incen-
tives, arguing that they can elicit more realistic and effortful responses from participants, this is
not universally accepted as the best practice, especially in psychology and behavioral decision-
making fields (Hertwig & Ortmann, 2001). Hascher et al. (2021) suggested that the use of
incentives in low-stakes valuation tasks may not be necessary and could potentially be counter-
productive. The primary aim of our study is to investigate anchoring effects and value function
elicitation within a controlled experimental setup. Introducing performance-based incentives
could have influenced participants’ responses, potentially leading to strategic behavior rather
than authentic expressions of their preferences (Camerer & Hogarth, 1999).

In our study, participants spent an average of 16 minutes and 38 seconds, with a standard
deviation of 8 minutes and 59 seconds, completing the experiment. This time includes partic-
ipation in two experiments in one questionnaire, one of them being the present study. A total
of 440 participants were recruited. After data cleaning, 36 responses were excluded because
they did not complete the questionnaire. Additionally, in order to maintain logical consistency,
84 participants were excluded from the analysis due to failing the midvalue splitting procedure,
as they provided values outside the specified ranges or identical values for all three midvalue
points. This indicated either inattention to the questionnaire or a lack of understanding of the
questions. This highlights a potential drawback of online questionnaires, where the lack of di-
rect interaction may lead to misunderstandings or errors in following the procedures, resulting
in inaccurate responses. Additionally, there were 19 participants who failed to give qualified
answers when defining the initial indifference ranking, but all other responses adhered to the
task logic and value ranges. This suggests they understood the instructions but may have mo-
mentary lapses on this specific question. Therefore, they were given a second chance to answer
the initial ranking question and they provided qualified answers.

The final sample included 320 participants, whose data were used for the statistical analysis.
Table 2.3 presents demographic information for the participants. Ethical approval for the study
was obtained from the Institutional Review Board (IRB) of Delft University of Technology.

Table 2.3: Demographic characteristics of participants (n = 320)

Characteristics Levels Percent
Gender Male 64%
Female 35%
Other 1%
Age [18,24] 25%
[25,34] 50%
[35,44] 14%
> 44 11%
Education High School 14%

Bachelor’s degree  32%
Master’s degree 36%
Other 18%
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2.6 Results and Discussion

This section presents the findings from the experimental analysis designed to test the influence
of anchoring bias on value function elicitation within the context of MAVT. The results are
structured around the hypotheses, both parametric and non-parametric statistical methods were
used.

The non-parametric tests identify consistent directional shifts caused by anchoring bias,
irrespective of the scale or distribution of the data. Parametric tests quantify the magnitude
of the difference between groups, offering insight into the size and practical significance of
the anchoring effect. Together, the two distinct but complementary tests provide converging
evidence of anchoring bias, demonstrating both its systematic influence on DM judgments and
the extent of the effect. Notably, we conducted ANCOVA tests to examine whether subjects’
current living space, housing costs, commuting distance, and demographics influenced the main
results of anchoring bias in this study. The results indicated that none of these variables had a
statistically significant effect on the primary dependent variables (all p > 0.05).

2.6.1 Hypothesis 1: Impact of Low vs. High Anchors on Midvalue Points
and Value Function Shape

Hypothesis 1 posited that low starting points would result in smaller midvalue points and smaller
(larger) area under the curve (AUC) compared to high starting points for decreasing (increas-
ing) attribute-specific value functions. To test this, two key indicators were analyzed: the first
midvalue point and the AUC.

The first midvalue point x; was selected because it represents the initial response most
directly influenced by the starting point. A significant difference in this point would suggest
that DM’s initial adjustments were affected by anchoring bias. Notably, the attribute ranges
during the value function elicitation step may vary across participants due to the experimental
setup. To enable meaningful comparisons and analysis, we normalized the attribute ranges,
which also adjusted the scores of the midvalue points accordingly.

The AUC, a measure of the total area under the curve relative to a reference axis, was used
to quantify the overall shape of the value function. AUC was chosen over alternative indicators
such as the sign of the second derivative for a value function, because AUC captures the nuanced
changes in value function shape between groups. Specifically, while for a decreasing value
function, a high anchor (compared to a low anchor) may shift a value function from extreme
convex to convex, such changes cannot be fully captured by merely categorizing functions as
convex or concave. AUC thus provides a more meaningful representation of these shifts and
was recognized as the most appropriate measure for this study.

Rent Attribute

For the rent attribute, descriptive statistics showed that participants in the low anchor group
produced lower midvalue points and smaller AUC values compared to those in the high anchor
group, as detailed in Table 2.4.

An independent-samples ¢-test was conducted to compare the first midvalue point for rent
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Table 2.4: Midvalue point and AUC for low and high anchor groups (Rent)

Anchor Group Normalized First Midvalue Point Mean (SD) AUC Value Mean (SD)
Low 0.42(0.11) 0.45(0.07)
High 0.49(0.12) 0.49(0.08)

between the low and high anchor groups. Levene’s test for equality of variances was not signifi-
cant, F'(1,139) = 1.721, p = 0.192, indicating that the assumption of equal variances was met.
The results showed a statistically significant difference in the first midvalue point between the
two groups, t(139) = —3.496, p < 0.001, confirming that participants in the low anchor group
consistently provided lower midvalue points compared to the high anchor group. The effect
size (Cohen’s d) was 0.589, representing a medium effect magnitude. To further explore these
results, a non-parametric Mann-Whitney U test was performed. This test, which compares the
ranks rather than means of the midvalue points, also revealed a significant difference between
the two groups, Z = —3.586, p < 0.001. The Mann-Whitney U test further confirmed that par-
ticipants in the low anchor group consistently identify their midvalue points lower than those in
the high anchor group, providing additional evidence of a systematic directional shift caused by
anchoring bias.

The anchoring effect on the shape of the value function was examined using the AUC values.
The independent-samples ¢-test for AUC values revealed that the low anchor group produced
significantly lower AUC values, t(139) = —3.276, p < 0.001, with a corresponding medium
effect size (Cohen’s d = 0.552). The Mann-Whitney U test also indicated a significant differ-
ence in the ranks of AUC values between the two groups, Z = —3.147, p = 0.002, with the low
anchor group having generally lower ranks compared to the high anchor group. These results
imply that the influence of anchoring bias extends beyond the first midvalue point, affecting the
overall shape of the value function for the Rent attribute.

Commute Distance Attribute

The descriptive statistics for the attribute commute distance showed a similar pattern: the
low anchor group reveals lower first midvalue points and smaller AUC values than the high
anchor group (see Table 2.5).

Table 2.5: Midvalue points and AUC for low and high starting point Groups (Commute Dis-
tance)

Anchor Group Normalized First midvalue Point Mean (SD) AUC Value Mean (SD)
Low 0.40(0.13) 0.43(0.08)
High 0.45(0.11) 0.45(0.07)

An independent-samples ¢-test was conducted to compare the first midvalue point for com-
mute distance between the low and high anchor groups. Levene’s test for equality of variances
was not significant, F'(1,139) = 1.574, p = 0.212, indicating that the assumption of equal vari-
ances was satisfied. The ¢-test results showed a statistically significant difference in midvalue
points between the low and high anchor groups, ¢(139) = —2.504, p = 0.007. The effect size
(Cohen’s d) was 0.422, representing a medium effect magnitude. Similarly, a Mann-Whitney
U test further validated the significant difference between the distributions of midvalue points
across the two groups, Z = —2.605, p = 0.009.
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The t¢-test for AUC values showed significant difference (¢(139) = —2.271, p = 0.012),
with a medium effect size (Cohen’s d = 0.383). The Mann-Whitney U test further corroborated
the results, with Z = —2.191, p = 0.028. These results indicate that anchoring bias also affects
the value function elicitation process for commute distance, though its effect is smaller than
that of rent. This suggests that commute distance, as a non-monetary attribute, might intro-
duce greater individual variability than rent, thus weakening the presence of bias. This aligns
with evidence that non-monetary attributes reduce preference reversals compared to monetary
attributes (Slovic et al., 1990).

2.6.2 Hypothesis 2: Effectiveness of Debiasing Strategies

Hypothesis 2 examines whether the use of no-anchor or counter-anchoring could mitigate the
effects of anchoring bias. This hypothesis was tested by comparing the first midvalue points
and AUC values generated by the low-high, high-low, and no-anchor groups with those from
the low and high anchor groups, to see if the debiasing groups produced less extreme values
compared to the low and high anchor groups.

Rent Attribute

According to Table 2.6, the first midvalue points and AUC values for the mitigation strate-
gies (no-anchor, low-high, and high-low groups) fell between the extremes of the low and high
anchor groups, suggesting that these strategies helped to mitigate the anchoring effect by reduc-
ing the reliance on one anchor.

Table 2.6: Midvalue points and AUC for five anchor groups (Rent)

Low Anchor No-Anchor Low-High Anchor High-Low Anchor High Anchor

Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Normalized First midvalue Point  0.42 (0.11)  0.43 (0.12) 0.45 (0.10) 0.46 (0.11) 0.49 (0.12)
AUC Value 0.45(0.07)  0.45(0.08) 0.46 (0.06) 0.47 (0.07) 0.49 (0.08)

In order to examine the anchoring effect across different conditions and to compare spe-
cific group differences, ANOVA test and post hoc analyses were used. ANOVA test for the
first midvalue point showed significant differences between the five groups (F'(4, 315) = 3.705,
p = 0.006). Post-hoc comparisons identified two key findings regarding the effectiveness of
debiasing strategies: the no-anchor group and low-high counter-anchor group produced sig-
nificantly smaller midvalue points than the high anchor group (p = 0.005 and p = 0.038,
respectively), and the high-low counter-anchor group resulted in significantly larger midvalue
points than the low anchor group (p = 0.047). Importantly, there were no significant differ-
ences between the three debiasing strategy groups, indicating these strategies produce similar
midvalue points.

For AUC values, the ANOVA test indicated significant differences between the five groups
with (F(4,216) = 3.601) at p = 0.007. Post-hoc analysis showed that the no-anchor group
and low-high counter-anchor group had significantly smaller AUC values compared to the high
anchor group (p = 0.008 and p = 0.026, respectively); the high-low counter-anchor group
had significantly larger AUC values than the low anchor group (p = 0.027). Similar to the
results for the first midvalue point, the AUC values for the three mitigation strategies were
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non-significant, suggesting that they produce similar AUC values. This indicates that the three
mitigation strategies can reduce anchoring bias to a similar extent.

Commute Distance Attribute

Table 2.7 presents the mean and standard deviation of the first midvalue points and the AUC
values for the low and high anchor groups, alongside the three mitigation groups. Although
the ANOVA for the first midvalue points (£(4,315) = 2.365, p = 0.053) and for the AUC
values (F'(4,315) = 1.830, p = 0.123) did not reach conventional levels of significance, these
results do not imply that anchoring bias is absent in the low or high anchor groups. Rather,
they suggest that the commute distance attribute is less susceptible to anchoring bias overall.
The post hoc analysis revealed important findings for debiasing: the low-high counter-anchor
group and high-low counter-anchor group produced significantly lower values than the high
anchor group for both the first midvalue point and AUC values (p = 0.008, p = 0.031 for first
midvalue point, respectively; p = 0.036 and p = 0.037 for AUC values, respectively). Besides,
the three mitigation groups were not significantly different from each other, suggesting that they
are equally effective in reducing anchoring bias.

Table 2.7: Midvalue points and AUC for five anchor groups (Commute Distance)

Low Anchor No Anchor Low-High Anchor High-Low Anchor High Anchor

Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Normalized First Midvalue Point  0.40 (0.13)  0.41 (0.13) 0.39 (0.11) 0.40 (0.11) 0.45 (0.11)
AUC Value 0.43 (0.08)  0.44 (0.08) 0.43 (0.07) 0.43 (0.07) 0.45 (0.07)

To better visualize these findings, we generated representative value functions (see Figure
2.4) for each experimental group by normalizing the attribute range and using the average mid-
value points. For rent attribute, the representative value functions associated with the debiasing
strategies generally fell between those observed in the low and high anchor conditions. The pat-
tern for commute distance attribute was a bit different. That is, while the no-anchor condition
produced value functions that lay intermediate to the low and high anchor groups, the counter-
anchoring strategies did not consistently yield intermediate values. These results suggest that
although anchoring bias is evident in the value function elicitation procedure for both attributes,
and although the debiasing strategies are all effective for both attributes, the degree of effec-
tiveness varies for the two attributes. Notably, while the normalization of the attribute ranges
in Figure 2.4 visually compresses these differences, their practical impact remains non-trivial,
especially considering the statistically significant differences and the medium effect sizes. The
anchoring-induced shifts in midvalue points (7% for rent and 5% for commute distance between
the low and high anchor groups) could significantly influence decision outcomes, especially in
decisions involving critical factors such as financial commitments, safety, security, and health.
In the next section, we will show how the decision results could change due to the changes in
the value functions as a result of different anchors.

2.6.3 Hypothesis 3: Impact of Anchoring on the Overall Value of Alter-
natives

Hypothesis 3 suggests that the anchoring bias introduced in value function elicitation would
also affect the overall value of alternatives and the proposed mitigation strategies would be
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Figure 2.4: The representative value functions

effective in reducing this bias. Specifically, low anchors were expected to lead to lower overall
values compared to high anchors for the same alternative in decreasing attribute-specific value
functions. The overall value of alternative 3 was used to test this hypothesis.

As shown in Table 2.8, the group exposed to the low anchor produced the smallest overall
value, while the high anchor group produced the largest overall value. The three mitigation
strategies (no-anchor, low-high, high-low) resulted in overall values that fall between the ex-
tremes of the low and high anchor groups, aligning with the expectations of the hypothesis.

Table 2.8: Overall value for ag in different anchor groups

Low Anchor No-Anchor Low-High Anchor High-Low Anchor High Anchor
Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
v(azg) 0.52(0.09) 0.54(0.09) 0.54 (0.11) 0.56 (0.09) 0.59 (0.10)

ANOVA test results indicated significant differences among the five groups, F'(4,315) =
4.805,p < 0.001. Post-hoc comparisons revealed that the low anchor group provided signifi-
cantly lower overall values compared to the high anchor group, with p < 0.001. Additionally,
all three debiasing groups produced significantly lower overall values than the high anchor
group (p = 0.003, p = 0.005 and p = 0.039, respectively). The high-low counter-anchor group
produced a significantly higher value than the low anchor group (p = 0.048). Noticeably, no
significant differences were observed among the three mitigation groups, suggesting that they
have similar effects on the overall value.

Supporting these findings, the Kruskal-Wallis H test observed significant differences among
the five groups (x?(4) = 22.217, p < 0.001). Mann-Whitney U test for the overall value of a3
revealed similar effects as with the ANOVA post hoc analysis results. All three debiasing groups
produced significantly lower overall values than the high anchor group (p < 0.001, p = 0.006
and p = 0.025, respectively). The high-low counter-anchor group produced a significantly
higher value than the low anchor group (p = 0.024). No significant differences were observed
among the three mitigation strategies, which shows their mitigation effect is similar.
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To examine how anchoring bias deviates participants from their initial equal preferences
within each group, we tested if the overall value of ag is different from 0.5 across the five
groups. One sample z-test results show that all groups are significantly above 0.5 (p < 0.05
for all), a result that initially seems counterintuitive. Ideally, one would expect the low anchor
group to yield values below 0.5, the high anchor group to produce values above 0.5 and the
debiasing groups to be closer to 0.5.

A closer inspection of individual-level data (see Table 2.9) provides important context be-
yond the group means. Although group means are all above 0.5, the distribution of responses
shows systematic differences. Notably, for v(a3) < 0.5, the low anchor group has the high-
est percentage of participants (33%), whereas the high anchor group has the lowest percentage
(13%). The debiasing groups fall between the extremes. For v(a3) > 0.5, the high anchor
group shows the highest percentage (82%). In contrast, the low anchor group shows the lowest
percentage (51%). The remaining groups fall in between. A Chi-square test indicated signif-
icant differences across the five groups, with x%(8,320) = 19.392 and p = 0.013. Further,
Chi-square analysis among the group pairs showed that the low anchor group, no-anchor group
and the low-high counter-anchor group are significantly different from the high anchor group
(p < 0.001, p = 0.015 and p = 0.038, respectively).

Table 2.9: Distribution of individual-level overall values for az across anchor groups

v(as)
Below 0.5 (%) Equalto 0.5 (%) Above 0.5 (%) Total (%)
Low Anchor 24 (33%) 12 (16%) 37 (51%) 73 (100%)
No-Anchor 12 (20%) 11 (18%) 37 (63%) 60 (100%)
Low-High Anchor 16 (28%) 6 (10%) 36 (62%) 58 (100%)
High-Low Anchor 13 (21%) 6 (10%) 42 (69%) 61 (100%)
High Anchor 9 (13%) 3 (4%) 56 (82%) 68 (100%)

In summary, although the overall means across groups are elevated (see Table 2.8), the
individual-level analysis reveals clear, systematic differences that align with our theoretical
expectations: low anchor leads to more values below 0.5, high anchor leads to more values
above 0.5, and the debiasing groups produce values in between the extremes.

The experimental setting, where three alternatives were initially equally preferred, was de-
signed to fix the weights and thereby isolate the effect of anchoring bias on the value function. In
normal decision-making scenarios, where weights are not fixed, the effect of anchoring bias can
be even more complex and pronounced due to its combined influence on both the weight elici-
tation (Rezaei et al., 2024) and value function elicitation processes. Furthermore, in real-world
decision problems, even when the alternatives are not similar with respect to the attributes, the
overall values of the alternatives are often close to each other, making the ranking highly sensi-
tive to the inputs (i.e. value functions and weights). When the value functions or weights shift
even slightly due to anchoring bias, the aggregated scores can cause significant and complex
changes to the rankings.



2.6.4 Implications for Similar Procedures 37

2.6.4 Implications for Similar Procedures

While this study focuses on the midvalue splitting procedure, its implications can be extended
to other value function elicitation methods as well. Below, we discuss three such methods and
their susceptibility to anchoring bias. Future research could investigate the vulnerability of these
methods to anchoring bias and examine the effectiveness of the proposed debiasing strategies.

Standard difference procedure (Beinat, 1997): This procedure divides the attribute range
into equal value-spaced subintervals and plots the value function by solving a system of linear
equations. When eliciting the value function for an increasing attribute X;, the analyst will first
define a value of 21 € (z, %) and then ask the DM to identify a value of x5 € (x1, Z| such that
she/he is indifferent between the subintervals (x, x;) and (x1, x2). The analyst continues to ask
the DM to identify a value of x until xy = Z. Consequently, the value function is defined
using these indifference points, for example, v;(x;) = % = % Below, we discuss how
anchoring bias could affect the value function elicited using this procedure.

During this process, the first indifference point z; set by the analyst can act as an anchor,
distorting subsequent judgments in identifying the indifference points in two key ways: (i)
Beginning this procedure at the lower versus upper end of the range can result in different
value functions. When DMs identify subsequent indifference points 9, x3, ..., , they might
adjust insufficiently from x; due to anchoring bias. If the procedure starts at the lower end,
the increments between indifference points may be smaller than they should be. Conversely,
starting at the upper end can result in smaller decrements. Like the midvalue splitting procedure,
this effect on the indifference points can lead to an overall effect on the shape of the value
function due to the iterative structure. In case of an increasing value function, beginning this
procedure at the lower end could then lead to a value function with a larger AUC compared
to beginning at the upper end. (ii) Beginning the procedure with a smaller or a larger value of
x1 can result in different value functions. The identification of s, x3, ..., xy can be affected
by x; due to anchoring bias. Beginning this procedure with a smaller value of x; could lead to
smaller increments between subsequent indifferent points compared to beginning this procedure
at a larger value of z;. In case of an increasing value function, this could also lead to a value
function with a larger AUC when beginning this procedure with a smaller value of x;. Building
on the counter-anchoring strategy, debiasing could involve conducting the procedure first at
the lower end and then repeating it at the upper end, or vice versa. By eliciting indifference
points from both directions, the influence of any single starting point is reduced, and the final
value function can be derived by averaging or synthesizing the results. Similarly, the procedure
could be conducted using different starting values within the range to further mitigate anchoring
effects.

Lock-step procedure (Keeney & Raiffa, 1976): This procedure constructs the attribute-
specific value functions by iteratively defining indifference points between two attributes. Specif-
ically, the worst outcomes for both attributes are defined at first, v(z,y) = vx(z) = vy (y) = 0.
Second, the analyst selects x; > z and sets vy (x1) = 1 to fix the “unit” of value for attribute
X. Third, the analyst will ask the DM to identify y; such that she/he is indifferent between
(z1,y) and (x, v, ), and define vy (y;) = 1. This process continues until sufficient indifferent

points (e.g., T2, Y2, T3, Y3»...» Tk, Y) are defined to satisfy chains of indifference (e.g., (2, y) ~

(z1,y1) ~ (x,y2)), with values incremented sequentially (vx (zx) = vy (yx) = k). In this pro-
cess, the analyst’s selection of z; can also serve as an anchor, distorting subsequent judgments
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in identifying the indifference points in a similar way as explained in the standard difference
procedure. Both the starting point in the attribute range (lower vs. upper end) and the size of
the initial value (x) affect the resulting value function. Counter-anchoring debiasing strate-
gies, such as bidirectional elicitation and multiple starting values for x, can help mitigate these
biases.

Direct rating (Fishburn, 1967): This procedure directly assigns O to the worst performance
level and 100 to the best performance level and then asks the DM to assign scores to other
performance levels. However, the order (rating from high-to-low performance level versus
from low-to-high performance level) can also serve as anchors and affect the elicited values.
For example, starting with high-performance levels may anchor DMs to overvalue subsequent
mid-range levels. Building on the no-anchor strategy, debiasing could involve randomizing
the presentation order. Building on the counter-anchoring strategy, debiasing could involve
presenting performance levels in an alternating sequence, starting with the highest, then the
lowest, followed by the second highest, then the second lowest, and so on.

In summary, these elicitation procedures share similar characteristics: the analyst’s sugges-
tions or presentation orders (anchors) that might affect the identification of indifference points
or elicited values, and iterative procedures that can carry this effect to the value function. These
common features allow the implications of this study to be extended to other value function
elicitation methods.

2.7 Conclusion

In this study, we theorized and empirically tested the effect of anchoring bias on the midvalue
splitting procedure, a common approach for value function elicitation, within the context of
multi-attribute value theory (MAVT). We found that the starting point in the midvalue splitting
procedure can serve as an anchor, influencing attribute-specific value functions. Consequently,
this anchoring effect alters the overall value of the alternatives. The debiasing strategies tested in
this study (no-anchor and counter-anchoring) effectively mitigate anchoring bias by producing
less extreme results compared to the low and high anchor conditions. Moreover, the proposed
mitigation strategies do not introduce additional bias when an attribute is less prone to bias,
demonstrating their robustness.

The results of this study align with and extend the existing literature on anchoring bias and
its impact on decision-making processes (Tversky & Kahneman, 1974; Englich et al., 2006).
Our findings contribute to this field by showing its significant effects on the shape of elicited
value functions and results in MAVT. In the context of MADM, while research has been pri-
marily focused on the effect of anchoring bias in weight elicitation (Rezaei, 2021; Rezaei et al.,
2024; Buchanan & Corner, 1997; Jacobi & Hobbs, 2007), this study provides empirical ev-
idence in another essential part, the value function elicitation. The findings raise concerns
about the reliability of commonly used elicitation procedures, as the characteristics of the value
function directly affect the evaluation of the alternatives. Anchoring bias strongly influenced
the overall value of alternatives even when only two attributes were considered. In real-world
decision-making contexts, where the number of attributes and alternatives is typically much
larger, the impact of anchoring bias can result in even stronger distortions in the evaluation
process, potentially leading to systematically biased decisions.
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The findings of this study carry important implications for analysts employing MAVT and
similar methods to support decision-makers. First, analysts must recognize the susceptibility
of these methods to anchoring bias in value function elicitation. To reduce such bias, analysts
should remain neutral throughout all procedures. This includes avoiding the introduction of
starting points that may unintentionally serve as anchors. When initial values or reference
points are necessary, providing counter-anchors can help reduce their impact. Additionally,
these insights extend beyond individual analysts to the design and implementation of decision-
support systems that rely on value function elicitation. Such systems should be developed with
mechanisms to counteract anchoring bias, ensuring that their structure and interfaces do not
inadvertently introduce or reinforce biased reference points.

This study enhances our understanding of anchoring bias in value function elicitation and
provides important implications for both theoretical and practical improvements of MAVT and
other decision analysis methods. However, several limitations should be acknowledged. Despite
refinements through two pilot experiments, some participants still failed the midvalue splitting
procedure. This might suggest that the procedure imposes considerable cognitive demands on
participants, potentially leading to fatigue and errors. The sample’s cultural and geographical
specificity may limit the generalizability of the findings (Norenzayan et al., 2007; Ma-Kellams,
2020). The simplified two-attribute decision problem may not fully capture real-world com-
plexity. The degree of effectiveness of the debiasing strategies varies for the two attributes
examined in this study, indicating different susceptibility to anchoring bias. These limitations
highlight the need for replication studies to confirm the robustness of the observed effects.

Future research could build on these findings by examining the influence of anchoring bias
in complex decision problems involving more than two attributes and different types of at-
tribute value functions (e.g., a mix of increasing and decreasing value functions). Additionally,
it would be valuable to investigate how anchoring bias affects other value function elicitation
procedures and whether the proposed mitigation strategies remain effective in those contexts.
We introduced some general ideas in Section 2.6.4, which future research can further develop
and extend. Furthermore, conducting the experiment in a more controlled environment, such
as a supervised laboratory setting, could help improve data quality by minimizing inattentive
responses and enabling better identification of potentially invalid data, such as unusually fast
responses on specific tasks. Finally, expanding the experiments to different cultural or geo-
graphical contexts could help generalize the study’s findings.
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Chapter 3

Anchoring Bias in the Tradeoff Procedure
within Multi-Attribute Value Theory

Abstract: Eliciting the weights of attributes is a key step in multi-attribute decision-making
methods. The weights usually represent the relative importance of the attributes or the tradeoffs
among them in forming a decision. Various weight elicitation methods exist, each based on
different assumptions and procedures. Still, many of these methods do not explicitly account
for the potential influence of cognitive biases in their design. This study examines the anchor-
ing bias, a well-known cognitive bias, in the weight elicitation step (the Tradeoff procedure)
of multi-attribute value theory (MAVT). We developed three hypotheses: (i) Using the most
important (best) attribute to construct the indifference pairs in the Tradeoff procedure leads to
higher weights for the best and worst attributes and lower weights for the other attributes; (i1)
Using the least important (worst) attribute to construct the indifference pairs in the Tradeoff
procedure leads to lower weights for the best and worst attributes and higher weights for the
other attributes; (iii) Using both best and worst attributes to construct the indifference pairs
(i.e., the Best-Worst Tradeoff: BWT), mitigates the anchoring bias. To test the hypotheses, we
conducted an experiment by designing a questionnaire based on MAVT and collected data from
336 participants for a decision problem. The findings indicate that the anchoring bias has a
significant impact on the Tradeoff procedure and that the BWT is effective in mitigating this
bias.

Keywords: Anchoring bias; weight elicitation; tradeoff; best-worst tradeoff; debiasing

This chapter is based on the following manuscript:

Sun, G., Kroesen, M., Rezaei, J (2026) Anchoring Bias in the Tradeoff Procedure within Multi-
Attribute Value Theory, Journal of Behavioral Decision Making, 39(2), 70069
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3.1 Introduction

Many real-world decision problems are multi-attribute decision-making (MADM) problems,
ranging from everyday life decisions to corporate or national governance problems, and in
different fields such as healthcare, engineering, and finance. In MADM, the decision-maker
(DM) evaluates multiple, often conflicting objectives. These objectives are represented by at-
tributes, which provide measurable scales against which alternatives can be evaluated. Nu-
merous MADM methods have been developed to support this process and to improve decision
quality. One of the most important steps common to these methods is the elicitation of attribute
weights. The weights usually represent the relative importance, contribution, or tradeoff among
the attributes in forming a decision. These weights influence the final decision through vari-
ous mechanisms, such as explicit aggregation, pairwise comparisons, or threshold-based rules.
Consequently, if the weight elicitation process introduces biases or fails to capture the DM’s
preferences appropriately, the decision results may be misaligned with the DM’s preferences.
Therefore, ensuring that the elicited weights meaningfully reflect the DM’s preferences is fun-
damental in supporting decision quality.

There are various methods for eliciting attribute weights, such as the Tradeoff procedure
(Keeney & Raiffa, 1976), simple multi-attribute rating technique (SMART) (Edwards, 1977),
Swing (von Winterfeldt & Edwards, 1993), analytic hierarchy process (AHP) (Saaty, 1980),
and best-worst method (BWM) (Rezaei, 2015), among others. Each method has distinct as-
sumptions and procedures to help the DM elicit their preferences and translate them into quan-
tifiable weights. Consequently, different MADM problems can be solved by different methods
depending on the context of the decision (Belton & Stewart, 2012). Importantly, the interpre-
tation of attribute weights also varies across methods (Hamaéldinen & Salo, 1997). As noted
by Choo et al. (1999), in methods based on multi-attribute value theory (MAVT) (Keeney &
Raiffa, 1976), such as the Tradeoff procedure, weights have a compensatory meaning: lower
performance in one attribute can be offset by higher performance in another, depending on the
weights. In contrast, methods such as AHP derive weights from pairwise comparisons and in-
terpret weights as marginal contributions of each attribute to the overall value of an alternative,
typically assuming a ratio scale. Understanding these differences is crucial, as it allows ana-
lysts to pose appropriate questions to the DM to elicit the relevant weights in different weight
elicitation procedures.

These methods usually rely on the assumption that the DM is rational. In practice, however,
humans are subject to cognitive biases that can systematically distort their judgments. As a
result, even when these methods are implemented correctly, the elicited outputs may deviate
from the normative expectations these methods are designed to reflect.

Cognitive bias is a systematic pattern of deviation from rationality when people process
information. It arises from the use of mental shortcuts, or heuristics, in the decision-making
process (Tversky & Kahneman, 1974; Gilovich et al., 2002). While heuristics can help the DM
to arrive at a good enough decision quickly, they can also lead to systematic errors in judgments
and decision-making. Research on cognitive biases has therefore been largely descriptive, seek-
ing to identify new types of bias and to develop theories or models that explain these systematic
deviations from rationality (Montibeller & von Winterfeldt, 2024). For instance, the anchoring
bias is one of the most documented cognitive biases and has been identified in various areas
(Tversky & Kahneman, 1974; Chapman & Johnson, 1999; Mussweiler & Strack, 2001). In the
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medical context, Ly et al. (2023) demonstrated that pre-reviewing the document of a patient in
the emergency department creates an anchoring bias in physicians’ clinical decisions. In mak-
ing a diagnosis, physicians can rely heavily on documentation and medical history (anchors),
overlooking the possibility of other health conditions, leading to delays in proper examinations
and diagnosis.

The insights from this descriptive line of research are highly relevant for MADM. They sug-
gest that the fundamental assumptions (i.e., a rational DM) of MADM methods might not hold
in practice, undermining the reliability of MADM methods. Consequently, research on cogni-
tive bias in MADM has been primarily prescriptive, with an emphasis on developing debiasing
strategies to account for these biases. The purpose of a prescriptive study, such as the present
one, is not just to observe the biases but to improve the decision-making process by identifying
and mitigating systematic deviations from normative decision rules. In doing so, prescriptive
research provides actionable insights for MADM practitioners and contributes to improving the
reliability of MADM methods.

Montibeller & von Winterfeldt (2015) and Morton & Fasolo (2009) have conducted reviews
of the possible cognitive biases within the context of MADM and suggested mitigation strate-
gies. Experimental studies have also been conducted to provide empirical evidence of cognitive
bias or behavioral influences in MADM methods (von Nitzsch & Weber, 1993; Fischer et al.,
1987; Fischer, 1995; Weber et al., 1988; Weber & Borcherding, 1993; Péyhonen & Hiamaélidinen,
2000; Rezaei, 2021; Rezaei et al., 2022, 2024; Sun et al., 2025). Sun et al. (2025) investigated
the anchoring bias in the value function elicitation step of MAVT, focusing on the midvalue
splitting procedure. The present study complements and extends that work by shifting atten-
tion to the weight elicitation step, specifically the Tradeoff procedure. By examining another
key stage of MAVT, this study deepens our understanding of how cognitive biases can arise
at multiple stages of MADM methods, underscoring both the pervasiveness of such biases and
the need for comprehensive debiasing strategies. Rezaei et al. (2024) examined the anchoring
bias in the SMART and Swing methods. In those methods, the bias arises from explicit starting
points, and their findings suggest that the BWM, which incorporates two directional anchors,
can mitigate this effect. By contrast, the anchoring bias in the Tradeoff procedure does not
stem from a starting point but from the selection of the reference attribute. This difference
highlights that even within the same weight elicitation step of MAVT, distinct procedures can
introduce bias through different mechanisms, requiring procedure-specific debiasing strategies.
This study advances the literature by (i) theorizing and empirically demonstrating the anchor-
ing bias in the Tradeoff procedure itself, and (ii) testing the Best—Worst Tradeoff (BWT) as a
prescriptive debiasing strategy. While Liang et al. (2022) proposed that BWT might mitigate
the anchoring bias in the Tradeoff procedure, empirical evidence has so far been lacking. By
providing such evidence, the present study contributes to both the theoretical understanding of
how cognitive bias influences different weight elicitation methods and the practical reliability
of MADM applications.

This study investigates the effect of the anchoring bias in the weight elicitation step (the
Tradeoff procedure) of MAVT. The Tradeoff procedure involves using attributes (best or worst)
to construct indifference pairs and then deriving the weights (or scaling constants) from the in-
difference relations. We hypothesize that the selection of attributes (best or worst) might distort
individual judgments due to the anchoring bias and lead to inconsistent weights across different
conditions. We also hypothesize that the BWT method that utilizes both best and worst at-
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tributes to form the indifference pairs can mitigate the anchoring bias in the Tradeoff procedure.
To test these hypotheses, we designed a questionnaire based on the MAVT methodology. This
questionnaire contained two decision problems: the first, with two attributes, was designed for
the study reported in Sun et al. (2025) on value function elicitation; the second, with three at-
tributes, was designed for the present study to investigate weight elicitation. Although both used
the apartment selection context, the attribute ranges and experimental designs were different,
ensuring independent datasets despite being combined into a single instrument for efficiency.
For the current study, we employed a within-subject design to compare different Tradeoff pro-
cedures. We collected data from 336 participants and performed statistical analysis to test the
hypotheses.

The remainder of this paper is structured as follows: Section 3.2 introduces the anchoring
bias and its effects in MADM methods, especially in the weight elicitation step. Section 3.3
describes MAVT, the Tradeoff procedure, and the BWT. Section 3.4 develops three hypotheses
for this study. Section 3.5 describes the experiment design. Section 3.6 presents the results and
discussion of the study, and Section 3.7 concludes this study.

3.2 The Anchoring Bias and its Role in Multi-Attribute De-
cision Making

The anchoring bias was first introduced by Tversky & Kahneman (1974), explained by the
anchoring-and-adjustment heuristic. According to this heuristic, individuals begin their judg-
ment process with an anchor and then make adjustments from that anchor to arrive at a final
judgment. However, the adjustments are insufficient, resulting in a final judgment that remains
biased towards the anchor. This has been demonstrated in a range of experimental settings,
either through estimation tasks (measured by deviation from the true value) or valuation tasks
(measured by deviation from preference coherence and consistency). For example, in an estima-
tion task, McElroy & Dowd (2007) asked participants to estimate the length of the Mississippi
River after presenting them with either a low anchor (e.g., “more than 200 miles”) or a high
anchor (e.g., “less than 20,000 miles”). Participants’ estimates were significantly biased in the
direction of the anchor, with participants in the low anchor group providing significantly lower
estimates (Mean=698.5) than those in the high anchor group (Mean=10,021.26).

Beyond the empirical evidence, the anchoring bias has been found to be impactful across a
wide range of decision fields (Furnham & Boo, 2011). Accordingly, most field evidence con-
cerns valuation tasks, in which anchoring is identified through systematic distortions in pref-
erence coherence and consistency rather than deviations from an objectively correct value. In
legal settings, the anchoring bias can influence sentencing decisions made by legal profession-
als even when the anchor is the result of a dice roll (Englich et al., 2006), though factors such
as legal expertise and the relevance of the anchor can moderate this effect (Bystranowski et al.,
2021). In healthcare, the anchoring bias can influence diagnoses, where a physician’s initial
hypothesis anchors subsequent evaluations, even when contradictory evidence emerges (Thirsk
et al., 2022). In forecasting, Campbell & Sharpe (2009) found that professional economic fore-
casters rely heavily on recently realized values, leading to predictable forecast errors.

To reduce the effect of the anchoring bias, various mitigation strategies have been developed,
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which can generally be grouped into three categories:

Encouraging critical thinking and reflection on the anchor’s validity (Chapman & Johnson,
1999; Epley & Gilovich, 2005). This category includes strategies that encourage individuals
to reflect on whether the anchor is appropriate. For instance, using incentives for accuracy can
enhance individuals’ motivation to make careful judgments, leading to more effortful cognitive
processing and greater adjustments away from the anchor. For example, Epley & Gilovich
(2005) demonstrated that when individuals generated their own anchors (i.e., self-generated
anchors) and were provided with financial incentives for accuracy before the task, they then
made greater adjustments away from the anchor and more accurate estimates compared to those
who received no incentives. This suggests that incentives enhance motivation to engage in more
effortful thinking, which reduces the influence of the anchoring bias.

Educating participants about the anchoring bias (Adame, 2016; Meub & Proeger, 2016;
Morewedge et al., 2015). This approach involves increasing individuals’ awareness of the an-
choring bias, either implicitly through well-designed tasks or by explicitly providing informa-
tion about the bias. The goal is to help individuals recognize how anchoring may influence
their judgments. Meub & Proeger (2016) found that the anchoring bias is reduced through re-
peated forecasting tasks, suggesting that participants learned from experience and adapted their
judgment strategies over time, becoming less influenced by the anchor in the later stages of the
experiment.

Structuring decision-making processes to minimize reliance on arbitrary anchors (Muss-
weiler et al., 2000). This category focuses on altering the structure of the task to reduce the
anchor’s influence. A well-known strategy in this group is the “consider-the-opposite” strat-
egy, which encourages individuals to critically evaluate their initial judgments by considering
contradictory information or alternative scenarios, thereby reducing the influence of the anchor.
Mussweiler et al. (2000) demonstrated the effectiveness of this strategy through two experi-
ments, showing that asking participants to consider why an anchor might be inappropriate can
reduce the anchoring bias.

The first two categories aim to shape how individuals think about or respond to anchors,
and these strategies should be conducted before the actual judgment task. However, empirical
studies have found that their effectiveness in reducing the anchoring bias is often limited (Chap-
man & Johnson, 2002; Wilson et al., 1996; Epley & Gilovich, 2005). The third category aims
to directly alter the structure of the decision-making context and has shown more consistent
success in mitigating the anchoring bias (Nagtegaal et al., 2020; Mussweiler et al., 2000). This
structural approach resonates with the logic of MADM methods, which aim to help the DM
make informed decisions by providing a structured way to evaluate the attributes and alterna-
tives. While these methods are prescriptive in nature -intended to improve decision quality- they
are typically developed under the assumption that the inputs, such as the weights, are derived
from consistent human judgments. As a result, the design of many MADM methods does not
explicitly account for cognitive biases, leaving them susceptible to a wide range of cognitive
biases, such as the anchoring bias.

Several studies have examined the anchoring bias in MADM methods. In MADM, elicited
judgments constitute valuation tasks, since they reflect subjective tradeoffs and preferences
rather than estimates of objectively verifiable values. Therefore, most empirical studies define
the anchoring bias in MADM as systematic deviations from preference coherence and consis-
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tency in the elicited judgments or resulting decision outcomes. Sun et al. (2025) examined the
anchoring bias in MAVT during the value function elicitation step. They found that the analyst’s
choice of starting point in the midvalue splitting procedure can systematically bias judgments,
lead to biased value functions, and consequently biased decision results. Their study also tested
“counter-anchor” and “no anchor” debiasing strategies, both of which effectively reduced this
bias.

Buchanan & Corner (1997) investigated the effect of the anchoring bias in a multi-objective
production scheduling decision problem with two interactive methods: the Zionts and Walle-
nius method (Zionts & Wallenius, 1983) and the Free Search method (Buchanan, 1997). The
Zionts and Wallenius method starts from the current solution, and the DM iteratively chooses
preferred directions of improvement until no further direction is preferred. In contrast, the Free
Search method lets the DM explore the solution space directly, without a fixed starting point.
The results showed that the decision outcome was significantly affected by the fixed starting
point in the Zionts and Wallenius method, whereas no such effect was observed in the Free
Search method. This highlights how structures designed to aid the decision-making process
can themselves become a source of bias and unintentionally introduce or amplify the anchoring
bias.

Different MADM methods have distinct procedures, and research shows that their structural
design plays a crucial role in determining how susceptible the methods are to the anchoring bias.
Methods that rely on a single directional anchor, such as SMART and Swing, have been shown
to be particularly vulnerable. In SMART, scoring begins from the least important attribute,
whereas in Swing, it begins from the most important. Despite this difference, both methods
show the same pattern of the anchoring bias in an estimation task: the weights for the less im-
portant attributes are higher than their actual ones, while the weights for the more important
attributes are lower than their actual ones (Rezaei, 2021). Building on this work, Rezaei et al.
(2024) analyzed BWM, which incorporates two directional anchors through pairwise compar-
isons: one between the best attribute and the remaining attributes, and another between the
worst attribute and the remaining attributes. The results showed that, compared to SMART
and Swing, which rely on single-directional anchors, BWM can produce lower weights for the
less important attributes and higher weights for the more important attributes. In another study,
Rezaei (2022) demonstrated that methods relying on a single directional anchor are more prone
to the anchoring bias, while the two-directional structure in BWM reduces its impact. These
findings suggest that MADM methods with multiple or opposite anchors are less susceptible to
the anchoring bias.

In summary, these studies highlight the significant role of method structure in shaping de-
cision outcomes. While existing MADM methods like SMART and Swing are thoughtfully
designed and account for many theoretical and practical considerations, they were not origi-
nally developed with the impact of cognitive biases in mind. Insights from behavioral decision
research have since shown that preferences are not merely revealed but are often constructed
during the elicitation process and are context-dependent (Slovic, 1995; Payne et al., 1992).
This perspective reinforces the prescriptive function of MADM methods, which aim to guide
the DM toward more informed decisions through structured procedures. On the one hand, if the
design of these procedures does not account for cognitive biases from the outset, these proce-
dures might become the source of the cognitive biases and fail the prescriptive aim of improving
decision quality. On the other hand, recognizing that preferences are constructed during the elic-
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itation process also opens the door to effective debiasing, as long as these behavioral aspects
are considered in the method structure.

As one of the most widely used weight elicitation methods, the Tradeoff procedure has
been included in prior investigations of behavioral effects. For instance, Weber & Borcherding
(1993) examined several cognitive influences, such as range sensitivity, splitting bias, hierarchi-
cal structuring, and framing effects, across different elicitation methods, including the Tradeoff
procedure. However, their work did not address the potential for the anchoring bias within the
Tradeoff procedure’s structure. This study focuses specifically on the anchoring bias, one of the
most well-known cognitive biases (Tversky & Kahneman, 1974; Furnham & Boo, 2011), in the
Tradeoff procedure, thereby extending this line of research by identifying and examining a pre-
viously overlooked behavioral vulnerability. The present contribution should be differentiated
from recent studies by Rezaei and colleagues, who examined the anchoring bias in SMART
and Swing. In those methods, anchoring arises from an explicit anchor, whereas in the Tradeoff
procedure, the bias originates from the choice of reference attribute. This broadens our under-
standing of how biases can enter MADM methods, and practically, it calls for method-specific
strategies rather than general ones.

3.3 An Overview of the Tradeoff Procedure

To introduce the Tradeoff procedure, it is essential to first position it within the context of multi-
attribute value theory (MAVT). MAVT is a widely recognized MADM method developed by
Keeney & Raiffa (1976). It assumes a DM’s preferences can be represented by a value function
consisting of attribute-specific value functions and corresponding weights (scaling constants).
The Tradeoff procedure was originally developed within this theory to elicit the scaling con-
stants by identifying indifference points between hypothetical alternatives. Since the calculation
of weights using the Tradeoff procedure relies on the existence and structure of the underlying
value function, MAVT provides the necessary conceptual foundation. This section introduces
MAVT, the Tradeoff procedure, and the Best-Worst Tradeoff (BWT).

3.3.1 Multi-Attribute Value Theory

The first step of MAVT involves clearly defining the decision-making context. This includes
identifying the objectives, attributes, and alternatives. Let A = {ay,as,...,a)} denote the
set of alternatives being considered. Each alternative a; € A is evaluated based on a set of
attributes X = {X;, Xs,..., Xy}, where each attribute X; € X is used to assess how well
an alternative meets the objectives. The goal is to determine which alternative best satisfies the
objectives based on the evaluation of the attributes.

Once the decision-making context is established, the next step is to elicit attribute-specific
value functions. An attribute-specific value function represents how a DM values different lev-
els of performance for a specific attribute on a scale from O (the least preferred level) to 1 (the
most preferred level). There are different value function elicitation procedures such as the mid-
value splitting procedure, the lock-step procedure, the standard difference procedure, successive
comparison and curve fitting, among others (Keeney & Raiffa, 1976; Beinat, 1997; Fishburn,
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1967; Watson & Buede, 1987). The midvalue splitting procedure is used in the current study
because it is one of the most commonly employed methods originally introduced by Keeney &
Raiffa (1976). In the midvalue splitting procedure, the DM identifies several midvalue points
within each attribute’s range, which are used to plot the value function. When a higher attribute
value is preferred, an increasing function is applied. A formal definition of the midvalue is
(Kirkwood & Sarin, 1980):

Definition 3.1

9 is said to be the midvalue of the interval [z, ]] if the decision-maker will give up the same
amount of some other attribute to go from z to 9 as from z} to x;.

T

A similar definition can be used for the decreasing attribute-specific value function.

The third step involves eliciting the attribute weights (or scaling constants). Different weight
elicitation methods can be used, such as SMART (Edwards, 1977) and Swing (von Winterfeldt
& Edwards, 1993). The Tradeoff procedure is considered in this study because it is the one
developed originally in MAVT, which will be introduced in detail in the next subsection.

Once the attribute-specific value functions and weights have been elicited, the next step is
to aggregate them into an overall value for each alternative. Different aggregation models can
be applied depending on the underlying preference assumptions (Keeney, 1974). The additive
model is the simplest and most widely used. It is valid under the assumptions of mutual pref-
erential independence and difference independence (Smith & Dyer, 2021; Keeney & Raiffa,
1976).

Definition 3.2
Attributes X1, ..., X are mutually preferentially independent if every subset of attributes is
preferentially independent of its remaining attributes.

Definition 3.3
Attribute X; is difference independent of the remaining attributes if the preference difference
between any two levels of X is not affected by the fixed levels on the other attributes.

Under these assumptions, the additive model is expressed as:

N
U(CLZ‘) = ijvj(aij) (31)
j=1

Here, v(a;) represents the overall value of alternative a;, scaled from O to 1. v;(a;;) denotes
the attribute-specific value of alternative a; with respect to attribute X;, and w; is the scaling
constant (or weight) associated with attribute X;.

The final step of MAVT is to rank the alternatives based on their overall values or select the
best-performing alternative. Specifically, for any two alternatives a; and a;,

v(ag) > v(a) € ar 75 a
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where the symbol 7 denotes “preferred or indifferent to” (Keeney & Raiffa, 1976) in the sense
of the ordering implied by the overall value function (i.e., the additive model).

In MAVT, the overall value of an alternative is computed as a weighted sum of attribute-
specific value functions if the preferential independence conditions hold, as shown in the ag-
gregation model (3.1). This model implies that the outcome depends jointly on two elements:
the attribute-specific value functions and the weights (scaling constants). If either component
is biased, the overall evaluation will also be distorted. Thus, even if the attribute-specific value
functions are properly elicited, the results can only be meaningful if the weights are also prop-
erly specified. It is, therefore, essential to ensure that the weights elicited reflect the DM’s
preference rather than being distorted by the anchoring bias during the Tradeoff procedure.

3.3.2 Tradeoff Procedure

The Tradeoff procedure typically involves the following steps:

Define attribute ranges. To define the full range of each attribute, it is first necessary to
identify all possible performance levels that the attribute can take in the given decision context,
within the compensatory range. Let z; and Z; denote the worst and best performance levels
for attribute X, respectively, where j € {1,2,..., N} for IV attributes. Thus, v;(z;) = 0 and
vj(Z;) = 1, for all j.

Identify the importance order. The DM is presented with a set of hypothetical alternatives,
each representing an extreme combination of attribute values. For a set of n attributes, each
alternative corresponds to a combination where one attribute is at its best performance level
(denoted 7 ;) while the others are at their worst performance levels (denoted j). The alternatives
can be represented as:

ay = (flazm"ng)) g 1= (zlaf%"'azN)v LRI an ‘= (&17&27"'751\[)

The DM is asked to rank these alternatives based on their preferences. This ranking process
reveals the importance order of the attributes. The attribute that is at its best performance level in
the most preferred alternative is defined as the most important attribute for this specific problem.
For instance, if the DM ranks a, as the most preferred alternative, then X is considered as the
most important attribute for the DM, and will be used to construct indifference pairs in the next
step.

Construct indifference pairs. The DM is presented with a series of hypothetical com-
parisons, each involving two alternatives, in order to establish indifference relations. In each
comparison, one attribute of the first alternative is set at its best possible level, while all other
attributes are fixed at their worst levels. The second alternative in each comparison involves
adjusting the level of the most important attribute until the DM is indifferent between the two
alternatives, with all other attributes fixed at the worst levels. The adjusted level of the most
important attribute at which the DM becomes indifferent reflects the tradeoff they are willing
to make between the most important attribute and the other attribute. Attributes not involved in
the comparison are held constant at their worst levels in order to isolate the tradeoff between
the best attribute and each of the other attributes.

This process results in N — 1 indifference pairs for /V attributes. For any indifference pair



54 3 Anchoring bias in weight elicitation within MAVT

between the most important attribute X 5, or in short B, and another attribute X}, or in short &,
it can be written as follows

— Bk

(g o s @y s Thy e ) ~ (Tyy ey TRy Ty e e TN) (3.2)

where ~ indicates the indifference relation, xg’k represents the adjusted levels of the most

important attribute X5 that makes the DM indifferent between the two alternatives in each
indifference pair.

Calculate weights. Each indifference pair generates an equation that quantifies the tradeoff
between the most important attribute and another attribute. The first alternative has the most
important attribute at its worst level z ; and attribute k at its best level Z. The second alternative
has the most important attribute adjusted to a level xg’k, while the other remaining attributes
remain at their worst levels (with a value of zero). The indifference relation implies that the
total value of the two alternatives is equal. Under the additive value function specified in (3.1),
this can be expressed by the following equation:

W, vk Tk) E w; v] = wpvp(rh™) E W v] (3.3)

1 s 0 fioy 0

which collapses into:

wy, = wpvp () (3.4)

This equation reflects the tradeoff the DM is willing to make between the most important
attribute B and the attribute k. For N attributes, using the N — 1 equations obtained from the
indifference pairs and the constraint that the sum of the weights is equal to one, the weights for
all attributes can be calculated as follows:

( B,1
w, = UJBUB(ZL‘B )

Bk
wy = wpvp(ry”)

(3.5

The weights derived using the Tradeoff procedure are based on the DM’s indifference re-
lations between constructed indifference pairs. In this process, the DM adjusts the level of the
most important attribute starting from its worst level. This initial worst level may act as an
anchor, leading to insufficient adjustments when determining the level of the most important
attribute required for indifference. As a result, the anchoring bias might distort the assigned

'For simplicity, we use the index j to denote attribute X; in the remainder of this paper.
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scores for the most important attribute and, consequently, lead to biased weights (we discuss
this in detail in Section 3.4).

3.3.3 Best-Worst Tradeoff Method

The Best-Worst Tradeoff (BWT) was developed by Liang et al. (2022). It builds on the tradi-
tional Tradeoff procedure by eliciting tradeoffs between the most important attribute and the
remaining attributes, as well as between the least important attribute and the remaining at-
tributes, and then using an optimization model to derive attribute scaling constants (weights) by
minimizing the inconsistency in the judgments.

The BWT procedure involves six steps in total. The first two steps, which are (i) define the
alternatives and attributes, and (ii) determine the attribute-specific value functions, are the same
as in MAVT and will not be repeated here. The remaining steps are:

Identify best and worst attribute. The DM in BWT needs to identify both the best and the
worst attributes. This identification process follows a similar logic to the “Identify the Impor-
tance Order” step in Section 3.3.2. The DM is presented with a set of hypothetical alternatives,
each constructed such that one attribute is fixed at its best performance level while all other
attributes are set to their worst performance levels. From the DM’s ranking of these alterna-
tives, the importance order of the attributes is derived. Throughout the paper, we use the terms
best and worst to indicate the most and least important attributes, respectively. Accordingly, the
most important attribute is denoted as the best attribute (B), and the least important attribute as
the worst attribute (117). These two attributes are then used to construct the indifference pairs in
the next steps.

Best-to-Others tradeoff. This step mirrors the traditional Tradeoff procedure, in which the
best attribute is compared against each of the remaining attributes to establish tradeoff relations.
For a decision problem involving /N attributes, a total of NV — 1 indifference pairs are elicited
between the best attribute B and every other attribute 7, as described in (3.2).

If the DM reaches indifference when the level of the best attribute is adjusted to a:g’j , the
value at that point, vB(xg’j ), is denoted by b;p, which represents the DM’s elicitation of the
ratio w; /wp. The reciprocal, bg; = 1/b;p, then corresponds to the ratio wp/w;. To facilitate
the mathematical representation, the BWT method defines the Best-to-Others (BTO) vector
pBO = {bp1,bp2, . ..,bpn}, where each element b; captures the tradeoff information between
the best attribute B and another attribute j in the BTO comparisons. While the traditional
Tradeoff procedure often constructs only the BTO indifference pairs, BWT also considers the
tradeoff between the other attributes and the worst attribute.

Others-to-Worst tradeoff. This step involves comparing the other attributes to the worst
attribute. For a decision problem with N attributes, this step also involves constructing N — 1
indifference pairs, and each pair compares an attribute j, j # W, with the worst attribute W
These indifference pairs determine how much of an improvement in X; is needed for the DM to
consider it equivalent in changes of the worst attribute from its worst level to the best level. This
process results in N — 1 indifference pairs for NV attributes. For any indifference pair between
the least important attribute 11/ and another attribute k, it can be written as follows:

(gl,...,xZ’W,...,QW,...,gN) ~ gy Ty Ty ZN) (3.6)
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Similar to the traditional Tradeoff procedure, the indifference relations can also be expressed
by equations using the additive value function (3.1), which is:

N N
kW _
wpvk(Ty ) + w; vi(z;) = ww vw(Tw) + w; vz, (3.7)
kk(k);JJ(]) WW(W);J](])
J#k =0 =1 JEW =0
which collapses into:
wkvk(xZ’W) = wy (3.8)

For N attributes, using the NV — 1 equations obtained from the OTW indifference pairs and
the constraint that the sum of the weights is equal to one, the weights can be calculated as
follows:

¢ LW
wivy () = wy

kW
wivp(xy” ) = ww
3.9

NW
wyon (TN ) = ww
N
2w =1
\w; >0, j=1,2..N

Suppose the DM reaches indifference when the level of X is adjusted to :c?’W, while the

worst attribute changes from its worst level to the best level. The value vj(zg’w), is denoted as
bw j, representing the ratio wy, /w;. Its reciprocal, bjy = 1/by;, then corresponds to the ratio
w; /wy . The Others-to-Worst (OTW) vector is defined as b = {byyw, baw, - . ., byw }, where
each element b;y;y captures the OTW tradeoff between attribute j and the worst attribute .

Find the optimal weights. After obtaining the BTO and OTW vectors, the following system
of linear equations can be formed:

bp; = "2, Vj#B

wy+wy+ - +wy =1
w; >0, j=1,2,...,N

(3.10)

However, the elicited judgments are often inconsistent, meaning that the equation system
(3.10) typically does not admit an exact solution. To address this, a nonlinear optimization
model can be employed to derive the optimal weights, formulated as follows:
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minimize &

subject to

w .
bsj— —| <& Vi#B

J

<€ VAW G

w;

J

biw — —=
Ww

w1+w2+---—|—wN:1
w; >0, j=1,2...,N

*

In this model, w; represents the weight of attribute j, B is the best attribute, and W is the
worst attribute. The objective is to minimize the maximum absolute violation of the equations
(denoted by &). This model ensures that the tradeoffs are as consistent as possible while adhering
to the constraint that the sum of the weights is equal to one. BWT also includes a consistency
check for indifference pairs and weights, providing a basis for the DMs to revise their judgments
in the two tradeoff procedures. A linear optimization form is also presented in Liang et al.
(2022).

3.4 Hypotheses Development

During the tradeoff procedure, the DM is asked to compare two hypothetical alternatives that
differ in their attribute levels. One alternative features a specific attribute k& at its best level,
while all other attributes are fixed at their worst levels. In the other alternative, all the attributes,
including attribute £, are set to their worst level, and the DM adjusts the level of attribute [
until the DM is indifferent between the two alternatives. This adjustment starts from an initial
reference point, such as the worst level of attribute [ in the second alternative, which may serve
as an anchor. Due to the anchoring bias, the DM might make insufficient adjustments from this
anchor, leading to distorted indifference judgments and, ultimately, biased weight elicitation.

In the BWT method, two types of tradeoff tasks are conducted: the traditional Best-to-
Others (BTO) tradeoffs and the Others-to-Worst (OTW) tradeoffs. Although the two procedures
differ in direction, the potential anchoring mechanism operates similarly in both cases.

Best-to-Others tradeoffs

In the BTO tradeoffs, the DM adjusts the best attribute 5 from its worst level until she is
indifferent between this adjustment and the full range change (from its best level to its worst
level) of another attribute k,k # B. Due to the anchoring bias, the worst level of the best
attribute z 5 might act as an anchor for the DM and result in insufficient adjustments in defining
the adjusted level :ch’k. That is to say, the DM might not make enough distance from the low
anchor and could assign a number closer to the worst level z; when defining xg’k due to the
insufficient adjustment.

In general, for an increasing (decreasing) attribute-specific value function of attribute B,
this leads to a lower (higher) adjusted level xg’k, which in turn leads to a lower v B(xg’k). Since
vp(z¥) is associated to the ratio wy /wp (See equation (3.4)). If vs(z5*) is lower due to the
anchoring bias, the derived weights will be distorted accordingly. Specifically, the weight of

the attributes k, wy, k # B, may decrease while the weight of the best attribute B, wg may
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increase.
Others-to-Worst tradeoffs

In the OTW tradeofts, the DM adjusts the attribute k, & # W from its worst level until she
is indifferent between this adjustment and the full range change (from its best level to its worst
level) of the worst attribute 1. Similar to the BTO procedure, the worst level of the attribute
k, z,, k # W, might act as a low anchor to the DM, and result in insufficient adjustments in
defining the adjusted level xZ’W. That is to say, the DM might assign a number closer to the
worst level z; when defining xz,w due to the insufficient adjustment.

For an increasing (decreasing) attribute-specific value function of k, k # W, this might lead
to lower (higher) adjusted levels x’,?w for all OTW tradeoffs, which in turn leads to a lower
vk(x’,?w). Since vk(xl,i’w) represents the ratio wyy /wy, (See equation (3.8)). From (3.8), it is
easy to observe that if vk(x’,?w) is lower due to the anchoring bias, the weight of the worst
attribute wy, may decrease while the weight of the non-worst attribute k, wy, k # W, may
increase.

It is important to note that one tradeoff pair, the comparison between the best and worst
attributes, is common to both the BTO and OTW procedures. Therefore, any differences in the
resulting weights between the two procedures originate from the remaining 2( N — 2) tradeoffs:
the BTO comparisons between the best attribute and the remaining attributes (excluding the
worst), and the OTW comparisons between the worst attribute and the remaining attributes
(excluding the best).

Before presenting the propositions on how anchoring affects the weights in the BTO and
OTW procedures, we first show how the weights are derived from each procedure separately, as
follows.

Calculating attribute weights based on BTO and OTW

Assume a decision problem with V attributes { X1, ..., Xx}. Let B denote the most important
(best) attribute, W' the least important (worst) attribute, and I := {1,..., N} \ {B, W} the
index set of the remaining attributes.

Best-to-Others (BTO) tradeoff. Eliciting the ratios bgr, = wg/wy, for every k € K U {W}
and imposing the normalization Zévzl w; = 1 gives

1

wy b k+ B (3.12)

wp = 1
1+ —
2.5
Jj#B

B 1

ey
— bp;
Jj#B

Others-to-Worst (OTW) tradeoff. If instead the judgments use the worst attribute, one elicits
brw = wy/wy for every k € K U {B}. Solving the same normalization condition yields the
following result.
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1 brw
- wy=— h4W (3.13)
1+ ) bw L+ ) bw
AW W

ww

Consistency without anchoring. When the tradeoff answers are internally consistent, the
cross-ratio condition
bBW = ka bkw, Vke K (314)

holds (see Liang et al., 2022). Under this condition, the weight vectors obtained from BTO,
OTW, and BWT are identical.

Effect of the anchoring bias. Anchoring typically inflates both bp, and byy, violating the
above equality. Because the shared ratio bgy = wg/wy is present in both procedures, we treat
it as fixed and attribute any differences in the resulting weights to bias-induced changes in the
remaining ratios. Propositions 1 and 2 formalise how these changes push the BTO and OTW
weights in opposite directions.

Proposition 1. In the BTO procedure, the low-anchored vg(z5"*), k # {B, W} results in
an increase in wp and wy, and a decrease in wy, k # {B, W}.

Proof: Let () := vp (:pg’k) and S := Z#{Rk} vp (xg’j). From the BTO identities

1 Q

wBp = < W = =5 A Wy = WB VB (xng)
1+S+Q 1+S+Q

where v (IE’W) is constant in this perturbation. Differentiating,

0 1 0 1+ 0 0
ﬁz_—2<0’ Wy _ + _ >0, ﬂzvg(xg’w)ﬁ<0
0Q (1+5+Q) 0Q (1+5+Q) oQ 0Q
Thus, a downward shift in () (a low anchor) increases wpg and wy, but decreases wy. a

Proposition 2: In the OTW procedure, the low-anchored vy (z}"), k # {B, W} results in
a decrease in wp and wy and an increase in wy, k # {B, W}.

Proof: Let P := v (") and R := Y 0 1/0;(27"). Then

1 Wy Wy
w =, Wy = 3 wp = .
YT 1+R+1/P PP Sa—-)
Differentiating,

oP _ (1+R+1/PEP? "~ 0P~ up(aB7) OP

op P P 0P  (1+R+1/P)?2P3

0,

Thus, a downward shift in P decreases wyy and wp but increases wy, completing the proof. O
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Drawing from the above discussion, we propose the following hypotheses:

H1: Using the most important (best) attribute to construct the indifference pairs in the
Tradeoff procedure leads to higher weights for the best and worst attributes and lower
weights for the other attributes.

H2: Using the least important (worst) attribute to construct the indifference pairs in
the Tradeoff procedure leads to lower weights for the best and worst attributes and higher
weights for the other attributes.

Since the BWT method utilizes both BTO and OTW tradeoffs, it inherently incorporates
the “consider-the-opposite” debiasing strategy in its structure. “Consider-the-opposite” (Muss-
weiler et al., 2000) is one of the most effective debiasing strategies developed for reducing the
anchoring bias. It encourages individuals to critically evaluate their initial judgments by con-
sidering contradictory information or alternative scenarios. In the context of MADM methods,
BWT achieves this by requiring the DM to evaluate tradeoffs from two different perspectives:
using the best and worst attributes to construct the indifference pairs. This is not merely a mat-
ter of increasing the number of elicited comparisons; it systematically encourages the DM to
conduct tradeoffs from opposing perspectives.

As illustrated in the previous discussions, the anchoring bias tends to distort the weights
in opposite directions in the BTO and OTW tradeoff procedures. Thus, when the two sets of
tradeoffs are combined in the BWT method, these opposite distortions may cancel each other
out, reducing the anchoring bias introduced by any single anchor. The optimization model
solves for the weight that best fits both tradeoff perspectives simultaneously and leads to weights
that are less likely to be biased by a single direction anchor.

Therefore, we hypothesize:

H3: Using the Best-Worst Tradeoff method can reduce the anchoring bias in the Trade-
off procedure.

Remark. When the decision problem involves exactly three attributes, the weight of the
worst attribute, wyy, shows a special behavior. Consider X as the best attribute, X3 as the
worst attribute and X5 as the remaining one. From (3.12) and (3.13), the weights for the three
attributes can be obtained for BTO and OTW, respectively, as follows.

w1 = 1

1r L 1T — 1
1:_17124_1?113 wy = b13 1+b13+b23
_ 1
Wy = +— = byg————
BTO 2 b1z 1+$+$ oTw Wa b23 15513 +bos (315)
1 1 Wa = —L
= 3
W3 = B T L T+b13-+b2s

If the anchoring bias does not affect the tradeoff process, and the preferences elicited are
fully consistent (refer to (3.14)), then by3 = by2bo3 holds. Under this condition, BTO and OTW
yield identical weights. Wu et al. (2024) established a theorem? showing that there is a unique
optimal solution for the problem under a not-fully consistent comparison system when three
attributes are involved. Specifically, according to Wu et al. (2024) the optimal weights are:

2For proof of this theorem, please read Wu et al. (2024).
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__ biz—¢* — _bia+€*
w1 = b13+b23+1 w1 = b13+ba3+1
_ _ bas+&* ; _ _baz—¢* ; 1
Wo = biatbostl if b12 X b23 < b13 Wo = brstbmtl if b12 X b23 > b13 (3 6)
_ 1 _ 1
w3 = b13+baz+1 w3 b13+baz+1

From (3.15) (OTW weights) and (3.16), it is clear that w3 has the same weight for OTW and
BWT (regardless of the consistency level of BWT).

3.5 Experimental Design

To test the hypotheses developed in Section 3.4, we designed a hypothetical decision problem
with three attributes and implemented it in an online questionnaire (Qualtrics) that followed
the steps of MAVT. The questionnaire consisted of a larger experiment with two independent
decision problems. The first, a two-attribute problem, has been reported elsewhere (Sun et al.,
2025) and focused on the anchoring bias in value function elicitation. The current study focused
on the second, a three-attribute problem specifically designed to examine the anchoring bias in
weight elicitation. In this problem, participants evaluated three attributes, and the experimental
variation focused on different versions of the Tradeoff procedure (BTO, OTW, and BWT).

Combining the two problems in a single questionnaire was both efficient and methodologi-
cally sound. First, the problems targeted different steps of MAVT (value functions vs. weights),
so there was no conceptual overlap that could cause contamination. Second, any potential learn-
ing or familiarity effects from the first problem would apply equally across all conditions of the
second problem. Since the analysis compares differences between different Tradeoff procedures
(BTO, OTW, BWT), such general familiarity does not bias results in favor of one method.

The first part of the questionnaire was to inform the participants about the content of the
study, including the objective, procedures, risks, and benefits. The participants were then asked
to voluntarily provide their consent to participate in this study.

In the second part, participants were presented with a hypothetical decision problem. As
illustrated in Table 3.1, an apartment selection problem was designed. The rent attribute range
was set based on the current rental market conditions in the target countries of the experiment.
The lower bound for commute distance was set at a sufficiently high level to ensure that the
value function remains monotonic. This prevents situations where individuals might favor an
intermediate commute distance over living too close to or too far from their workplace. The
distance to the shopping center was deliberately given a narrow range to reduce its overall
importance. This design was intended to encourage a similar attribute importance order across
participants, reducing variance due to individual differences in the experiment. Importantly,
while the design encouraged consistent importance rankings for the attributes, the subsequent
analysis was not dependent on the specific attributes themselves, but rather on their relative
importance rankings as reported by each participant. That is, all analyses were conducted based
on whether an attribute was ranked as most, least, or intermediately important, regardless of
which physical attribute (e.g., rent, commute, shopping distance) it represented.

The third part of the experiment consisted of three tasks: eliciting attribute-specific value
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Table 3.1: Attributes used in the decision problem

Attribute Unit Description Range
Monthly Rent euro It is the amount of money one has to [600,1500]
pay each month to rent the apartment.
Commute Distance kilometer This is the proximity of the apartment [5,15]

to your workplace.

Distance to the Shopping Center ~ meter  This is the proximity of the apartment [100,500]
to the nearest shopping center where
you buy groceries.

functions, eliciting weights, and validating the additivity assumption. While the value functions
were elicited separately, we integrated the weight elicitation with the additivity assumption
validation because both procedures require constructing indifference pairs (See Appendix A for
an example of the tradeoff questions). This integration reduced the total number of indifference
judgments one has to make, allows for a more efficient experimental structure, and minimizes
unnecessary cognitive effort. Reducing redundancy in elicitation tasks is particularly important
in multi-criteria decision experiments where complex tradeoffs are involved, and quantitative
judgments are required (Larichev, 1992; Larichev & Brown, 2000; Jaspersen & Montibeller,
2015).

To implement this integration, participants first determined the importance order of the three
attributes following the procedure described in Section 3.3. The identified best and worst at-
tributes are then used to construct the BTO and OTW tradeoffs. Assume X; was the best
attribute, X3 was the worst attribute, and X, was the remaining attribute. In total, each partici-
pant evaluated three indifference pairs across the two tradeoff procedures (see Table 3.2), noting
that P, is identical in the two tradeoff procedures.

Table 3.2: Indifference pairs in the experiment

Indifference Pairs Best-to-Others tradeoff  Others-to-Worst tradeoff
Pl (21752723) ~ (37}’2,&2,@3) (£17x5,57£3) ~ (£19£2af3>

Py (&1;@2753) ~ ($1’37£2>£3) (37%’3;@27&3) ~ (@1;@2753)

To verify the additivity assumption, we assessed an additional set of three indifference re-
lations. Take P; from the BTO tradeoffs as an example (see Table 3.2): once a participant
identified the indifference value x%’2, we modified the original pair by changing the third at-
tribute level from z4 to 73 and asked the participants whether they were still indifferent between
the two options. If so, it indicated that the preferences between X; and X, were independent
of X3. We performed similar checks for the other two pairs, { X7, X3} and { X5, X3}. Once all
indifference pairs had been assessed, the additivity assumption was fully validated. In the for-
mal BWT procedure, there will be necessary revisions after checking the ordinal and cardinal
consistency ratios, but this step was not performed due to the experimental constraints.

Importantly, this experiment employed a within-subject design under three conditions: BTO
tradeoff, OTW tradeoff, and BWT tradeoff. Since the BWT method is inherently constructed
from the BTO and OTW tradeoffs, a within-subject design was particularly well-suited. By
applying a within-subject design, the experiment ensured that any observed differences across
the BTO, OTW, and BWT conditions can be directly attributed to the tradeoff procedures them-
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selves, rather than to differences among participants (Greenwald, 1976). In contrast, a between-
subject design would introduce inter-participant variability, such as the participant’s prior ex-
periences, knowledge, or decision-making styles, that could potentially obscure these effects
(Charness et al., 2012).

Since the tradeoff procedure requires attribute-specific value functions to calculate weights,
we used the midvalue splitting procedure to elicit these functions after completing the tradeoff
tasks. Although this study focuses on the anchoring bias in the weight elicitation step, value
functions are essential for converting indifference judgments into weights under the additive
model. To ensure that any observed bias in the weights stemmed from the tradeoff elicitation
itself, and not from inconsistencies in value function elicitation, all participants used the same
value function elicitation procedure. Take eliciting the attribute-specific value function for the
rent as an example. To obtain the first midvalue point, we asked, “Suppose the price drop in
monthly rent would be from 1500 to a certain value (r1) or from that same value (r1) to 600.
Please assign a value to r1 such that for the two price drops, you would accept the same increase
in commute distance and shopping center.” r1 was identified as the first midvalue point. The
subsequent midvalue points were also determined following similar questions, and the attribute-
specific value function for rent could be plotted using these midvalue points (Keeney & Raiffa,
1976, Section 3.4.8).

The last step was collecting demographic information such as age, gender, and education
level to have a comprehensive understanding of the participant’s profile. Besides, the partici-
pant’s current rent or mortgage, commute distance, and distance to the shopping center were
also collected as control variables.

Data were collected via the online platform Prolific (Palan & Schitter, 2018), which offers
various pre-screening features and a response verification process that enhances data quality.
We recruited a total of 440 participants from six European countries: the Netherlands, Ger-
many, France, Belgium, Denmark, and Luxembourg. These countries share similar rental mar-
ket conditions and were thus selected. Since the questionnaire was in English, we also limited
participation to individuals fluent in English using the pre-screening functions. Moreover, the
response verification function enabled us to reject incomplete answers or those respondents that
provided answers outside of the value ranges. Participants received a small monetary incentive
for successful completion. Such incentives have been shown to increase response rates and im-
prove the quality of answers (Singer & Ye, 2013). Of the 440 participants recruited, 36 were
excluded for not completing the experiment. An additional 68 participants were removed as
they provided values outside the specified ranges or identical values across all midvalue points.
This indicated either inattention or insufficient understanding of the MAVT questions. The en-
tire questionnaire, which comprised the two decision problems, was completed on average of
16 minutes and 38 seconds, with a standard deviation of 8 minutes and 59 seconds.

The final sample included 336 participants; the detailed demographics of the sample are
presented in Table 5.2. After data collection, the statistical analyses were conducted in SPSS,
Version 29. We employed both parametric and non-parametric tests. ANOVA with post hoc
tests was used to capture the magnitude of the effects, while Wilcoxon Signed-Rank tests were
applied to assess the direction of the changes. We considered both aspects important: although
the magnitude indicates the strength of the anchoring bias, the direction provides a more direct
test of whether the bias systematically shifts the results in the hypothesized way.



64 3 Anchoring bias in weight elicitation within MAVT

Table 3.3: Demographic characteristics of participants (n = 336)

Characteristics Levels Percent
Gender Male 62%
Female 35%
Other 3%
Age [18,24] 25%
[25,34] 49%
[35,44] 15%
> 44 11%
Education High School 13%

Bachelor’s degree  34%
Master’s degree 33%
Other 20%

3.6 Results and Discussion

The experiment was designed to test the effect of the anchoring bias in the Tradeoff procedure
within the context of MAVT. Both parametric and nonparametric tests were used to perform the
analysis. Notably, ANCOVA tests were conducted to examine whether the participant’s current
living space, housing costs, commute distance, shopping distance, and demographics affected
the main results of this study. The results indicated that none of the control variables had a
statistically significant effect (p > 0.05 for all).

Since the hypotheses were based on the relative importance of attributes, and participants
may prioritize the three attributes differently, it was necessary to classify attributes according to
each participant’s individual ranking rather than by fixed attribute labels. This approach ensured
that the analysis focused on differences in weights for the best, worst, and other attributes
as perceived by each participant, rather than being influenced by the specific attribute names.
Specifically, the highest-ranked attribute for a participant was treated as their best attribute, the
lowest-ranked as their worst, and the remaining one as other, regardless of whether the attribute
was rent, commute distance, or distance to the shopping center. In general, participants tended
to prioritize rent, with 85% ranking it as their most important attribute, followed by 12% for
commute distance and 3% for distance to the shopping center.

The average weights based on this classification were presented in Figure 3.1. The results
indicated that using the Best-to-Others (BTO) tradeoffs in the tradeoff procedure resulted in
higher weights for the best and worst attributes and lower weights for the other attribute, com-
pared to using the Others-to-Worst (OTW) tradeoffs in the tradeoff procedure. The Best-Worst
Tradeoff (BWT) method produced weights in between the two extremes for the best and other
attributes and similar weights for the worst attribute compared to the OTW tradeoff procedure.

ANOVA tests indicated statistically significant differences in attribute weights across the
three conditions: best attribute, F'(2,1005) = 5.106,p = 0.006; other attribute, F'(2,1005) =
15.144,p < 0.001; and worst attribute, F'(2,1005) = 4.819,p = 0.008. As shown in Table
3.4, post hoc analyses revealed that, compared to the OTW group, the BTO group assigned
significantly higher weights to both the best attribute (BTO: Mean = 0.592, OTW: Mean =
0.553, p = 0.002) and worst attribute (BTO: Mean = 0.135, OTW: Mean = 0.116, p = 0.007),
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Figure 3.1: Average weight based on individual ranking

and significantly lower weights to the other attribute (BTO: Mean = 0.272, OTW: Mean =
0.331, p < 0.001). Moreover, maximum observed differences illustrated that the anchoring bias
could have a substantial impact at the individual level. For instance, the largest difference for
the other attribute between BTO and OTW was 0.6553. These findings supported hypotheses
H1 and H2, demonstrating the presence of the anchoring bias in the Tradeoff procedure.

Table 3.4: The mean difference of the best, other, and worst attributes of all Tradeoff method
pairs

Attribute Tradeoff Method Pair Mean Difference Sig. 95% Confidence Interval Maximum Difference

Best BWT-BTO -0.012 0.359 [-0.037, 0.013] -0.5219
Best BWT-OTW 0.028 0.029 [-0.003, 0.053] 0.3795
Best BTO-OTW 0.040 0.002 [0.015, 0.065] 0.5291
Other BWT-BTO 0.027 0.014 [0.005, 0.048] 0.6543
Other BWT-OTW -0.033 0.002 [-0.054, -0.012] -0.5856
Other BTO-OTW -0.059 < 0.001 [-0.080, -0.038] -0.6553
Worst BWT-BTO -0.019 0.007 [-0.033, -0.005] -0.3104
Worst BWT-OTW 0.000 1.000 [-0.014, 0.014] 0.000

Worst BTO-OTW 0.019 0.007 [0.005, 0.033] 0.3104

To test the effectiveness of BWT in producing more balanced weights and thus reducing
the anchoring bias in the Tradeoff procedure, we compared the results of the BWT group with
both the BTO and OTW groups. Compared to the BTO group, the BWT method resulted in
significantly higher weights for the other attribute (p = 0.014) and significantly lower weights
for the worst attribute (p = 0.007). Although the weights for the best attribute were also lower in
the BWT group, this difference did not reach statistical significance (p = 0.355). In comparison
to the OTW group, the BWT group produced significantly higher weights for the best attribute
(p = 0.032) and significantly lower weights for the other attribute (p = 0.002). The BWT and
OTW produced the same weights for the worst attribute (p = 1), consistent with expectations.

These results generally supported H3, indicating that the BWT method effectively reduced
the anchoring bias. However, the non-significant difference in the best attribute between the
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BWT and BTO groups (p = 0.359) was unexpected and warrants further investigation.

While the ANOVA highlighted differences in the magnitude of weights across groups, it
did not capture the direction of change. To better understand how the anchoring bias systemati-
cally shifted weight elicitation under different conditions, we conducted Wilcoxon Signed-Rank
tests. This non-parametric analysis focused on within-subject directional changes and provided
complementary evidence that could reinforce the overall pattern of anchoring effects observed
in the ANOVA and post hoc analyses. As shown in Table 3.5, the results not only aligned
with but also extended the results of the ANOVA and post hoc analyses, with the previously
non-significant difference in the best attribute between the BWT and BTO groups now reaching
significance (p = 0.028), offering stronger support for the three hypotheses.

With respect to H1 and H2, participants in the OTW group assigned significantly lower
weights to the best and worst attributes (p < 0.001 for both) and significantly higher weights to
the other attribute (p < 0.001) compared to those in the BTO group. These results confirmed
the presence of the anchoring bias in the Tradeoff procedure, where it distorted the weights in
opposite directions.

Regarding H3, the Wilcoxon Signed-Rank test showed that the BWT group produced sig-
nificantly lower weights for the best attribute compared to the BTO group (p = 0.028), and
significantly higher weights than the OTW group (p < 0.001). For the other attribute, weights
in the BWT group were significantly higher than those in the BTO group (p < 0.001) and signif-
icantly lower than those in the OTW group (p < 0.001). For the worst attribute, the BWT group
assigned significantly lower weights than the BTO group (p < 0.001). These statistically signif-
icant results indicated that the weights produced by the BWT method consistently fell between
the two extremes of the BTO and OTW procedures, except for the worst attribute, where BWT
and OTW produced the same weights (p = 1). These results supported H3 and demonstrated
that BWT was effective in mitigating the anchoring bias in the Tradeoff procedure.

Table 3.5: Wilcoxon signed-rank test

BTOBest- OTWBest- OTWBest- BTOOther- OTWOther- OTWOther- BTOWorst- OTWWorst- OTWWorst-
BWTBest BWTBest BTOBest BWTOther BWTOther BTOOther BWTWorst BWTWorst BTOWorst
z  —2200" —5.863* —5.0717 —4.282¢ —6.267° —5.775" —7.753"  0.000° —7.753¢
sig. 0.028 < 0.001 < 0.001 <0.001 <0.000 <0.001 <0.001 1 < 0.001
@ Based on positive ranks. ® Based on negative ranks. ¢ The sum of negative ranks equals the sum of positive
ranks.

To better illustrate how the anchoring bias could distort the Tradeoff procedure, we pre-
sented the results from a single participant, demonstrating how the weights elicited for the same
DM varied under different conditions due to this bias.

Participant 64 identified the importance order of the three attributes as follows: rent, com-
mute distance, and distance to shopping center. Based on the attribute ranges (see Table 3.1) and
the indifference pairs specified for this experiment (see Table 3.2), three indifference judgments
were elicited, as summarized in Table 3.6.

After eliciting the attribute-specific value functions, the attribute weights were derived using
BTO equation systems (3.12), OTW equation systems (3.13), and BWT optimization model
(3.11). Table 3.7 presents the derived weights under the three tradeoff procedures.

As shown, noticeable differences emerged across the three conditions. For the most impor-
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Table 3.6: All indifference pairs and responses for participant 64

Indifference Pairs Attribute Comparison Participant’s Answer
BTO:P, (1500, 5,500) ~ (1, 15, 500) zy® = 1000
OTW:P, (1500, z2*, 500) ~ (1500, 15, 100) z5% =10
BTO&OTW: P, (1500, 15,100) ~ (x7*,15, 500) z1° = 1200

Table 3.7: Weights for participant 64

Tradeoff Procedure WRent WCommuteDistance W DistancetoShoppingCenter

BTO 0.600 0.250 0.150
BWT 0.593 0.264 0.143
oTW 0.571 0.286 0.143

tant attribute, rent, the BTO procedure yielded the highest weight (0.600), the OTW procedure
yielded the lowest (0.571), and the BWT method produced an intermediate weight (0.593). For
commute distance, the OTW procedure yielded the highest weight (0.286), the BTO proce-
dure yielded the lowest (0.250), and the BWT method again produced an intermediate weight
(0.264). For the least important attribute, distance to shopping center, the BTO procedure pro-
duced the highest weight (0.150), while the OTW and BWT procedures produced identical,
lower weights (0.143).

Our experimental design was based on a relatively simple decision problem with three at-
tributes. Real-world MADM applications often involve more attributes, sometimes ten or more
(Belton & Stewart, 2012). When the number of attributes increases, each attribute’s normal-
ized weight tends to become smaller, which may reduce the influence of the anchoring bias in
individual weights. However, the use of a simplified three-attribute setup allowed us to pro-
vide a clean and controlled test of the theoretically derived hypotheses regarding anchoring in
weight elicitation, without the additional complexity that larger attribute sets might have intro-
duced, such as cognitive overload or interaction effects (Payne et al., 1993; Keeney & Raiffa,
1976). At the same time, it was important to examine whether the observed effects had practical
implications for decision outcomes.

To address this, we conducted a simulation study to test whether differences across the
three weight elicitation methods (BTO, OTW, and BWT) led to differences in the final deci-
sion outcomes. We constructed and evaluated a set of simulated alternatives. Specifically, we
generated five random numbers between zero and one that summed to one, and then mapped
these numbers onto attribute levels within the experimental ranges. This procedure produced
five non-dominated alternatives for each simulation. Using the additive aggregation model, we
combined each participant’s attribute-specific value functions and weights to obtain an overall
value for each alternative and thus a complete ranking of the five alternatives under each weight
elicitation method. As a result, each participant produced three distinct rankings of the same
set of alternatives. To assess the extent to which these rankings agreed or disagreed with each
other, we applied the Kendall 7, coefficient (Kendall, 1948). This measure captured the cor-
relation between two rankings, with a value of 1 indicating perfect agreement, 0 indicating no
systematic association, and 1 indicating complete reversal of order.

To ensure that our findings were not dependent on the specific choice of alternatives, we
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repeated this procedure 100 times with independently generated sets of five non-dominated al-
ternatives. In each replication, we obtained 7, values for the three method pairs (BWT-BTO,
BWT-OTW, and BTO-OTW). We then calculated the average Kendall 73, across the 100 replica-
tions, which provided a more stable estimate of the similarity in rankings produced by different
weighting methods.

As shown in Table 3.8, the results of the one-sample #-tests showed that these average 7,
values were significantly below 1, indicating that the agreement between the rankings obtained
from different weighting methods was far from perfect. This confirmed that the discrepancies
in elicited weights across methods were not merely numerical differences but had practical
consequences for the ranking of alternatives. Moreover, the 7, for BTO-OTW comparison was
the lowest among all, indicating that the anchoring bias pulled the two tradeoff procedures
toward more extreme and divergent weights, whereas BWT helped to reduce these extremes.

Table 3.8: Results of one-sample t-tests of Kendall’s T, (Test value = 1)

Tradeoff Method Comparison Mean 7, Std. Deviation t One-Sided p

BWT-BTO 0.8077 0.0508 -37.852 < 0.001
BWT-OTW 0.8657 0.0379 -35.452 < 0.001
BTO-OTW 0.6915 0.0768 -40.171 < 0.001

These results aligned with our hypothesis, illustrating that the anchoring bias could dis-
tort the weights when only one type of tradeoff is used. Furthermore, they demonstrated that
the BWT method can mitigate this bias by producing weights between the two extremes, thus
reducing the influence of the anchoring bias.

3.7 Conclusion

In this study, we investigated the effect of the anchoring bias in the Tradeoff procedure within
multi-attribute value theory. We found that the selection of the best or worst attribute to con-
struct indifference pairs in the Tradeoff procedure can serve as an anchor and result in biased
weights due to the anchoring bias. Specifically, using the best attribute leads to higher weights
for the best and worst attributes and lower weights for the other attributes compared to using
the worst attribute in the tradeoff procedures. Additionally, the BWT method was found to be
effective in reducing the anchoring bias by incorporating both indifference pairs.

These findings align with previous research (Rezaei, 2021; Rezaei et al., 2024; Rezaei,
2022), indicating that weight elicitation methods using a single reference point (e.g., SMART,
Swing, or one vector of BWM) are susceptible to the anchoring bias, while methods employ-
ing two counter-reference points, such as the BWM, can reduce its impact. It is worth noting
that, although these studies all examined weight elicitation, they focused on different methods,
each with distinct interpretations of weights and distinct procedures that introduce the anchor-
ing bias. This study extends this line of research by examining the Tradeoff procedure. While
Liang et al. (2022) proposed that BWT has an inherent debiasing mechanism for the anchoring
bias, empirical evidence supporting this claim has been lacking. This study addresses this gap
by providing empirical evidence for the debiasing effect of BWT.
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This study enhances our understanding of the anchoring bias in weight elicitation methods,
offering important implications for both the theoretical and practical aspects of the Tradeoff
procedure. It also underscores the need to account for cognitive biases, particularly the anchor-
ing bias, when developing and applying MADM methods. While the structure of a MADM
method may unintentionally introduce such biases, thoughtful design can help mitigate their
effects.

The limitations of this study should be acknowledged. First, the sample is skewed toward
highly educated participants (about two-thirds with a Bachelor’s or Master’s degree) and con-
tained a gender imbalance (one-third female, two-thirds male), from six European countries,
which may restrict the generalizability of the findings (Henrich et al., 2010). Higher educa-
tion is often associated with stronger numeracy and literacy, which facilitates understanding of
structured elicitation tasks (Peters et al., 2006). Gender can also influence preference and sus-
ceptibility to heuristics (Croson & Gneezy, 2009). Although we found no demographic effects
in our ANCOVA analysis, future research should explicitly test whether our findings can be gen-
eralized across populations with different educational backgrounds and more balanced gender
distributions. Second, the decision problem is simplified, involving only three attributes, which
may not fully capture the complexity of real-world decision-making. Moreover, under three
attributes, the BWT and Other-to-Worst tradeoff procedures produce the same weight for the
worst attribute, limiting the ability to fully observe the debiasing effects of the BWT method.
Future research could address these limitations by investigating decision problems with more
than three attributes, both to further explore the debiasing role of BWT and to test whether the
anchoring bias persists in more complex and realistic settings. Such extensions would be par-
ticularly relevant in high-stakes application areas where biased decisions can lead to substantial
negative consequences, such as healthcare, infrastructure planning, or supplier selection. Com-
pared to the traditional Tradeoff procedure, which requires only N — 1 indifference pairs, BWT
requires 2N — 3 for N attributes (Liang et al., 2022). This additional effort, combined with
more attributes, may increase cognitive load. It remains an open question whether BWT can
still mitigate the anchoring bias effectively under such conditions. Still, BWT remains far less
demanding than pairwise comparison approaches, which require N(N1)/2 (unidirectional) or
N(N1) (bidirectional) judgments (Liang et al., 2022). This suggests that BWT may provide
a favorable balance between cognitive effort and bias reduction, but its performance in larger-
scale decision problems should be systematically investigated. In addition, recruiting a more
diverse and global participant pool would help assess the robustness of the findings across differ-
ent populations. Finally, future studies could examine whether similar patterns of the anchoring
bias occur across different weight elicitation methods.
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Chapter 4

Framing and Loss Aversion in Decisions
with Multiple Objectives

Abstract: The asymmetric way individuals respond to equivalent gains versus losses (i.e., the
gain-loss bias) has been extensively studied in decisions with a single objective. Yet, its role in
decisions with multiple objectives remains largely underexplored, where tradeoffs among ob-
jectives must be made. In such contexts, outcomes depend not only on how the decision-maker
values performance on each objective but also on how tradeoffs are constructed, making the
influence of gain—loss bias more complex. This study examines how two sources of gain-loss
bias, the framing effect and the loss aversion, influence the multi-attribute value theory, a the-
ory of decision making with multiple objectives. We develop and test three hypotheses on (i)
how loss aversion affects the tradeoff procedure, (ii) how framing effect shapes the attribute-
specific value functions, and (iii) how these two biases interact across elicitation stages. To test
these hypotheses, we design a water-filter decision problem and collect data from 283 subjects.
The results indicate that the gain-loss bias has a significant effect on the attribute-specific value
functions, the tradeoffs, and the decision outcome. Furthermore, we demonstrate that the in-
teractions between biases can potentially cancel out their individual effects, providing valuable
insights for bias mitigation. We also test other practical bias mitigation strategies, such as group
decision-making, which are shown to be effective in reducing these biases.

Keyword: Gain-loss bias; bias mitigation; multiple objectives; tradeoff; multi-attribute value
theory
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4.1 Introduction

In real-world decision-making, individuals often deviate from normative principles due to cog-
nitive biases. One of the most extensively studied biases is the gain-loss bias, where people
respond differently to equivalent gains and losses. This phenomenon is evident in two main
ways: (1) as a framing effect, where different descriptions of the same outcome (e.g., framed
as gains vs. losses) lead to different preferences (Tversky & Kahneman, 1981), and (ii) as loss
aversion, where outcomes are evaluated relative to a reference point and losses loom larger than
equivalent gains (Kahneman & Tversky, 1979; Tversky & Kahneman, 1991).

Tversky & Kahneman (1981) introduced a famous framing effect example using the Asian
Disease Problem. The participants were asked to select programs after a disease was expected
to kill 600 people. When the outcomes were framed as gains (e.g., 200 lives saved vs. 1/3
probability of 600 lives saved and 2/3 probability of no lives saved), most participants preferred
the sure option; when framed as losses (e.g., 400 lives lost vs. 1/3 probability of no lives lost
and 2/3 probability of 600 lives lost), most participants preferred the risky option. This reversal
in preference demonstrated how logically equivalent scenarios can lead to different preferences
only based on framing.

Kahneman & Tversky (1979) laid the foundation of loss aversion with the development of
prospect theory. They showed that individuals evaluate outcomes relative to a reference point
and consistently value losses more heavily than equivalent gains. The famous coffee mug trade
problem provides direct evidence of loss aversion (Knetsch, 1989; Kahneman et al., 1991).
Participants randomly received coffee mugs, candies, or nothing and were later asked to trade
them or state a selling price. They found that sellers demanded significantly higher prices than
buyers were willing to pay. This indicated that giving up the mug was perceived as a loss and
thus valued more than the gain of acquiring it.

These studies illustrate how gain-loss bias emerges consistently in single-objective and bi-
nary choice settings across diverse contexts, including medical decision-making (Gong et al.,
2013; McNeil et al., 1982), goal-directed behavior (Heath et al., 1999; Allen et al., 2017), con-
sumer behavior (Levin & Gaeth, 1988), retirement saving behavior (Benartzi & Thaler, 1995),
and risky financial decisions (Tom et al., 2007). Yet, relatively little attention has been paid to
their implications for decisions with multiple objectives.

In practice, many high-stakes decisions, such as those in engineering, environment, or
healthcare fields, require evaluating multiple, often conflicting objectives. These objectives are
represented by attributes, which provide measurable scales for evaluating alternatives. Since
these objectives are often conflicting, improvements in one attribute often require sacrifices in
another, tradeoffs between them must be made in the decision analysis process. In this context,
gain-loss bias may not only distort how individual attribute levels are valued but also how at-
tributes are weighted. For example, if one attribute is framed as a gain and another as a loss, the
loss attribute might have a bigger impact on the tradeoff judgment, leading to biased weights
compared to when both attributes are framed as gains. As the evaluation of an alternative is
affected by both the value of the attribute level and the weights of the attributes, biases in the
two components can interact in complex ways. Their combined effects may amplify, offset, or
otherwise complicate the influence of the gain-loss bias on the final decision outcome. In high-
stakes decision areas, such distortions may translate into major financial losses, misallocated
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resources, and unintended societal consequences.

There are many studies that have focused on how the gain-loss bias influences unaided de-
cisions within a multi-attribute environment (Bier & Connell, 1994; Kim et al., 2014), but they
do not address the bias in a formal decision analysis method. As a result, important questions,
such as where and how biases enter the decision analysis process, whether decision analysis
methods are robust to gain-loss bias, and how bias mitigation strategies can be developed and
tested, remain unsolved.

The aim of this study is to investigate the effect of the gain-loss bias in aided decisions with
multiple objectives, to examine this issue within a multi-attribute decision-making method, and
to develop practical bias mitigation strategies. We developed three hypotheses regarding the
framing effect, loss aversion, and their interaction! within multiple stages of a multi-attribute
decision-making method.

To test the hypotheses, we developed a water-filter purchase problem with two attributes
and designed an experiment following the steps of a multi-attribute decision-making method.
The experiment was carried out in a questionnaire developed using Qualtrics, and data were
collected from 283 participants via Prolific. We also explored several practical bias mitigation
strategies, which were found to be effective. These included (i) using a homogeneous frame for
all attributes; (ii) exposing DM to both gain and loss conditions and averaging the results; (iii)
employing group decision-making; and (iv) using the potential cancellation effect between the
two biases.

This study makes several contributions to the literature on behavioral decision-making and
multi-attribute decision-making. First, it extends the literature on gain-loss bias within aided
decision-making to multiple-objectives decisions. Specifically, it is the first to empirically
demonstrate how gain-loss bias influences the attribute-specific value functions and weights.
Second, by clearly identifying different sources and forms of gain-loss bias and examining their
interactions, this study contributes to a deeper understanding of how biases arise and interact
across different stages of multi-attribute decision-making methods. Lastly, prior behavioral de-
cision research primarily offers descriptive insights, this study provides prescriptive insights on
how to reduce the gain-loss bias in multi-attribute decision-making methods.

The remainder of the paper is structured as follows. Section 4.2 reviews related work on
gain-loss bias. Section 4.3 introduces the multi-attribute decision-making method. Section 4.4
presents the hypotheses. Section 4.5 describes the experimental design. Section 4.6 discusses
empirical results and the proposed bias mitigation strategies. Section 4.7 concludes with theo-
retical and practical implications.

4.2 Gain-Loss Bias and its Role in Multi-Attribute Decision-
Making Methods

The term gain-loss bias used in this study refers to the asymmetric way in which individuals
respond to equivalent gains versus losses (Montibeller & von Winterfeldt, 2015). In the multi-

'The term interaction refers to the mutual influence between biases or between elicitation stages of the multi-
attribute decision-making method in shaping the final decision outcome.
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attribute decision-making context, this concept provides a broad lens for understanding devia-
tions from rational choice that arise from different types of gains and losses. The gain-loss bias
includes two related but distinct mechanisms: loss aversion and the framing effect. Although
both are rooted in sensitivity to gains and losses, they operate through different psychological
processes, and they can lead to different empirical findings.

Prospect theory (Kahneman & Tversky, 1979) provides the theoretical basis for understand-
ing gain-loss bias. It posits that individuals evaluate outcomes relative to a reference point,
giving rise to a value function that is concave for gains, convex for losses, and steeper in the
loss domain (Tversky & Kahneman, 1991). This reference-dependent asymmetry, known as
loss aversion, was initially studied in risky choice but later extended to riskless decision con-
texts as well (Thaler, 1980; Knetsch, 1989; Hardie et al., 1993; Carmon et al., 2003). Gichter
et al. (2022) measured loss aversion by comparing participants’ willingness to accept compen-
sation for giving up an item versus their willingness to pay to acquire it. They found that loss
aversion is stronger in riskless conditions than in risky ones, highlighting its relevance to multi-
attribute decision-making contexts, where many decision problems involve tradeoffs among
deterministic attributes and clearly defined alternatives.

The framing effect emerges directly from this reference-dependent evaluation. When equiv-
alent outcomes are described differently, individuals can exhibit systematically different prefer-
ences (Tversky & Kahneman, 1981). Framing can take multiple forms, including risky-choice
framing, attribute framing, and goal framing, each operating through different psychological
mechanisms (Levin et al., 1998). Empirical studies (Levin et al., 2002; Barnes et al., 2025;
Payne et al., 2013; Meyerowitz & Chaiken, 1987; Ganzach & Karsahi, 1995) demonstrate that
these framing types are largely independent, and that different forms of framing can produce
distinct patterns of behavior. This study focuses on attribute framing, which is about how the
attributes are framed.

Research on loss aversion and the framing effect has led to the observation of a wide range
of behavioral patterns that deviate from classical rationality assumptions (Levy, 1992). These
biases have been extensively studied across domains such as finance, healthcare, environmental
decision-making, and consumer behavior (Gong et al., 2013; Benartzi & Thaler, 1995; Klapper
et al., 2005; Almashat et al., 2008; Barberis, 2013). For example, Genesove & Mayer (2001)
provided evidence of loss aversion in the real estate market, showing that homeowners are reluc-
tant to sell a property for less than its purchase price, even when doing so would be financially
rational.

Given the widespread impact of loss aversion and the framing effect, researchers have devel-
oped various strategies to mitigate their influence. General debiasing techniques such as raising
awareness of biases, using experienced DM, and increasing cognitive effort have been shown
to reduce susceptibility to both biases (Cheng & Wu, 2010; Fu et al., 2018; Mrkva et al., 2020;
Thomas & Millar, 2012; BeratSova et al., 2016). Additionally, individual differences such as
gender, cultural background, and cognitive or emotional capacity can influence the degree of
susceptibility to these biases (Bibby & Ferguson, 2011; Miu & Crisan, 2011; Cassotti et al.,
2012; Sokol-Hessner et al., 2009). Besides these, more targeted strategies grounded on the
choice architecture literature include using frame-neutral presentations, exposing individuals to
both gain and loss frames, and group decision-making (Almashat et al., 2008; Garcia-Retamero
& Dhami, 2013; Yaniv, 2011; Montibeller & von Winterfeldt, 2015; Hammond et al., 1998).
Compare to generic debiasing strategies, these targeted strategies are particularly relevant when
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integrating behavioral insights into decision analysis methods, as they act on the mechanisms
of the biases rather than on DMs. By directly addressing the source of the bias, these strate-
gies can be incorporated into the structure of decision analysis methods, thereby improving the
reliability of the elicited judgments and preferences.

In the context of multi-attribute decision-making, Bier & Connell (1994) found that individ-
uals are ambiguity-seeking in positively framed scenarios, which contradicts the prospect theory
that posits individuals are risk-averse in the gain domain. This suggests that people may employ
different cognitive strategies in multi-attribute settings compared to single-attribute settings, un-
derscoring the need for further research on the framing effect in more complex decision-making
environments. Kim et al. (2014) examined both attribute framing and goal framing in multi-
attribute decisions, focusing on two components unique in this context: attribute-level evalua-
tion and attribute weight elicitation, aspects that cannot be separated in single-attribute tasks.
Their results showed that the evaluation of the positively framed attribute is higher than that of
the negative condition, and the weight of the framed attribute is greater in positive goal framing
than in the negative condition. These findings suggest that framing can systematically distort
both the perceived importance and evaluation of attributes in multi-attribute decision-making.
While these studies demonstrate that gain-loss bias can influence multi-attribute judgments in
unaided decisions, they do not examine how such biases operate within formal decision analysis
methods. Decision analysis methods provide a structured way of evaluating decision problems.
Whether this very structure may create new entry points for bias, reduce bias, or amplify it,
remains an open question.

An important line of research addressing this gap has explored loss aversion in the trade-
off procedure. Several violations of procedural invariance have been observed in this context.
Delquié (1993) showed that equivalent tradeoffs can yield inconsistent results depending on
which attribute is adjusted. In their two-stage design, participants first adjusted one attribute
to reach indifference between two options and then adjusted the other attribute for the same
indifference condition. Although the two stages were logically equivalent, participants gave
systematically different responses depending on which attribute they adjusted. To mitigate the
loss aversion in the traditional tradeoff procedure, Delquié (1997) developed a new procedure,
“bi-matching”, where participants simultaneously adjust both attributes to find an indifference
point. Building on Delquie’s work, Bleichrodt & Pinto (2002) designed a more elaborate ver-
sion of the tradeoff task to disentangle the effects of loss aversion and scale compatibility (the
tendency to give more weight to the attribute that is used as the response scale). Their results
showed distinct patterns of deviation depending on the adjusted attributes, suggesting that both
biases operate independently and can systematically distort the elicited tradeoff values. Notably,
the study also highlighted that the interaction between the two biases can sometimes reduce the
overall distortion, offering prescriptive insights.

Several research gaps remain unaddressed in the literature. First, gain-loss bias has received
limited attention in aided multi-attribute decision-making settings. In particular, while framing
effects have been widely studied in single-attribute, choice-based contexts, as well as in unaided
multi-attribute decisions, their influence on decision analysis methods has not been systemati-
cally explored. Montibeller & von Winterfeldt (2015) identified gain-loss bias in several stages
of decision analysis methods, but empirical evidence on its effect and potential mitigation strate-
gies remains lacking.

Second, previous research on loss aversion in tradeoff procedures has primarily investigated
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procedural consistency (Delquié, 1993; Bleichrodt & Pinto, 2002), focusing on how adjusting
different attributes in a two-stage tradeoff task leads to inconsistent matching responses. In
contrast, our study investigates how reversing the direction of adjustment for the same attribute
(gaining from the lowest level vs. losing from the highest level) affects the elicited weights. This
represents a distinct mechanism through which loss aversion can influence tradeoff judgments.
Moreover, we focus on whether such inconsistencies translate into systematic distortions in the
derived attribute weights. By emphasizing the tradeoff procedure as a weight elicitation method
rather than only as a judgmental task, we uncover bias mechanisms that previous studies could
not capture.

Third, as noted by Bleichrodt & Pinto (2002), different cognitive biases can interact in com-
plex ways, which may amplify or mitigate their individual effects. This study investigates two
such interactions: (i) the interaction across elicitation stages within the multi-attribute decision-
making method, and (ii) the interaction between framing effects and loss aversion.

Finally, this study emphasizes not only identifying the effects of gain-loss bias but also
exploring strategies to mitigate them. By focusing on how biases interact and propagate across
different steps of the multi-attribute decision-making method, it offers insights into step-specific
and potentially unified bias mitigation strategies throughout the entire process.

4.3 Multi-Attribute Value Theory

Multi-attribute value theory (MAVT), originally developed by Keeney & Raiffa (1976), is a
widely used multi-attribute decision-making method for evaluating alternatives characterized by
multiple attributes. Its central idea is to represent a DM’s preferences as a single overall value
for each alternative, enabling the alternatives to be compared and ranked on a common value
scale. This overall value is determined by a value function constructed from attribute-specific
value functions and scaling constants (weights) that capture the tradeoff among attributes.

The process begins with identifying objectives, alternatives, and attributes. The objectives
are represented by the attributes, and the alternatives are described by their performance levels
with respect to those attributes. This early step can already introduce attribute framing bias, as
the same attribute can be formulated in different ways (e.g., lives saved vs. lives lost), which
might affect the subsequent attribute evaluations.

The attribute-specific value function translates the attribute performance levels to a nor-
malized value scale, usually ranging from O (least preferred) to 1 (most preferred). There are
different elicitation methods, such as the midvalue splitting procedure, the lock-step procedure,
the standard difference procedure, and curve fitting (Beinat, 1997; Fishburn, 1967; Watson &
Buede, 1987; Keeney & Raiffa, 1976). This study uses the midvalue splitting procedure, as
it is one of the original methods developed within MAVT. The procedure defines a monotonic
value function that reflects the DM’s preferences over the attribute range. When higher attribute
levels are preferred, the procedure begins by assigning a value score of 0 to the least preferred
level and 1 to the most preferred level. The DM is then asked to identify an indifference point
between these two levels such that the improvement from the least preferred level to this mid-
value point is considered equally desirable as the improvement from this midvalue point to the
most preferred level. This indifference point is the first midvalue point and is assigned a value
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score of 0.5. The same logic is then applied iteratively within the resulting intervals to identify
subsequent midvalue points (i.e., 0.25, 0.75). Additional midvalue points can be identified to
obtain a more detailed representation of preferences. These midvalue points can then be used
to plot the attribute-specific value functions. If lower levels of the attribute are preferred, the
procedure is mirrored by assigning a value of 1 to the lowest level and O to the highest level,
while following the same elicitation steps.

The tradeoff procedure is developed within MAVT to derive the scaling constants (weights).
First, the DM is presented with a set of hypothetical alternatives. In each alternative, one at-
tribute is set to its best performance level, while all others are at their worst performance levels.
The DM ranks these alternatives, and the attribute at its best performance level in the most pre-
ferred alternative is identified as the most important attribute = g in the decision context. Then,
a series of indifference pairs is constructed to quantify the tradeoffs between the most important
attribute and each of the remaining attributes. In each pair, one alternative is defined with the
most important attribute z g at its worst performance level and another attribute z;, at its best
performance level; in the second alternative, the attribute z;, is at its worst performance level,
and the DM will adjust the level of the most important attribute until she is indifferent between
the two alternatives. All other attributes not included will be fixed during this procedure. The
level of the most important attribute at indifference, denoted xg’k, reflects the tradeoff the DM
is willing to make between xp and x;. Repeating this process for all other attributes yields
N — 1 indifference pairs for N attributes, together with the constraint that the weights sum to
one, the weights of the attributes can be calculated.

Once both the attribute-specific value functions and weights are elicited, they are integrated
into the overall value function. This overall value function can be additive or non-additive,
based on the DM’s preference structure over the attributes (Keeney, 1974; Keeney & Raiffa,
1976). The additive model is the most widely used one, its validity depends on two key prefer-
ence conditions: mutual preference independence and difference independence (Smith & Dyer,
2021; Dyer & Sarin, 1979; Keeney & Raiffa, 1976). Mutual preferential independence requires
that any subset of attributes is preferentially independent of the remaining attributes, while
difference independence requires that the preference difference between two levels of a given
attribute is not influenced by the levels of the other attributes.

The additive value function is defined as follows (Keeney & Raiffa, 1976; Keeney, 2009):

N
'U(ai) = ijvj<aij) (41)
j=1

where v(a;) is the overall value of alternative ¢, scaled from 0 to 1. v;(a;;) is the attribute-
specific value representing the performance of alternative ¢ with respect to attribute j, and w; is
the scaling constant (or weight) of the attribute ;.

The final step of MAVT is to compare and rank the alternatives based on their overall values,
or to select the alternative with the highest overall value. Formally, for any two alternatives ay,
and a;, v(ax) > v(a) < ap 7 a;, where the symbol - denotes “preferred or indifferent to”
(Keeney & Raiffa, 1976), reflecting the ordering implied by the overall value function.
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4.4 Hypotheses Development

This section develops three hypotheses on how gain—loss bias can affect multiple stages of
MAVT.

4.4.1 Loss Aversion in the Tradeoff Procedure

In MAVT, attribute weights are commonly elicited through the tradeoff procedure, where the
level of the most important attribute is adjusted to compensate for changes in another attribute
being traded off, forming a set of indifference pairs. This procedure can be implemented in two
directions, framed as a gain or a loss on the most important attribute. Although the two frames
of tradeoff are logically the same, individuals may have different interpretations of the same
amount of gain and loss (Kahneman & Tversky, 1979; Tversky & Kahneman, 1991), which
could lead to biased indifference judgments and biased weights being elicited.

As shown in Table 4.1, in the gain-framed tradeoff, there is a gain on the most important
attribute z 5 from its lowest level to a point 5™ at which the DM is indifferent between the two
options. The attribute xj, is fixed at the highest performance level in the first alternative, and is
fixed at the lowest performance level in the second alternative. All other attributes not involved
in this tradeoff are fixed.

Table 4.1: Gain-framed tradeoff indifference pairs

Indifference Pair Direction of Change Tradeoff Frame

(gl,...7gB,...,Tk,...gN)N(gl,...wg’k,...,gk,...7gN) Gain on = Gain-framed Tradeoff

As introduced in Section 3, the tradeoff procedure will result in N — 1 indifference pairs.
Solving the resulting system of equations together with the constraint that the weights sum to
one leads to the following expressions for the weights under the gain-framed tradeoff procedure:

1

gain
= . (4.2)
14+ 5 v(zg?)
‘ o(5")
gam = B k+# B 4.3)

= TN
1+ Zj;éB v(zp”’)

In contrast, there is a loss on the most important attribute xp for the loss-framed tradeoff
(see Table 4.2). Attribute x; is fixed at the lowest performance level in the first alternative, and it
is fixed at the highest performance level in the second alternative. The DM adjusts attribute x g
from its highest level to a lower level xg}k such that she is indifferent between the two options.

Table 4.2: Loss-framed tradeoff indifference pairs

Indifference Pair Direction of Change Tradeoff Frame

- Bk -
(Ty,.. ., TR, Ty ZN) ~ (X, T e Ty T) Losson zp Loss-framed Tradeoff

This loss-framed tradeoff also results in /V —1 indifference pairs, and with the constraint that
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the weights sum to one, the attribute weights derived from the loss-framed tradeoff procedure
are:

1
loss
loss _ . (4.4)
n—>p0(@y’)
B,k
loss __ 1 U(B’ ) k ?é B (45)

k - B\’
n— Zj;éB v(zp?)

Normatively, the two tradeoff procedures should yield equivalent weights as they are de-
rived from a logically equivalent set of indifference pairs. However, loss aversion in prospect
theory suggests that people value the same amount of gains and losses differently (Kahneman
& Tversky, 1979; Tversky & Kahneman, 1991), and this might affect the value judgment dur-
ing the tradeoff procedure and lead to biased weights. Figure 4.1 illustrates how framing may
introduce asymmetries in how tradeoffs are evaluated.

Xp

Q: (xx,xp) @ [ (xp, xp)

G: (x5

k
L: (Ek' xg/ )

S: (Xx, xp)

Xk
Figure 4.1: An illustration of loss aversion in the tradeoff procedure

In the gain-framed tradeoff, the DM adjusts a:g’k to identify the indifference relation be-
tween options S and (G. As shown in Table 4.1, this adjustment process of attribute zp starts
from its worst performance level, x5, until indifference is reached at level wg’k in option G.
Since the attribute z;, in option G is fixed at its worst performance level z;, this setup implicitly
positions g : (z,x ) as the reference point, and implies that the advantage of moving from z
to 2" is the same as the improvement from z,, to T, on the other attribute.

In contrast, the loss-framed tradeoff requires identifying xg;k from a reference point [ such
that the DM is indifferent between option () and L. Here, the adjustment starts from the highest
level Tz and moves downward, until indifference is reached at xg;k in option L. Since the
attribute z; in option L is fixed at its highest performance level 7y, this setup positions [ :
(T, Tp) as the reference point. The DM considers the disadvantage of moving from Z g to wg;k
relative to the disadvantage from 7y, to x;,.

Although the two tradeoffs involve the same amount of changes on attribute z, they differ
by sign, loss aversion implies that the disadvantage has a bigger effect than the advantage. As a
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result, the advantage from z 5 to xg’k in the gain-framed tradeoff is smaller than the disadvan-

tage from 7 to xg}k in the loss-framed tradeoff. In other words, the value difference produced

by a gain (i.e., v(xg’k) — v(xp)) could be smaller than the value difference from an equivalent
. _ B,k .. .

loss (i.e., v(Tp) — v(zp")). Formally, this implies:

v(zp*) <1 —v(zHk) (4.6)

This asymmetry leads to the following proposition.

gain

Proposition 1. Let attribute weights w?%"" and w'9** be derived from the gain- and loss-
framed tradeoff procedures, respectively, using the most important attribute x . If

v(rB*) <1 —v(zBF) forall k # B, 4.7)

then the weight of x5 in the gain-framed tradeoff is strictly greater than in the loss-framed
tradeoft:

w%azn > wlé)ss. (48)

Proof : Given v(z5") < 1 — v(z"), it follows that

D (gt <D 1-v(p”) (4.9)

k£B k+B

as

d1—v@g)=mn-1)=> v} (4.10)

k#B k#B

Therefore,

1+ w(@p’) <n—Y v(p’) 4.11)

J#B j#B

From equations (4.2) and (4.4), the welght of the most important attribute is given by

gain 1 loss
= ——— B and wp™” = —B.
B L+3 25 v(ep) n=Yp (@)

Inequality (4.11) shows that the denominator of w%"" is strictly smaller than the denomina-

tor of w'9**. Since both weights are defined as the reciprocal of these positive denominators, it
follows directly that

gam loss

> wp™.

This completes the proof. O

Drawing from the above discussion, we propose the following hypothesis:

H1: The gain-framed tradeoff procedure will lead to a larger weight for the most
important attribute compared to using the loss-framed tradeoff procedure.
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4.4.2 Framing Effect on Attribute-Specific Value Functions

Framing an attribute as a gain or a loss can affect how DM perceives and evaluates it, despite
the underlying information being logically equivalent (Tversky & Kahneman, 1981). While
the term framing effect serves a descriptive role in behavioral decision research, it constitutes
a bias within the normative framework of MAVT, as the preference elicitation is assumed to
be invariant with equivalent representations. A gain frame emphasizes desirable outcomes and
is associated with an increasing value function, whereas a loss frame emphasizes undesirable
outcomes and is associated with a decreasing value function.

The value functions in prospect theory and MAVT differ in their formation. Prospect theory
defines value over gains and losses relative to a psychological reference point, which can shift
based on context or framing (Kahneman & Tversky, 1979; Tversky & Kahneman, 1991). The
value function is shown in Figure 4.2. The lowest level for gains and losses (point of zero)
is interpreted as the reference point. Applying this to MAVT, the lowest attribute level can
be regarded as the reference point. The attribute-specific value function in MAVT measures
the DM’s preference over attribute performance rather than the DM’s preference over gains or
losses. Despite this difference, prospect theory offers valuable insights: when an attribute is
framed differently as a gain or a loss, the perceived reference point (the lowest attribute level)
in MAVT may effectively shift. As a result, the shape of the elicited value function in MAVT
can vary systematically across frames, reflecting the asymmetric valuation patterns predicted
by prospect theory.

Value

Losses 0 Gains

Figure 4.2: The value function in prospect theory

To enable a meaningful comparison between gain- and loss-framed value functions in MAVT,
we transform the loss-framed attribute scale so that it increases in the same direction as the gain-
framed scale (see Figure 4.3). Specifically, we reverse the x-axis of the loss-framed attribute
so that both value functions represent increasing preference from the least to the most desirable
outcome. This ensures that both value functions are defined over a common scale and direction,
allowing for a direct comparison of their curvature and shape differences resulting from the
framing manipulation.

When an attribute is framed in terms of gains, lower attribute levels (closer to the reference
point) are perceived as small gains, and higher levels as larger gains. Due to diminishing sensi-
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Figure 4.3: Elicited value functions for the same attribute in gain vs. loss framing

tivity in the gain domain from prospect theory, individuals assign relatively large marginal value
to improvements near the lower end, but decreasing value to improvements near the upper end.
This results in a concave increasing value function: steep initially and flattening as the attribute
level increases.

Conversely, when the same attribute is framed as a loss and transformed to match the gain-
framed direction. The reference point is still the lowest attribute level, but now it is the most
preferred performance level. Due to diminishing sensitivity in the loss domain from prospect
theory, individuals assign relatively large marginal value to changes near the reference point
(the lowest attribute level), and smaller marginal value to changes near the end (the highest
attribute level). This produces a convex increasing value function: initially flat and becoming
steeper toward the end.

Some attributes may naturally elicit value functions that are linear, concave, or convex,
depending on how preferences change across the attribute range. When such an attribute is
framed in terms of gains or losses, the resulting value function may shift in degree or shape
rather than category. For example, a concave function might become more steeply concave
under a gain frame or less steep under a loss frame.

To detect and compare such differences, we use the area under the curve (AUC) as a measure
that captures the overall shape of the value function. The AUC measures the total area under
the curve relative to a reference axis. Unlike binary classifications (e.g., concave vs. convex),
AUC can detect subtle but meaningful differences in curvature (Sun et al., 2025). For example,
the AUC of an extremely concave function in the gain frame will be larger than the AUC of
a moderately concave function in the loss frame, a difference that cannot be fully captured by
categorical labels alone. Therefore, we hypothesize that:

H2: For the same attribute, the gain-framed value function will exhibit a larger area
under the curve (AUC) than the loss-framed value function.
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4.4.3 Framing Effect on Weight

As discussed earlier, this study not only examines individual biases in isolation, but also inves-
tigates how biases may interact with one another and across elicitation phases. Hypothesis 3
addresses such interactions and explores their impact on the derived weights, an aspect that, to
our knowledge, has not been empirically examined in the gain-loss bias literature.

First, the framing effect can occur at multiple elicitation steps of MAVT and result in a com-
plex influence on the derived weights. It influences both the elicitation of value functions and
the tradeoff procedure. According to prospect theory, individuals are more sensitive to losses
than to equivalent gains (Kahneman & Tversky, 1979; Tversky & Kahneman, 1991). When an
attribute is framed as a loss, this greater sensitivity leads to smaller adjustments in tradeoff tasks,
reflecting reluctance to sacrifice on losses. At the same time, as shown in Hypothesis 2, framing
also alters the curvature of the elicited value function. Since both the tradeoff judgments and
the attribute-specific value functions jointly determine the attribute weights, the framing effect
in both steps can interact and affect the derived weights.

Second, the two biases, the framing effect and the loss aversion, can also jointly affect the
attribute weights. Hypothesis 1 established that loss aversion affects the weights differently
depending on whether the tradeoff procedure is gain- or loss-framed. Hypothesis 2 showed
that framing alters the shape of value functions. When combined, the asymmetry due to loss
aversion interacts with the curvature differences induced by framing, producing an additional
layer of divergence in the weights derived under the two tradeoff procedures.

The influences of the two types of interactions on the tradeoff procedure are illustrated in
Figure 4.4. In the gain-framed tradeoff, the DM adjusts the most important attribute upward
from its lowest level until indifference is reached. When the attribute itself is gain-framed,
individuals tend to make larger adjustments from the lowest level compared to when the attribute
is framed as losses (i.e., GA,:pg’k > LA,xg’k). As established in Hypothesis 2, gain-framed
attributes are also associated with value functions with a larger AUC than loss-framed attributes.
Together, these effects produce a higher value for v(xg’k) under gain framing. According to

equation (4.2), where w%"" = 1 , this translates into a smaller weight for the most

) ) 4,25 v(zp”)
important attribute.

This relationship is formalized below:

Proposition 2. If, in a gain-framed tradeoff procedure, framing the attribute as a gain leads
to a larger tradeoff score GA,azg’k, and a value function v(-) with a larger AUC value compared
to loss framing, then:

wh™ < wig. (4.12)

Proof: Given a larger tradeoff score GAJg’j and a value function with a larger AUC value un-

der gain framing compared to loss framing, the resulting value GA,v(xg’j ) is higher compared

to the loss framing. From equation (4.2), where w%"" = ———1——, a larger numerator in
) 1+Zj¢BU(1’B' )

the denominator results in a smaller weight w3 .
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Figure 4.4: Cross-phase and cross-bias interactions in the tradeoff procedure

In contrast, the effects are more nuanced in the loss-framed tradeoff, where the adjustment
begins from the highest attribute level and moves downward. In this case, framing the attribute
as a gain will lead to larger downward adjustments and thus a smaller tradeoff score (LA,x?k >
GA_ xg;k). Since the gain framing is associated with a value function with a larger AUC value,
the smaller tradeoff score might still yield a similar tradeoff value v(z5;"). As a result, the

overall weight computed from equation (4.4) remains comparable between the two framings.

Proposition 3. If, in a loss-framed tradeoff procedure, framing the attribute as a gain leads to
a smaller tradeoff score 5’ and a more concave value function v(-) compared to loss framing,
then:

wh™ ~ wig (4.13)

Proof : The gain framing leads to a smaller tradeoff score GA,xg}j and a value function with
a higher AUC value. The loss framing leads to a larger tradeoff score GA,U(a:g}j ) and a value
function with a lower AUC value. Because a higher AUC value function assigns a larger value
to the same tradeoff score, the smaller tradeoff score under gain framing is offset by a higher
value, while the larger score under loss framing is offset by a lower value. As a result, the
tradeoff score values under the two framings are expected to be similar. Therefore, according
to equation (4.4), where w!g** = m, there is no strong theoretical reason to expect
J B/

the resulting weights to differ substantially between the two framings.

Based on these propositions, we hypothesize that:

H3a: In a gain-framed tradeoff procedure, framing the most important attribute in
terms of gain (rather than loss) will lead to a smaller weight for that attribute.

H3b: In a loss-framed tradeoff procedure, framing the most important attribute in
terms of gain (rather than loss) will not significantly affect the weight for that attribute.



4.5 Experiment Design 89

4.5 Experiment Design

This study employed a structured questionnaire based on the MAVT procedure to test the three
hypotheses related to gain-loss framing. The questionnaire was developed using Qualtrics and
consisted of six parts: (1) informed consent, (ii) decision problem presentation, (iii) additivity
assumption check, (iv) tradeoff-based weight elicitation, (v) value function elicitation, and (vi)
demographic and control variables. This section outlines the content and purpose of each part
and describes the overall experimental design.

In the first part, participants were informed of the experiment’s purpose, procedures, po-
tential risks, and benefits. They were then asked to voluntarily provide informed consent to
participate in the study.

In the second part, participants were presented with a hypothetical decision problem involv-
ing the purchase of a reverse osmosis water filter. The alternatives were described as identical
on all aspects, such as installation cost, maintenance, filtration speed, and energy use, except
for two attributes: water output and mineral content. This problem allows for controlled manip-
ulation of attribute framing, a key component of Hypotheses 2 and 3.

Each attribute was framed either in gain or loss terms, with objectively equivalent descrip-
tions. For the water attribute (Table 4.3), participants were presented with either the clean water
recovery rate (gain frame) or the wastewater generation rate (loss frame). For example, a recov-
ery of 3 liters of clean water corresponds to 7 liters of wastewater per 10 liters of raw water. The
mineral attribute (Table 4.4) was similarly framed as either the retention (gain) or removal (loss)
rate of essential minerals such as calcium and magnesium. By manipulating these frames, we
test whether DMs respond differently to objectively equivalent but differently framed attribute
descriptions.

Table 4.3: Water attribute in gain-loss frames

Attribute Frame Description Unit Range
Clean Water Recovery Rate Gain  The amount of clean water produced from 10 liters  [3, 8]
liters of raw water. A higher value means
greater efficiency.
Wastewater Generation Rate  Loss  The amount of wastewater discarded from 10 liters [2, 7]
liters of raw water. A lower value means
greater efficiency.

Note. The two framings are objectively equivalent because clean water recovery and wastewater genera-
tion sum to 10 liters (e.g., 3+7 and 8+2).

To investigate the framing effect (Hypotheses 2 and 3), a between-subjects design is adopted.
Participants were randomly assigned to one of four framing conditions based on the combina-
tion of gain/loss descriptions for the water and mineral attributes (gain-gain, gain-loss, loss-
gain, loss-loss). A between-subject design is widely used in framing effect experiments because
exposure to multiple forms within the same participant can trigger cross-frame comparisons and
affect the investigation of the framing effect (Tversky & Kahneman, 1981; Levin et al., 1998).
Random assignment to conditions allows for clean identification of treatment effects while re-
ducing carryover and learning effects that often remain challenges in within-subjects designs
(Charness et al., 2012; Greenwald, 1976).
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Table 4.4: Mineral attribute in gain-loss frames

Attribute Frame Description Unit Range
Essential Mineral Retention Rate  Gain  The percentage of beneficial minerals (e.g., %  [50, 95]
calcium, magnesium) remaining in the fil-
tered water. A higher value indicates better
water quality.
Essential Mineral Removal Rate Loss  The percentage of beneficial minerals (e.g., % [5, 50]
calcium, magnesium) removed from the wa-
ter during filtration. A lower value indicates
better water quality.

Note. The two framings are objectively equivalent because mineral retention and mineral removal sum
to 100% (e.g., 50+50 and 95+5).

In the third part, the additivity assumptions were verified by checking if mutual preference
independence and difference independence are satisfied. It can be done using a set of tradeoff
comparisons, see (Keeney & Raiffa, 1976, pp. 118-119) for an example.

In the fourth part, attribute weights were elicited using the tradeoff procedure. To test Hy-
pothesis 1 (gain-loss bias in the tradeoff procedure), we employed a within-subjects design,
where all participants completed both gain and loss tradeoff tasks. Since the decision problem
involves only two attributes, each tradeoff procedure required participants to evaluate a sin-
gle indifference pair. A within-subjects design is particularly suitable in this context because
it allows us to directly compare how the same individual’s preferences change under the two
framing conditions, while controlling for between-subject variability (Keppel, 1991). Moreover,
the low task complexity ensures that completing both tradeoff tasks does not impose excessive
cognitive demands on participants (Charness et al., 2012; Greenwald, 1976).

In addition, combining the within-subject design for weight elicitation with the between-
subjects design for attribute framing allows us to compare the weights produced under homo-
geneous (gain—gain, loss—loss) and heterogeneous (gain—loss, loss—gain) framings. This com-
parison provides insights into how biases interact across elicitation steps and their potential for
bias mitigation.

In the fifth part, the mid-value splitting procedure was conducted to elicit the two attribute-
specific value functions. Take eliciting the attribute-specific value function for the clean water
recovery rate in the gain-gain group as an example. To obtain the first midvalue point, we ask,
“If the clean water recovery rate of a water filter decreases as the essential mineral retention
rate increases, consider the following scenarios: 1. The mineral retention rate increases from
50% to M,%. 2. The mineral retention rate increases from M, % to 95%. Assume the decrease
in clean water recovery rate is the same in both scenarios. What value of M, would make you
feel indifferent between the two increases in the mineral retention rate?” M is then identified
as the first midvalue point. The subsequent mid-value points can be obtained following similar
questions, and the attribute-specific value function can be plotted using the midvalue points.

In the final part, participants provided demographic information and responses to control
variables, including concern about water quality, prioritization of water-related criteria, and
whether they currently use a water filter at home. These variables were collected to characterize
the sample and assess potential covariates in the analysis. Collecting such information can help
identify factors that might confound the gain-loss bias and, by controlling for them, improve
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the precision in investigating the gain-loss bias (Carneiro et al., 2020; Shadish et al., 2002).

Participants were recruited through the Prolific online platform, which offers pre-screening
options and response verification tools to enhance data quality. A total of 283 individuals from
European countries participated. Since the questionnaire was in English, we limited participa-
tion to individuals fluent in English using the pre-screening functions. Moreover, the response
verification function enables us to reject incomplete answers or those that provided answers
outside of the value ranges. The detailed demographics of the sample are presented in Table
4.5.

Table 4.5: Demographic characteristics of participants (n = 283)

Characteristics Levels Percent

Gender Female 43.8%
Male 54.1%

Other 2.1%
Age [18,24] 29.3%
[25,34] 37.1%

[35,44] 29%
> 44 10.9%
Education High School 29.7%

Bachelor’s degree 42%
Master’s degree 17.3%
Other 11%

4.6 Results and Discussion

This section presents the results related to the main hypotheses and their implications. In addi-
tion to the primary analyses, follow-up ANCOVA and post hoc tests were conducted to assess
the potential influence of control variables. The results indicated that none of the control vari-
ables had a significant effect on the outcomes across all hypotheses (all p > 0.05).

4.6.1 The Loss Aversion within the Tradeoff Procedure

The Main Effect

Hypothesis 1 posited that using the gain-framed tradeoff procedure would result in a higher
weight for the more important attribute than using the loss-framed tradeoff procedure. To test
this, a paired sample ¢-test was conducted to compare the weights of the more important attribute
between the two tradeoff groups, regardless of whether the attribute is water or mineral. The
results, as shown in Table 4.6, show that the weight was significantly higher in the gain-framed
tradeoff condition (Mean = 0.65, SD = 0.12) than in the loss-framed tradeoff condition
(Mean = 0.63, SD = 0.12), with ¢(df) = 1.84, p = 0.033 (one-tailed). This finding supports
the hypothesis and suggests that loss aversion can systematically influence the weights elicited
in the tradeoff procedure.



92 4 Framing and Loss Aversion in Decisions with Multiple Objectives

Table 4.6: Paired samples t-test of the most important attribute weight under gain- and loss-
framed tradeoffs

Comparison Mean Difference Std. Deviation ¢  One-Sided p Maximum Difference

Gain-Tradeoff vs. Loss-Tradeoff 0.0149 0.1299 1.844 0.033 0.4304

This result aligns with prior findings of loss aversion in the tradeoff tasks, where participants
tend to assign significantly larger gains to compensate for the losses (Delquié, 1993; Bleichrodt
& Pinto, 2002). These early studies primarily examined this effect in the tradeoff scores, our
results extend this line of research by showing that the bias also affects derived weights. From
a prescriptive perspective, this finding raises concerns about the use of the tradeoff procedure in
multi-attribute decision-making and highlights the need for mitigation strategies in practice.

The Mitigation

First, since two tradeoff procedures lead to different weights, one mitigation strategy is to ask
DMs to conduct both procedures and take the averages of the derived weights. Exposing to
different conditions and averaging has been recognized as a simple and effective bias mitigation
strategy in prescriptive decision analysis, as it balances out distortions that might arise under
different elicitation methods (Montibeller & von Winterfeldt, 2015; Almashat et al., 2008).

Besides, to explore the interaction between loss aversion and framing effect and to see
whether they can cancel each other out, four experimental groups were examined: gain-gain,
gain-loss, loss-gain, and loss-loss. The gain-gain and loss-loss groups (both attributes framed in
the same direction) were categorized as homogeneous framing conditions, while the gain-loss
and loss-gain groups (attributes framed in opposite directions) were classified as heterogeneous
framing conditions.

We compared the weights of the more important attribute across gain and loss tradeoff proce-
dures within each framing type. As shown in Table 4.7, the gain-framed tradeoff yielded signif-
icantly higher weights than the loss-framed tradeoff under heterogeneous framing (p = 0.040),
while no significant difference was observed under homogeneous framing (p = 0.193). This
pattern suggests that framing consistency across attributes plays a critical role in the elicited
weights. When all attributes are framed in the same direction, loss aversion affects all attributes
equally in the same direction, but they will cancel each other out during the normalization of
weights. In contrast, when attributes are framed heterogeneously, loss aversion can dispropor-
tionately distort the weights of minority-framed attributes than the majority-framed attributes,
as weights redistribute to satisfy the constraint that the sum of weights is 1.

Table 4.7: Paired samples t-test for attribute weight under different framing conditions

Comparison Gain Tradeoff Mean Loss Tradeoff Mean ¢  One-Sided p
Heterogeneous Frame 0.66 0.64 1.769 0.040
Homogeneous Frame 0.64 0.63 0.869 0.193

This finding shows that the interaction of biases can sometimes counterbalance each other,
consistent with prior work demonstrating that certain cognitive biases can cancel each other
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when elicitation processes are planned (Lahtinen & Héméldinen, 2016). Practically, this result
also underscores the importance of framing consistency in applying decision analysis methods.

The Effect on Ranking

To assess the practical implications of loss aversion, we tested whether it affects the final deci-
sion outcomes in MAVT. Two analyses were conducted.

First, we examined whether the selection of the best alternative, based on the overall value
function in MAVT, differed between the gain- and loss-framed tradeoff procedures. A Wilcoxon
signed-rank test indicated a statistically significant difference in the selection of the best alter-
native, z = —2.669, p = 0.008. This suggests that the effect on weights can be carried to affect
the final decision outcome.

Second, we assessed the similarity of full alternative rankings generated under gain and loss
frames using Kendall’s Tau-b. Kendall’s 73 is a nonparametric correlation coefficient that mea-
sures the ordinal association between two rankings, correcting for ties (Kendall, 1938). It is

defined as 7, = L1 , where n. and n, denote the number of concordant and discor-
V/ (no—n1)(no—n2)
dant pairs, respectively, and the denominator adjusts for ties in both rankings. This formulation

ensures that 7, ranges from -1 (perfect disagreement) to +1 (perfect agreement). Because it
explicitly handles ties, Kendall’s Tau-b is widely applied in decision analysis to evaluate the
similarity of rank orders of alternatives (Shekhovtsov, 2021; Satabun & Urbaniak, 2020).

The mean correlation between rankings (Mean = 0.77,SD = 0.26) shows that the rank-
ings produced from gain- and loss-framed tradeoff procedures are far from identical. As shown
in Table 5.4, this similarity was significantly lower than perfect agreement (7, = 1). To further
assess the extent of deviation, we iteratively tested descending benchmark values. The results
showed that 7, = 0.81 was the lowest threshold at which the difference remained statistically
significant. These results indicate that while the rankings from gain- and loss-framed tradeoffs
are broadly aligned, systematic deviations persist due to the gain-loss bias, and these deviations
are strong enough to influence the final decisions.

Table 4.8: Deviation of ranking similarity (Kendall’s T,) from benchmarks

Kendall’s Tau-b Mean Difference t One-Sided p
Gain - Loss Tradeoff (Test Value= 1) -0.22260 -14.467 < 0.001
Gain - Loss Tradeoff (Test Value= 0.81) -0.03260 -2.119 0.017

4.6.2 The Framing Effect on Attribute-Specific Value Function

The Main Effect

Hypothesis 2 posits that the shape of the attribute-specific value function is influenced by how
the attribute is framed, as a gain or a loss. To test this, we used the AUC as a summary measure
of the elicited value functions.
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We first tested whether the AUC for gain-framed attributes is different from the loss-framed
ones, regardless of whether it is water or mineral. The independent-samples 7-test result shows
that gain-framed AUC (Mean = 0.50, SD = 0.08) is significantly larger than the loss-framed
AUC (Mean = 0.43, SD = 0.09), with p < 0.001, supporting the hypothesis. This average
AUC value indicates that a gain-framed value function is approximately linear in shape, while
a loss-framed value function is convex. Although the gain side does not display the concavity
predicted by the prospect theory (Kahneman & Tversky, 1979), the loss side deviates strongly
from linearity and shows convexity is consistent with the prospect theory’s central prediction of
asymmetric sensitivity between the gain and loss domains.

To examine whether this framing effect is consistent across attributes, independent-samples
t-tests were also conducted for the two attributes, water and mineral. As shown in Table 4.9, the
results indicate that this pattern held for both water and mineral; the AUC is significantly larger
under gain framing than under loss framing (p < 0.001 for both), suggesting a robust framing
effect at the attribute level.

Table 4.9: Independent samples t-test: AUC comparison between gain and loss frames

Attribute AUC Gain Mean AUC Loss Mean t One-Sided p

Water 0.50 0.44 5.663 < 0.001
Mineral 0.50 0.42 7.413 < 0.001

To further assess whether the framing effect on value functions is independent of the framing
of the other attribute, we conducted post hoc comparisons across all framing combinations
(gain—gain, gain—loss, loss—gain, and loss—loss). For each attribute, we compared conditions
where its framing was manipulated, while controlling for the framing of the other attribute.

As shown in Table 4.10, the gain frame consistently led to a higher AUC than the loss frame,
regardless of the framing of the other attribute. This pattern held for both water and mineral,
suggesting that the framing effect operates at the attribute level and is not moderated by the
framing of the other attribute in the decision problem.

Table 4.10: Multiple comparisons of AUC across framing combinations

Comparisons (a vs. b) AUC Mean Difference (a-b) Sig.

Gain-gain vs. Loss—gain (water) 0.0901 < 0.001
Gain—gain vs. Loss—loss (water) 0.0672 < 0.001
Gain-loss vs. Loss—gain (water) 0.0496 < 0.001
Gain-loss vs. Loss—loss (water) 0.0266 0.05

Gain—gain vs. Gain—loss (mineral) 0.0837 < 0.001
Gain-gain vs. Loss—loss (mineral) 0.0824 < 0.001
Loss—gain vs. Gain—loss (mineral) 0.0765 < 0.001
Loss—gain vs. Loss—loss (mineral) 0.0752 < 0.001

In summary, these results collectively provide strong evidence that attribute-specific value
functions are systematically affected by framing. We find that gain-framed attributes’ value
functions are associated with a higher AUC value than loss-framed ones, meaning that across
the entire attribute range, the values assigned under gain framing are systematically higher than
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those under loss framing. This pattern is consistent with the attribute-framing literature, which
shows that people give more positive evaluations when attributes are described in gain rather
than loss terms (Levin et al., 1998; Kim et al., 2014). Moreover, investigating attribute framing
in the multi-attribute decision-making context enables a more comprehensive analysis. Our
results show that this effect is consistent across both attributes and is not contingent on the
framing of the other attribute in the decision context.

The Mitigation

To mitigate the framing effect on the value function, we propose two strategies. The first strat-
egy addresses the issue at the individual level. DMs are asked to evaluate each attribute under
both gain and loss frames. The final value function is obtained by averaging the two resulting
functions. This approach is commonly used in the bias mitigation literature and helps neutral-
ize systematic framing-induced biases by combining perspectives from different frames (Mon-
tibeller & von Winterfeldt, 2015; Almashat et al., 2008; Hammond et al., 1998). It has also been
discussed previously to address loss aversion in the tradeoff procedure. While we do not directly
test this bias mitigation method in the current study, the finding that different groups produce
statistically different value functions under gain and loss frames suggests that averaging the two
functions within individuals can help neutralize the framing effect.

The second bias mitigation strategy involves group decision-making, which is also com-
monly used as an effective bias mitigation strategy for cognitive biases (Montibeller & von
Winterfeldt, 2015; Larrick, 2004). Here, the same decision problem and attributes are formu-
lated in both gain and loss frames, and different group members are randomly assigned to one
frame. Each DM is exposed to only one frame throughout the process, which reduces task
complexity and cognitive load. Their elicited value functions are then aggregated to produce a
group-level value function. Group decision-making can take various forms, including consen-
sus building, comparative discussion, or aggregation (Huang et al., 2013; Chiclana et al., 2013;
Altuzarra et al., 2010; Hirokawa, 1990). In this study, we focus on the last one. Specifically,
we constructed 100 artificial groups of sizes 10, 5, 3, and 2 by randomly sampling participants
from the full sample. For each group, we computed the average value function across members.

To evaluate whether this group aggregation mitigates the framing effect, we assessed whether
the group-averaged value functions lie between the extreme value functions derived under pure
gain and loss framings. Although real-world group formation is seldom random, the use of
simulated random groups allows us to systematically test the effectiveness of the aggregation
strategy under controlled conditions.

To test the statistical significance of these differences, we employed ANOVA post hoc boot-
strap comparisons with 1000 resamples and bias-corrected and accelerated (BCa) 95% confi-
dence intervals (CI). The results consistently show that the group-averaged AUC values were
significantly lower than (the 95% ClIs for all mean differences were entirely below zero) the
gain-only framing conditions, and significantly higher than (the 95% CIs for all mean differ-
ences were entirely above zero) the loss-only framing conditions. This result held regardless
of group size, suggesting that aggregating across individuals with varied frames can effectively
reduce the framing-induced bias in attribute-specific value functions. Table 4.11 presents the re-
sults for the groups of sizes 2 and 3. Because groups were formed by randomly sampling from
the full dataset, the chance of drawing mixed-frame groups increases for larger groups, this
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greater heterogeneity ensures that the averaged value function lies between the two extremes,
thereby reducing framing-induced bias. We tested groups of 5 and 10 and found consistent
results, they are not presented here to avoid redundancy.

Table 4.11: Multiple comparisons for group decision-making (Bootstrap, BCa 95% CI)

Comparisons Mean Difference Bias BCa 95% CI
Group of 2 vs. gain framing (water) -0.03648 0.00021  [-0.05592, -0.01939]
Group of 2 vs. loss framing (water) 0.02031 0.00015 [0.00360, 0.03843]
Group of 2 vs. gain framing (mineral) -0.03193 -0.00068 [-0.05037, -0.01450]
Group of 2 vs. loss framing (mineral) 0.04790 0.00014 [0.02675,0.06924]
Group of 3 vs. gain framing (water) -0.02290 0.00013  [-0.04045, -0.00455]
Group of 3 vs. loss framing (water) 0.03390 -0.00010  [0.01772,0.05091]
Group of 3 vs. gain framing (mineral) -0.05103 0.000003  [-0.06908,-0.03296]
Group of 3 vs. loss framing (mineral) 0.02880 0.000003 [0.01015,0.04743]

Note. The column “Bias” refers to the bootstrap estimate of bias (i.e., the difference between the boot-
strap mean and the observed sample mean).

4.6.3 The Framing Effect on Weight

Hypothesis 3 investigates whether framing an attribute in terms of gains versus losses influences
the weights derived from the tradeoff procedure, particularly when the attribute is the most
important one. We further hypothesize that this framing effect occurs only in the gain-framed
tradeoff procedure, not in the loss-framed tradeoff procedure. This is because we theoretically
expect that, in the gain-framed tradeoff, both the change in tradeoff scores (due to loss aversion)
and the change in the value functions (due to the framing effect) that evaluate these scores
act in the same direction, amplifying the distortion; whereas in the loss-framed tradeoff, they
are in opposite directions, thereby offsetting each other. This hypothesis captures two levels
of interaction: the interaction between two biases, framing effect and loss aversion, and the
interaction between two key steps in MAVT, the value function and weight elicitation steps.

To test hypothesis 3, we performed independent samples -tests comparing the weights of
the most important attribute under gain and loss framing conditions, regardless of whether the
attribute was water or mineral. As shown in Table 4.12, the results support our hypothesis:
within the gain tradeoff procedure, the weight for the most important attribute is significantly
lower when framed as a gain compared to a loss (p = 0.044). In contrast, no significant differ-
ence in weights emerged between framing conditions in the loss tradeoff procedure (p = 0.390).

Table 4.12: Independent samples t-test for framing effect on weights

Comparisons Gain Frame Mean (SD) Loss Frame Mean (SD) t One-Sided p
Gain Tradeoff Weight 0.64 (0.11) 0.66 (0.13) -1.716 0.044
Loss Tradeoff Weight 0.64 (0.12) 0.63 (0.13) 0.279 0.390

These findings, integrated with the framing effect on attribute-specific value functions dis-
cussed in Section 4.6.2, are consistent with theoretical expectations and underscore the perva-
sive influence of framing throughout the MAVT process. They suggest that framing influences
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both components of the tradeoff procedure, the elicited tradeoff scores and the attribute-specific
value functions used to translate the scores. When these two components are influenced in the
same direction in the gain-framed tradeoffs, the bias can lead to systematic distortions in the
final weights. The attribute framing literature has primarily examined single-attribute decision
making (Levin & Gaeth, 1988; Levin et al., 1998), and thus focused on attribute evaluation,
rather than on the relative weight of attributes. Kim et al. (2014) examined the framing effect in
an unaided multi-attribute setting and found that attribute-framing does not significantly affect
the attribute weights. Yet their study relied on direct judgments of attributes and alternatives,
rather than applying a formal multi-attribute decision-making method, and therefore did not
capture how framing might influence weights derived from structured elicitation procedures.
Our study extends this literature by being, to our knowledge, the first to demonstrate how at-
tribute framing influences attribute weights in a MAVT setting.

To mitigate the framing effect in weight elicitation, one effective approach is to use the loss-
framed tradeoff procedure, as the two framing-induced distortions, on the value function and
on the tradeoff elicitation, tend to operate in opposite directions, thus the effects are canceled
out. Alternatively, weights can be elicited under both gain and loss frames and then averaged, a
bias mitigation technique often recommended in behavioral decision analysis (Hammond et al.,
1998; Almashat et al., 2008; Montibeller & von Winterfeldt, 2015).

4.7 Conclusion

The influence of gain-loss bias in decisions with multiple objectives is more complex and less
understood than in single-objective contexts. This study investigated gain-loss bias within a
formal multi-attribute decision-making method, aiming to understand how and where biases
enter the decision-making process and to develop practical bias mitigation strategies.

We tested three hypotheses addressing different stages of the decision process. First, results
showed that loss aversion influences the tradeoff procedure: the weight of the most important
attribute was higher under gain-framed tradeoffs than loss-framed tradeoffs. This bias can be
mitigated by conducting tradeoffs under both frames and averaging the results or by using a
homogeneous frame. Second, the study found that attribute framing affects the shape of the
elicited value function: attributes framed as gains produce value functions with a larger AUC
than when framed as losses. This framing effect can be reduced by eliciting value functions
under both frames and averaging them, or by using group-based decision-making where dif-
ferent DMs evaluate attributes under different frames. Third, the interaction between biases
and elicitation steps influenced the weights assigned to the attributes. Specifically, when the
most important attribute is framed as a gain, it receives a smaller weight compared to when
framed as a loss. This effect was only significant when tradeoffs were framed as gains, sug-
gesting that loss-framed tradeoffs can reduce this bias. Bias mitigation strategies include using
loss-framed tradeoffs or averaging weights across different framing conditions. In summary,
to mitigate framing effects throughout the MAVT process, applying both gain and loss frames
for the attributes and tradeoff procedures and averaging the outputs is recommended. This ap-
proach is also broadly used in the bias mitigation literature (Montibeller & von Winterfeldt,
2015; Almashat et al., 2008; Hammond et al., 1998; Larrick, 2004).

The findings advance the understanding of gain-loss bias in decisions with multiple objec-
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tives by showing that biases can emerge from different sources and interact across elicitation
steps. The results confirm that gain-loss framing systematically distorts preference elicitation,
consistent with earlier findings on attribute framing and loss aversion (Kim et al., 2014; Delquié,
1993; Bleichrodt & Pinto, 2002). It also extends these insights to attribute-level evaluation (e.g.,
value functions and weights), rather than general evaluation of attributes and alternatives. More-
over, the proposed mitigation strategies, such as using both frames and averaging outputs, and in
group settings (Almashat et al., 2008; Yaniv, 2011), offer actionable guidance for analysts seek-
ing to reduce bias in real-world decisions. These mitigation strategies can be understood within
the choice architecture literature (Soll et al., 2015; Thaler & Sunstein, 2021), as they operate by
redesigning the elicitation and aggregation procedure, rather than targeting the decision-maker’s
cognitive processes directly, to reduce the influence of framing on preferences. This highlights
the potential of integrating bias mitigation mechanisms into the procedural design of decision
analysis methods. These contributions highlight the complex nature of decisions with multiple
objectives and emphasize the need to jointly consider methodological procedures and cognitive
mechanisms when examining biases in multi-attribute decision-making contexts.

Several limitations should be acknowledged. First, the experimental design included only
two attributes, which limits the generalizability of the findings to more complex decision prob-
lems. The hypotheses regarding weight elicitation primarily focused on the most important
attribute, and the effect on the second attribute was relatively straightforward to interpret. How-
ever, real-world decisions often involve more than two attributes, where interactions among
attributes and potential tradeoff inconsistencies may be more complex. Future research should
explore how gain-loss bias affects the weights of all attributes when there are more than two
attributes involved. Second, the proposed bias mitigation strategies, such as averaging frames or
using group-based responses, were tested using the same sample of participants rather than inde-
pendent validation samples. As such, the efficacy of these strategies might be partly influenced
by sample-specific characteristics or learning effects. Additionally, the group decision-making
scenarios used in this study were artificially constructed by aggregating individual responses,
which differs from natural group deliberation processes involving communication, negotiation,
and influence dynamics (Huang et al., 2013; Chiclana et al., 2013; Altuzarra et al., 2010; Hi-
rokawa, 1990). Future studies should test these strategies in more ecologically valid group
settings to assess their robustness in practice.
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Chapter 5

The Mitigation Role of Multi-Attribute Value
Theory on Status Quo Bias

Abstract: Status quo bias refers to individuals’ preference for their current options while
objectively equivalent or superior options are available. Although this bias has been widely
studied in laboratory experiments and field studies, its operation within formal decision anal-
ysis methods remains largely unexplored. Existing theoretical work suggests that status quo
bias is a strategy-based bias and should therefore be mitigable through structured decision anal-
ysis. However, empirical evidence for this claim is limited. This study examines the mecha-
nism through which the status quo bias enters the elicitation process within a decision analysis
method and examines whether the use of a decision analysis method mitigates this bias in multi-
attribute decision-making. We designed a smartphone purchase problem under three status quo
conditions and collected data from 312 participants. The results show strong status quo effects
in participants’ unaided rankings and choices, and a substantial reduction in these effects after
applying the multi-attribute value theory (MAVT). Further analyses reveal that the bias operates
primarily through the weight elicitation rather than the value function elicitation. These findings
provide new insights into when and how decision analysis methods can mitigate status quo bias
and offer implications for bias mitigation in multi-attribute decision-making.

Keyword: Status quo bias; multi-attribute decision-making; decision analysis method; bias
mitigation

This chapter is based on the following manuscript:
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103



104 5 Status quo bias within MAVT

5.1 Introduction

Real-world decisions are influenced by time pressure, limited information, and various cog-
nitive and motivational factors (Simon, 1955; Payne et al., 1993; Kahneman, 2002). A sub-
stantial body of literature in behavioral decision research has documented that decision-makers
(DMs) systematically deviate from normative decision models, and that these deviations are
often driven by cognitive biases. Cognitive biases refer to the systematic error in judgment
that occurs when people process and interpret information (Tversky & Kahneman, 1974). Such
biases can lead to flawed judgment and, consequently, suboptimal choices.

Status quo bias refers to the tendency of DMs to prefer the current or default option over
available alternatives, even when alternative options are objectively equivalent or superior (Samuel-
son & Zeckhauser, 1988; Kahneman et al., 1991). Status quo bias has been robustly demon-
strated in controlled laboratory experiments and in a variety of field settings, including pension
plan enrollment, insurance decisions, and consumer choice (Madrian & Shea, 2001; Johnson
et al., 1993; Hartman et al., 1991). These findings suggest that the way in which options are
framed relative to an existing state or default can substantially distort preferences and lead to
inertia, under-adjustment, or resistance to welfare-improving changes. Research on status quo
bias mostly concern unaided decision-making, where individuals make choices without the sup-
port of a formal method or a decision analyst (Montibeller & von Winterfeldt, 2024).

Despite this extensive literature, far less is known about how status quo bias operates within
aided decision-making, that is, when individuals rely on a formal decision analysis method to
elicit preferences and make decisions. Classical decision analysis argues that structured elicita-
tion should help reduce decision-making biases by promoting deeper, more reflective thinking
(Keeney, 1977, 2004). However, recent work in behavioral decision-making suggests that bi-
ases can still arise within the application of decision analysis methods. For example, Jacobi &
Hobbs (2007) document value-tree induced biases in several weight elicitation methods, and
Sun et al. (2025) show that anchoring bias can substantially affect elicited value functions
when a starting point is introduced in the elicitation process. Importantly, recent compara-
tive evidence indicates that not all decision analysis methods are equally susceptible to such
effects. Rezaei et al. (2024) show that anchoring systematically affects weight elicitation in
SMART and Swing but is substantially mitigated in the Best-Worst Method, suggesting that
certain structured procedures have greater potential to reduce bias than others. Montibeller &
von Winterfeldt (2015) reviewed the cognitive and motivational biases within decision analysis,
and argue that association-based and psychophysically-based biases may persist within deci-
sion analysis, whereas strategy-based biases are more amenable to mitigation (Arkes, 1991;
Harkness et al., 1985; Tetlock & Kim, 1987). Yet these arguments are largely conceptual, and
there is limited empirical evidence on whether, and to what extent, structured decision analysis
methods actually reduce status quo bias in multi-attribute decision-making contexts.

The present study addresses this gap by investigating the impact of status quo bias in a multi-
attribute decision problem and examining whether a structured decision analysis method can
reduce its influence. We focus on a smartphone purchase context with two attributes (cost and
memory) and distinguish between two sources of status quo: (i) a real status quo, corresponding
to the participant’s current condition, and (ii) an experimentally provided status quo, embedded
in the decision scenario.
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To this end, we designed an experiment in which participants first ranked a set of smartphone
alternatives under different status quo conditions, and subsequently evaluated the alternatives
with the MAVT procedure. By comparing choices and rankings before and after the MAVT
procedure, we assess (i) the extent to which framing an option as the status quo shifts prefer-
ences toward that option and nearby alternatives, and (i) whether the decision analysis method
mitigates these shifts. In doing so, the study provides empirical evidence on the bias mitigation
potential of decision analysis methods, specifically MAVT.

The remainder of this paper is organized as follows. Section 5.2 reviews the literature on
status quo bias, reference-dependent preferences, and bias mitigation in decision analysis, and
develops our hypotheses. Section 5.3 introduces the decision analysis method used in this study.
Section 5.4 describes the experimental design and implementation. Section 5.5 presents the
empirical results and discusses the implications for decision analysis and behavioral decision
research, and Section 5.6 concludes with limitations and directions for future work.

5.2 Theoretical Background and Hypotheses

The status quo bias refers to the tendency for decision-makers (DMs) to prefer the current or
default option over available alternatives (Samuelson & Zeckhauser, 1988). Seminal laboratory
experiments have repeatedly demonstrated that individuals exhibit a disproportionate preference
for existing states, even when switching yields objectively equivalent or superior outcomes. In
the seminal study by Samuelson & Zeckhauser (1988), the authors investigated status quo bias
in various hypothetical decision problems, including budget allocation, wagon color choice,
investment portfolios, and college job scenarios. Participants were presented with neutral and
status quo versions of the same decision problem, and the proportion of participants choosing
an option was substantially higher when it was framed as the status quo than when it was not.
Subsequent work showed that the impact of the status quo becomes even stronger as the number
of available alternatives increases (Tversky & Shafir, 1992; Redelmeier & Shafir, 1995).

Field studies have further demonstrated that status quo bias is pervasive in real-world decision-
making. Defaults and pre-existing options have been shown to influence behavior in domains
such as pension plan enrollment (Madrian & Shea, 2001), insurance decisions (Johnson et al.,
1993), public policy making (Lang et al., 2021), energy-related choice (Blasch & Daminato,
2020), retirement savings decisions (Choi et al., 2004), and consumer product selection (Dhar,
1997). Collectively, this body of work shows that status quo bias is a pervasive phenomenon in
human choice, observable in both controlled laboratory environments and complex real-world
settings.

Status quo bias is often examined in the broader context of reference-dependent preferences,
a concept rooted in Prospect Theory. Kahneman & Tversky (1979) demonstrated that individu-
als evaluate outcomes relative to a reference point rather than in absolute terms. This reference
point serves as a psychological benchmark that determines whether an outcome is perceived as
a gain or a loss. The current or default option is a natural candidate for such a reference point.
Departures from the reference point are typically experienced as losses, and because losses
weigh more heavily than gains, individuals tend to remain with the status quo. This explanation
follows directly from the principles of reference dependence and loss aversion developed in the
Prospect Theory literature (Tversky & Kahneman, 1991; Kahneman et al., 1991; Thaler, 1980)
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and is consistent with later empirical evidence (Moshinsky & Bar-Hillel, 2010). Research in
this tradition has further shown that reference points systematically shape preferences between
alternatives. When two options, A and B, are evaluated relative to a reference point that lies
closer to A, individuals disproportionately favor A; when the reference shifts closer to B, the
preference reverses (Kahneman et al., 1991). Thus, even when the objective attributes of A and
B remain constant, their perceived desirability depends on their relative position to the refer-
ence point, illustrating how reference dependence can generate strong and predictable shifts in
choice behavior.

Importantly, research has shown that the reference point does not always coincide with an
individual’s current state; it can also arise from expectations, norms, or externally provided cues
(K&szegi & Rabin, 2006; Masatlioglu & Uler, 2013; Bleichrodt, 2007). In expectations-based
models, for instance, overall utility combines standard “consumption utility” with gain-loss
utility defined over deviations from a reference outcome given by the DM’s rational expectations
(K6szegi & Rabin, 2006). This implies that status quo bias may more broadly reflect a reference
effect (Masatlioglu & Uler, 2013; Munro & Sugden, 2003; Herne, 1998), whereby evaluations
of all options are distorted by their proximity to a reference point, of which the status quo is a
prominent special case.

Several additional mechanisms have been proposed to explain why DMs exhibit a prefer-
ence for the status quo. First, a rational explanation is that switching away from the current
option may involve transition costs. Such costs can be broadly grouped into two categories: un-
certainty about the consequences of switching (Anderson, 2003; Ritov & Baron, 1992; Nebel,
2015) and the effort or disutility associated with adapting to a new state (Nebel, 2015). Beyond
these rational considerations, a range of psychological mechanisms can also account for status
quo bias. For instance, individuals may anchor on the current situation and insufficiently adjust
their evaluations when considering alternatives (Tversky & Kahneman, 1974; Beshears et al.,
2009), which can reinforce the attractiveness of the status quo. Other accounts emphasize ex-
istence and longevity biases (Eidelman & Crandall, 2012), mere exposure effects (Eidelman &
Crandall, 2014), and emotional reactions to change (Ritov & Baron, 1992; Shevchenko et al.,
2014; Loewenstein et al., 2001). Taken together, these explanations suggest that status quo bias
can arise from a combination of both rational transition costs and non-rational psychological
factors, such as reference-dependent evaluation, heuristic anchoring, and affective responses.

Although much of the literature has focused on documenting status quo bias, several strands
of research suggest that it can be reduced. Interventions such as providing more information
about both the status quo and the change (Wiedmann et al., 2011; Kim, 2010), manipulating or
reversing the status quo (Labrecque et al., 2017; Bostrom & Ord, 2006), training in decision-
making principles (Morewedge et al., 2015), and relying on more experienced decision-makers
(Bellé et al., 2018) have shown some promise in reducing the tendency to stick with the current
option. These approaches highlight that status quo bias can be influenced by how the decision
context and decision process are structured.

In parallel, the literature on decision analysis suggests that formal, structured elicitation pro-
cedures can reduce certain cognitive and motivational biases (Montibeller & von Winterfeldt,
2015; Keeney, 2004). The effectiveness of bias mitigation depends on the psychological origin
of the bias. Biases can be classified as strategy-based, association-based, or psychophysically-
based (Arkes, 1991; Montibeller & von Winterfeldt, 2015). Strategy-based biases arise from
the use of suboptimal heuristics or simplification strategies. Status quo bias falls into this class
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because default choices can serve as a cognitively efficient heuristic (Montibeller & von Winter-
feldt, 2015). Association-based biases arise from the automatic activation of mental associations
stored in memory, which becomes a liability when the associations triggered are judgmentally
irrelevant or misleading. Psychophysically-based biases are rooted in perceptual limitations
and the nonlinear mapping of physical stimuli to psychological responses. Decision analysis
methods can be particularly effective in correcting strategy-based biases, since adopting the
method encourages deeper thinking and replaces intuitive heuristics with structured reasoning.
In contrast, association-based and psychophysically-based biases are embedded in cognitive and
perceptual processes, making them much harder to mitigate. However, despite these theoreti-
cal arguments, the extent to which formal decision analysis methods can reduce strategy-based
biases such as status quo bias remains largely untested empirically.

Most existing experimental studies of reference-dependent evaluation remove the status quo
option from the choice set or make it dominated by the alternatives, in order to isolate the psy-
chological reference effect. While such designs are useful for theoretical identification, they
limit the applicability of findings to real-world contexts, where the status quo option is typically
included among viable alternatives and not necessarily inferior (Bleichrodt, 2007). Realistic
multi-attribute decisions, such as purchasing a product, selecting an investment, or choosing a
service, often involve comparing the status quo to similar alternatives rather than rejecting it out-
right. Understanding how reference dependence operates in this more ecologically valid setting,
and how it interacts with structured decision analysis procedures, remains an open question.

This study addresses these gaps by investigating whether a structured decision analysis
method can reduce the influence of status quo bias, and whether its effectiveness depends on
the source of the reference point. We distinguish between (i) a real status quo, corresponding
to the DM’s current state, and (ii) an experimentally provided status quo, embedded within the
decision context. By investigating the bias in a multi-attribute decision problem and systemat-
ically analyzing its impact on preference construction, this research provides novel empirical
evidence on when and how formal decision processes can mitigate reference-dependent biases.

Given the well-documented presence of status quo bias and reference-dependent preference
in the literature, our first hypothesis is not intended as a novel contribution but serves to formally
provide a baseline for the analysis. The second hypothesis concerns our main contribution and
examines whether the decision analysis method reduces the bias.

H1: When an option is framed as the status quo, decision-makers will exhibit a tendency
to favor the status-quo-aligned option and nearby alternatives.

H2: The tendency to favor the status-quo-aligned option and nearby alternatives when an
option is framed as the status quo will be mitigated through the use of MAVT.

5.3 Multi-Attribute Value Theory

Multi-Attribute Value Theory (MAVT) is a foundational and widely acknowledged method in
the multi-attribute decision-making (MADM) field (Keeney & Raiffa, 1976; Dyer & Sarin,
1979; Farquhar, 1984; Golabi et al., 1981). It quantifies the decision-maker’s (DM’s) preference
through an overall value function that combines the alternative’s performance on the attributes
with the corresponding attribute weights. The associated assessment procedures not only yield a
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formal preference model for evaluating and comparing alternatives, but also encourage the DM
to reflect systematically and in depth on their objectives and tradeoffs (Keeney, 1977), which is
particularly valuable in complex, high-stakes decision contexts.

The method typically starts with defining the decision context, clarifying the objectives, and
identifying the attributes through which these objectives are measured. Alternatives are then
described in terms of their performance levels on each attribute.

For each attribute, MAVT requires an attribute-specific value function that describes how
desirable different performance levels are to the DM. These attribute-specific values are usu-
ally normalized between 0 and 1, where O corresponds to the least preferred level in the at-
tribute range and 1 to the most preferred. Different elicitation methods have been developed for
constructing such value functions, such as the midvalue splitting procedure, direct rating, the
standard difference procedure, and the curve fitting approach (Farquhar, 1984; Beinat, 1997,
Fishburn, 1967; Keeney & Raiffa, 1976; Smith & Dyer, 2021). In our study, we adopted two
procedures: the midvalue splitting procedure for the continuous attribute and the direct rating
for the discrete attribute. In the midvalue splitting procedure, the DM identifies several in-
difference points (midvalue points) in the attribute range such that the improvements in each
sub-interval are equally desirable for the DM. By plotting the midvalue points, the value func-
tion can be obtained. In the direct rating method, the DM directly assigns a value to each
performance level, and is thus more suitable for discrete attributes.

The original weight elicitation method within MAVT is the tradeoff procedure (Keeney
& Raiffa, 1976; Keeney, 1977), although other weight elicitation methods such as the sim-
ple multi-attribute rating technique (SMART) (Edwards, 1977), Swing (von Winterfeldt & Ed-
wards, 1993), are also widely used as alternatives in practice due to their simplicity. This study
used the tradeoff procedure to elicit the weights. In the tradeoff procedure, indifference pairs are
constructed by eliciting the attribute levels that make the DM indifferent between consequences.
Each indifference pair captures the tradeoff the DM is willing to make between the most impor-
tant attribute and the remaining attributes. The attribute weights (or scaling constants) are then
calculated based on these indifferent relationships between attributes.

Under conditions of mutual preferential independence and difference independence for the
DM’s preference structure over the attributes (Keeney & Raiffa, 1976; Dyer & Sarin, 1979), the
overall value of an alternative can be represented by an additive value function that aggregates
the attribute-specific value functions and the weights:

N
v(ai) = ijvj<aij) (51)
j=1

where v(a;) is the overall value of alternative i. v;(a;;) is the value of the performance of
a; on attribute j, and w; is the corresponding weight (or scaling constant). The additive form is
widely used in practice due to its transparency and interpretability.

Based on the overall value of each alternative, the alternatives can be compared. The alter-
native with the highest value is identified as the most preferred. This comparison establishes the
preference ordering implied by the DM’s elicited preferences in the process. For more detailed
information, please read Keeney & Raiffa (1976).
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5.4 Experiment Design

To test the hypotheses, we developed a questionnaire based on the MAVT procedure using the
online platform Qualtrics. The questionnaire has a total of seven parts: (i) informed consent,
(i1) decision problem presentation, (iii) holistic ranking, (iv) preference structure check, (v)
weight elicitation, (vi) value function elicitation, and (vii) demographic and current status quo
collection. This section describes the content and purpose of each part.

In the first part, participants were informed of the experiment’s purpose, procedures, po-
tential risks, and benefits. They were then asked to voluntarily provide informed consent to
participate in the study.

In the second part, participants were presented with a hypothetical smartphone purchase
problem involving two attributes, cost and memory (see Table 5.1). We chose this context be-
cause smartphone choice is a familiar and widely experienced decision problem, particularly
for participants recruited via an online panel. Most participants are likely to own a smartphone,
which allows us to elicit their actual current device as a real status quo and use this information
in our analysis. We used a between-subject design where each participant was randomly as-
signed to one of the three status quo groups: (i) SQ-A, (ii) No-SQ, and (iii) SQ-C. In SQ-A, (64
GB, €380), a status quo with both low price and low memory was provided; in No-SQ, there
is no experimentally provided status quo; in SQ-C, (1024 GB, €1180), a status quo with both
high price and high memory was provided. The between-subjects design and random assign-
ment to conditions allow for a clean identification of treatment effects, which is commonly used
in studies on status quo bias (Samuelson & Zeckhauser, 1988; Moleman et al., 2025; Blanchar
et al., 2024). It also helps reduce carryover and learning effects that often remain challenges in
within-subjects designs (Charness et al., 2012; Maxwell et al., 2017).

Table 5.1: Attributes used in the decision problem

Attribute Unit Range
Memory  Gigabyte [64, 1024]
Cost Euro [380, 1180]

Participants were asked to imagine that they were making a realistic smartphone purchase
decision. For instance, in the SQ-A condition, the scenario was described as: “Imagine your
current smartphone, which has 64 GB of memory and originally cost 380 euros, was recently
lost. Now you’re considering buying a new phone. After narrowing down your choices, you've
decided on a specific model. The only decision left is choosing the memory size. Larger memory
sizes allow you to store more apps, photos, and videos, but they come at a higher cost. All other
features, such as brand, camera quality, design, and processor, are exactly the same.” In the SQ-
C condition, the same description was used except that the status quo option was changed to
(1024 GB, €1180). In the NO-SQ condition, no status quo information was provided; instead,
participants were simply instructed: “Imagine you are considering buying a new smartphone.
After narrowing down your choices, you have decided on a specific model. The only decision
left is choosing the memory size. Larger memory sizes allow you to store more apps, photos,
and videos, but they come at a higher cost. All other features, such as brand, camera quality,
design, and processor, are exactly the same.”

In all conditions, the status quo option and the other alternatives belong to the same smart-
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phone model and differ only in memory and price. As a result, any possible non-monetary
transition costs of switching from the participant’s current phone to this new model (e.g., learn-
ing a new interface, transferring data, adapting to a new design) are essentially the same for all
alternatives. The status quo option does not offer a lower transition cost than the other options.
This makes it unlikely that, in our analysis later, the observed preference for the status quo
option is driven by different transition cost (Nebel, 2015) but the status quo bias.

After presenting the problem, participants were asked to directly rank five alternatives: (64
GB, €380), (128 GB, €510), (256 GB, €680), (512 GB, €930), (1024 GB, €1180). This al-
lowed us to examine the status quo bias directly, without relying on a decision analysis method.

Parts four, five, and six are steps of MAVT. The additivity assumptions were verified by
checking if mutual preference independence and difference independence are satisfied. Then,
the tradeoff procedure was used to elicit the attribute weights. The midvalue splitting procedure
was used to elicit the value function for the price attribute, and the direct rating procedure was
used to elicit the value function for the memory attribute.

In the final part, participants provided demographic information and the memory and price
of their current smartphones.

Participants were recruited through the Prolific online platform, which offers pre-screening
options and response verification tools to enhance data quality. Since the questionnaire was
in English and the price was measured in euros, we limited participation to European citizens
and fluent in English using the pre-screening functions. Moreover, the response verification
function enables us to reject incomplete answers or those that provide answers outside of the
value ranges. After data collection and cleaning, a total of 312 participants were included. The
detailed demographics of the sample are presented in Table 5.2.

Table 5.2: Demographic characteristics of participants (n = 312)

Characteristics Levels Percent
Gender Female 43.9%
Male 54.5%
Other 1.6%
Age [18,24] 30.4%
[25,34] 36.5%
[35,44] 28.2%
> 44 4.9%
Education High School 28.5%

Bachelor’s degree  42.6%
Master’s degree 16.7%
Other 12.2%

5.5 Results and Discussion

This section presents evidence of status quo bias in the decision problem and examines the ex-
tent to which the Multi-Attribute Value Theory (MAVT) reduces its influence. We first compare
the direct rankings elicited prior to MAVT with the MAVT-implied rankings to evaluate the bias
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mitigation effectiveness of the method. We then analyze the overall values of a set of hypothet-
ical alternatives to trace the underlying reference-dependent pattern within the MAVT model.
Finally, we investigate how the status quo affects the elicited attribute weights and value func-
tions, and characterize the mechanism through which reference dependence enters the MAVT
structure.

5.5.1 Status Quo Bias in Ranking

In our experiment, participants were randomly assigned to one of the three conditions: SQ-A
(64 GB, €380), NO-SQ (no experimentally provided status quo), and SQ-C (1024 GB, €1180).
Before implementing the tradeoff procedure, it is necessary in MAVT to identify the most im-
portant attribute, which then serves as the reference attribute in the construction of indifference
pairs. To this end, participants were first asked to choose between the two extreme alternatives
in the attribute space, corresponding to the combinations (64 GB, €380) and (1024 GB, €1180).
These alternatives coincide with the status-quo-aligned options in the SQ-A and SQ-C condi-
tions, respectively, and therefore also provide a direct comparison of participants’ preferences
over the two status quo options. Table 5.3 shows that, when a status quo is experimentally pro-
vided, participants disproportionately select the alternative aligned with that status quo, whereas
in the No-SQ condition, choices are approximately balanced. A Chi-square test confirmed that
the distribution of choices differed significantly across conditions, x?(4, N = 312) = 50.162,
p < 0.001. This finding is consistent with the literature that framing an option as the status quo
option will result in a significantly higher number of people selecting it compared to when it is
not (Samuelson & Zeckhauser, 1988; Kahneman et al., 1990).

Table 5.3: Participants’ selection across provided status quo conditions

Provided Status Quo Preference A < C  Preference A =~ C Preference A ~ C Total
SQ-A: (64 GB, €380) 19 (17.6%) 82 (75.9%) 7 (6.5%) 108
B: No status quo 47 (43.1%) 53 (48.6%) 9 (8.3%) 109
SQ-C: (1024 GB, €1180) 62 (65.3%) 28 (29.5%) 5(5.2%) 95

Before the MAVT procedures, participants were also asked to rank the five smartphone al-
ternatives directly. Consistent with the reference-dependence literature (Tversky & Kahneman,
1991; Masatlioglu & Uler, 2013), the resulting rank data exhibited a clear status quo bias and
reference-dependent pattern across conditions. The distribution of the ranking is different in
the three status quo conditions. In SQ-A, participants tended to favor the status quo option and
the alternative closest to it: many participants assigned first and second rank to (64 GB, €380)
and (128 GB, €510), respectively, whereas the most expensive option, (1024 GB, €1180), was
ranked last by the majority of participants. In contrast, in SQ-C, the high-end alternatives re-
ceived the highest ranks, and the low-end option (64 GB, €380) was most frequently placed last.
This reversal across conditions indicates that participants evaluated the same set of alternatives
relative to the reference point established by the experimentally provided status quo.

After implementing the MAVT procedures, we also obtained a ranking of the alternatives
by comparing their overall values. The resulting ranking patterns for each alternative were
markedly more similar across the three status quo conditions. To statistically assess differences
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in rank distributions across conditions, we conducted Chi-square tests for each alternative, sep-
arately for the self-reported rankings and the MAVT rankings (Table 5.4). For the self-reported
rankings, all alternatives showed significant differences across conditions (all p < 0.05), in-
dicating strong status quo effects in the initial, unstructured evaluations. In contrast, for the
MAVT rankings, three out of five alternatives did not exhibit significant differences across con-
ditions (p > 0.05), suggesting that the structured MAVT procedure reduced, though did not
completely eliminate, status quo bias. This pattern is inline with the view that decision analy-
sis methods can reduce strategy-based biases by helping to structure the decision problem and
encouraging DMs to think deeply (Montibeller & von Winterfeldt, 2015; Keeney, 2004).

Table 5.4: Chi-square test for participants’ ranking across provided status quo conditions

Alternative Self-reported ranking p (two-sided) MAVT ranking p (two-sided)
(64 GB, €380) < 0.001 0.242

(128 GB, €510) < 0.001 0.006

(256 GB, €680) 0.023 0.351

(512 GB, €930) < 0.001 0.141

(1024 GB, €1180) < 0.001 < 0.001

We observe a similar pattern when considering participants’ real status quo (their current
smartphone) in the NO-SQ condition. The NO-SQ group is split into subgroups based on
whether their actual device is closer to the low-end or high-end reference: closer to A (stor-
age < 128 GB and price < €780), closer to C (storage > 256 GB and price > €780), or mixed
(in between). The pre-MAVT rankings again show clear reference-dependent shifts, whereas
post-MAVT rankings converge across subgroups. Chi-square tests (Table 5.5) confirm that real
status quo effects are strong in the direct rankings (all p < 0.05 except for (256 GB, €680))
but largely reduced after MAVT, with three out of five alternatives not exhibiting significant
differences across conditions.

Table 5.5: Chi-square test for participants’ ranking in the real status quo group

Alternative Self-reported ranking p (two-sided) MAVT ranking p (two-sided)
(64 GB, €380) 0.002 0.017
(128 GB, €510) 0.004 0.745
(256 GB, €680) 0.286 0.678
(512 GB, €930) < 0.001 0.961
(1024 GB, €1180) 0.002 0.020

Taken together, these results suggest that framing an option as the status quo results in a
significantly higher number of people preferring it and the nearby alternatives, and that using
a decision analysis method reduces this bias, supporting hypotheses 1 and 2, aligning with the
literature (Samuelson & Zeckhauser, 1988; Tversky & Kahneman, 1991; Masatlioglu & Uler,
2013; Montibeller & von Winterfeldt, 2015).
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5.5.2 Status Quo Bias in MAVT

The preceding results demonstrate that experimentally framing an option as the status quo pro-
duces significant reference-dependent distortions in participants’ initial rankings, and that the
application of MAVT substantially reduces, though does not fully eliminate, these effects. To
understand the source and persistence of the bias, the following analysis therefore investigates
how the status quo affects the evaluation of alternatives within MAVT and which elements of
the elicitation procedure are most susceptible to such biases.

Provided Status Quo Effect

To investigate how the status quo bias influenced the evaluation of status quo and nearby al-
ternatives, nine intermediate hypothetical options were constructed, each representing a 10%
increment along the attribute range between the two extreme alternatives (64 GB, €380) and
(1024 GB, €1180). These hypothetical options were introduced to create a continuous sequence
of attribute combinations that allows us to examine how MAVT evaluations change as alterna-
tives become closer to or farther from the status quo. This provides a cleaner comparison across
conditions than relying solely on the original discrete alternatives, as it enables us to trace the
gradient of the status quo effect along the attribute space. Although such combinations do not
correspond to actual products on the market (since memory sizes are only offered in discrete
steps), they are technically feasible configurations and serve as systematic interpolation points
for the analysis. Moreover, this more detailed, diagnostic analysis of the bias is possible be-
cause MAVT elicits attribute-specific value functions over the entire attribute range, allowing
the construction and evaluation of any technically feasible alternatives. Figure 5.1 reports the
mean overall values derived from MAVT across the three experimental conditions.

From A1 to A5 (the lower-storage and lower-price range), participants in the SQ-A condition
consistently assigned higher overall values than those in the NO-SQ and SQ-C conditions. Con-
versely, from A7 to Al1 (the higher-storage and higher-price range), participants in the SQ-C
condition tended to assign higher values, followed by NO-SQ and then SQ-A. For the midpoint
alternative (A6), all groups showed nearly identical mean values, indicating convergence around
the central attribute level. This pattern suggests that participants generally favored alternatives
that were closer to their provided status quo and that this preference diminished progressively
as the alternatives diverged from the reference point.

Statistical analyses further confirmed this reference-dependent pattern (Table 5.6). In the
lower range (below 10% of the attribute scale), alternatives A1-A2 exhibited significant dif-
ferences across conditions. Independent ¢-tests showed that these alternatives received signif-
icantly higher overall values in the SQ-A condition than in the SQ-C condition. The Jonck-
heere—Terpstra test also revealed a significant monotonic trend, with overall values following
the ordered pattern SQ-A > NO-SQ > SQ-C.

In the higher range (above 70% of the scale), alternatives A8—A11 showed the reverse effect.
Participants in the SQ-C condition assigned significantly higher values than those in SQ-A, and
the Jonckheere—Terpstra test confirmed the opposite monotonic trend, SQ-C > NO-SQ > SQ-
A. The remaining mid-range alternatives (A4—A7) exhibited no significant group differences,
indicating that the bias was strongest near the status-quo reference and weakened for more
neutral attribute levels.
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-SQ-A: (64 GB, €380) --NO-SQ: (no provided status quo) --SQ-C: (1028 GB, €1180)
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Note. Each intermediate alternative represents a 10% increment in both attributes between the two extremes:
Al: (64 GB, €380); A2: (160 GB, €460); A3: (256 GB, €540); A4: (352 GB, €620); A5: (448 GB, €700);
A6: (544 GB, €780); A7: (640 GB, €860); A8: (736 GB, €940); A9: (832 GB, €1020); A10: (928 GB,
€1100); Al11: (1024 GB, €1180).

Figure 5.1: Mean overall value of the eleven alternatives under different provided status quo
conditions

Table 5.6: Statistical test results for the provided status quo effect

Test Al A2 A3 A4 AS A6 A7 A8 A9 A10 All

Independent ¢-test (p, 1-sided) 0.006 < 0.001 0.157 0.242 0.327 0479 0.185 0.045 0.014 0.007 0.006
Jonckheere-Terpstra test (p, 2-sided) < 0.001 < 0.001 0.240 0.344 0.553 0910 0.195 0.017 0.002 < 0.001 < 0.001

To more precisely identify the points at which the status quo effect disappeared, additional
hypothetical alternatives were generated at 1% increments within the 10-20% and 60-70%
ranges of the attribute continuum. Each newly generated alternative was evaluated using the
elicited value functions and weights to obtain its overall MAVT value. The analysis revealed
that the cutoff points occurred at 11% and 70% of the attribute range. At 11% (corresponding
to the hypothetical alternative of 169.6 GB and €468), participants in the SQ-A condition as-
signed significantly higher overall values than those in the SQ-C condition, #(201) = 1.723,
p = 0.043. For all subsequent alternatives, no significant differences were observed across the
status quo conditions (all p > 0.05), indicating that the influence of the provided status quo
diminished beyond this point. These findings on overall values provide different evidence of
the effectiveness of the decision analysis method in reducing the status quo bias.

These findings show that while MAVT reduces cross-condition differences in the ranking
of the main alternatives, the underlying overall values still exhibit a clear reference-dependent
pattern around the experimentally provided status quo. There is still an underlying reference-
dependent distortion embedded in the preference elicitation procedures that continues to shape
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the overall values of the alternatives.

Real Status Quo Effect

We also investigate the impact of participants’ real status quo. Table 5.7 reports the mean overall
values for each subgroup in the NO-SQ condition across the eleven alternatives. Descriptively,
the results suggest a weak pattern of reference dependence. Participants whose real devices re-
sembled the low-end reference (Closer to SQ-A) tended to assign slightly higher overall values
to the lower-storage and lower-price alternatives (A1-A2), whereas those whose devices were
closer to the high-end reference (Closer to SQ-C) tended to favor the higher-end alternatives
(A4-A11). For A3, all three groups yielded somewhat similar mean values.

Table 5.7: Mean overall value of the eleven alternatives in No-SQ by real status quo condition

Condition Al A2 A3 A4 AS A6 A7 A8 A9 A10  All

Closer to SQ-A 0.517 0425 0517 0510 0504 0501 0498 0498 0.502 0.502 0.483
In between Aand C  0.503 0421 0.525 0.512 0.504 0.499 0.494 0.495 0.495 0.496 0.497
Closer to SQ-C 0461 0.394 0521 0.527 0.531 0536 0537 0540 0.546 0.548 0.540

However, the statistical tests indicate that these differences are not significant. As shown in
Table 5.8, the independent ¢-tests and Jonckheere—Terpstra tests revealed no significant group
differences across most alternatives (all p > 0.05), except for the two status quo-aligned options
(Al and A1l1). Specifically, these two alternatives showed marginally significant differences
across real status quo groups (Jonckheere—Terpstra: both p = 0.043).

Table 5.8: Statistical test results for the real status quo effect

Test Al A2 A3 A4 AS A6 A7 A8 A9 A10 A1l

Independent ¢-test (p, 1-sided) 0.101 0208 0462 0.318 0.215 0.138 0.104 0.098 0.110 0.129 0.101
Jonckheere—Terpstra test (p, 2-sided) 0.043 0.514 0.739 0.802 0.628 0.509 0.364 0.291 0.276 0.273 0.043

The results indicate that while the descriptive pattern suggests a mild reference-dependent
tendency, the statistical evidence does not support a systematic status quo bias or reference-
dependent preference when the status quo is self-owned. This suggests that the source of the
status quo may influence the extent to which the status quo bias can be mitigated. The real
(self-owned) status quo represents the individual’s current option in real life and is thus more
likely to be treated as a decision strategy, corresponding to the strategy-based bias (Montibeller
& von Winterfeldt, 2015; Arkes, 1991). In contrast, an experimentally provided status quo is
introduced directly within the decision context. Rather than representing a pre-existing prefer-
ence, it becomes part of the preference construction process itself and can be more difficult to
mitigate.

5.5.3 Status Quo Bias in Weights

To understand how an experimentally provided status quo affects the preference elicitation in
MAVT, we further examined its influence on attribute weights and attribute-specific value func-
tions. This subsection focuses on the effect on weights.
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We understand that under additive MAVT with normalized single-attribute value functions
(U (64) = 0, v,,(1024) = 1; v.(1180) = 0, v.(380) = 1), the two extreme alternatives directly
reveal the attribute weights: v(64,380) = wy, v,(64) + w. v.(380) = w,, v(1024,1180) =
Wiy U (1024) + w, v.(1180) = w,,. Hence, differences in the overall values of (64 GB, €380)
and (1024 GB, €1180) across SQ conditions map one-to-one to differences in w, and w,,,. Here,
we present them again to clearly understand the effect on weights.

As shown in Table 5.9, participants in group SQ-A placed greater emphasis on price (w. =
0.537 vs. w,, = 0.464), whereas those in group SQ-C placed greater emphasis on storage
(wy, = 0.516 vs. w, = 0.484). Participants in the NO-SQ condition exhibited nearly equal
weights (w. = 0.501 and w,,, = 0.499), suggesting a balanced tradeoff between attributes in the
absence of an explicit status quo.

Table 5.9: Attribute weights under different provided status quo conditions

Condition Weight of Cost (w.) Weight of Memory (w,,)
SQ-A: (64 GB, €380) 0.537 0.464
No-SQ (no provided status quo) 0.501 0.499
SQ-C: (1024 GB, €1180) 0.484 0.516

Statistical analyses confirmed that these differences were significant (Table 5.10). The in-
dependent ¢-tests showed that both w. and w,, differed significantly between the two status-
quo—aligned groups (p = 0.006 for both attributes). The Jonckheere—Terpstra test further re-
vealed a significant monotonic trend across the three conditions (p < 0.001), with the relative
importance shifting systematically from cost (SQ-A) to memory (SQ-C) as the provided status
quo increased in performance and price.

Table 5.10: Statistical test results for the weights

Test Weight of Cost (w.) Weight of Memory (w,,)
Independent ¢-test (p, 1-sided) 0.006 0.006
Jonckheere—Terpstra test (p, 2-sided) < 0.001 < 0.001

5.5.4 Status Quo Bias in Attribute-Specific Value Functions

We next tested whether the status quo affected the attribute-specific value functions. For each
attribute, we summarized the elicited function by its area under the curve (AUC) on the nor-
malized attribute scale. We use the AUC as a summary index of the function’s shape, because a
simple categorical classification into concave or convex may fail to capture more subtle changes
in curvature, such as shifts from moderately to strongly concave value functions (Sun et al.,
2025). We compared AUCs between SQ-A and SQ-C, between real-SQ groups, and within
matched real/provided SQ subsets using independent ¢-tests and Mann-Whitney U tests. All
comparisons were non-significant, indicating that the elicited value functions were statistically
indistinguishable across conditions. Figure 5.2 plots the two average value functions.

Taken together, these findings suggest that the influence of the status quo bias on the de-
cision outcome operates primarily through the weight elicitation process rather than through
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Figure 5.2: Average value functions

the elicitation of the attribute-specific value functions. Because the elicited value functions
are statistically indistinguishable across conditions, any observed differences in overall evalu-
ations must arise from differences in the attribute weights rather than from distortions in the
value functions themselves. This pattern is consistent with the structure of MAVT: the elicita-
tion of value functions is attribute-specific and reference-neutral, the evaluation is based on the
whole attribute range rather than relative to the status quo. As a result, the status quo bias and
reference-dependent mechanism have limited opportunity to affect the curvature of the value
functions.

In contrast, the weight elicitation procedure provides a natural entry point for reference-
dependent distortions. The tradeoff method begins by asking participants to compare the two
alternatives at the extreme points of the attribute space (64 GB, €380) and (1024 GB, €1180)
to determine which attribute is more important and to construct the indifference relations. Be-
cause these two alternatives coincide with the provided status quo options in the experiment,
any preference advantage due to the status quo bias is directly expressed during these tradeoff
judgments. This makes the weight elicitation step particularly susceptible to status quo bias,
whereas the value function elicitation step remains unaffected.

5.5.5 The Mechanism of Status Quo Bias in MAVT

Our results show that a status quo located at one extreme of the attribute space systematically
shifts the tradeoff weights. When the status quo performs strongly on one attribute and weakly
on another, participants tend to place greater emphasis on the dimension on which the status
quo performs well and de-emphasize the dimension on which it performs poorly. For example,
when the provided status quo is memory-intensive (high storage, high price), participants assign
a higher weight to memory (w,,) and a lower weight to price (w.). Conversely, when the status
quo is cost-efficient (low storage, low price), the weighting pattern reverses.

For any alternative a; with attribute levels (@, a;.), its overall value under MAVT is
v(a;) = WiV (@im) + Weve(aie).

Our experimental results showed that the attribute-specific value functions were statistically
indistinguishable across conditions, indicating that status quo bias does not distort the curvature
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of these functions. Thus, the influence of the status quo must operate through the weights. The
key question, then, is how changes in the weight affect the evaluation of alternatives across
status-quo conditions.

To formalize this mechanism, consider an alternative a; with fixed attribute-specific values
Um = Um(arm) and v, = v.(ag.), which do not differ across conditions. Under the memory-
intensive status quo (SQ-A), participants assign a higher weight to memory and a lower weight
to price:
SQ—-A

5Q-A
w, > w;,

Under the cost-efficient status quo (SQ-C), the pattern reverses:

sQ-C

[

w;iQ_C <w

Because weights in MAVT are normalized to 1,

wlefA + wa’A = w,iQ*C + wa’C

which implies
5Q—A

m

wp ™ =g = (WO —wiTC)

The overall value of the same alternative under the two conditions is

SQ—A SQ-A SQ-4,, sQ-C

v =w,,* “vyt+w, = w9 C,, + wa_CUC

(3] v m

The difference simplifies to

S04 p0C = (w2 — w$9C) (v, — )

v
This expression reveals the key condition. If an alternative A is closer to SQ-A in attribute
space, then it satisfies v,,, > v.. Combined with w>%=4 > 139=¢ we obtain:

V9974 S 90—y >,

Thus, alternatives that resemble the status quo receive higher overall values because the attribute
on which they perform relatively well is precisely the attribute that receives greater weight.
The attractiveness of the nearby alternatives to the status quo option, therefore, arises from the
alignment between (i) the weighting pattern distorted by the status quo and (ii) the alternative’s
position in the attribute space.

A similar logic explains why changes in the weight vector have little impact on middle,
underperforming, and overperforming alternatives. All three types share the property that their
attribute-specific values are roughly equal across dimensions (v,, =~ v.): middle alternatives
have moderate values on both attributes, underperforming alternatives have low values on both,
and overperforming alternatives have high values on both. When v,, ~ v, the overall value
simplifies to

v(ag) = WnUm(Arm) + Weve(are) = Uy & U,

no matter how the weights change across conditions, w,, and w, always sum to one. Since
v, = U the increase in one weight is almost exactly offset by the decrease in the other,
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resulting in similar overall values for the same alternative across conditions.

Finally, this mechanism helps explain why the MAVT procedure reduces the overall influ-
ence of the status quo in the ranking. Status quo bias refers to the tendency to remain with the
current option even when objectively superior alternatives exist. In MAVT, each alternative is
evaluated systematically based on its attribute performance, and clearly overperforming alterna-
tives achieve high overall values regardless of their similarity to the status quo. The influence of
reference-dependent distortions in weights is therefore largely confined to alternatives located
very close to the status quo in attribute space, which limits the overall effect of the status quo
on the ranking of the main alternatives.

The findings of this study indicate that structured and decomposed preference elicitation
procedures can substantially reduce the influence of status quo bias on the final decision out-
come. MAVT decomposed the preference elicitation into two main steps. It elicits attribute-
specific value functions and then aggregates them. This decomposition appears to shield the
process from reference-dependent distortions. However, the tradeoff weight elicitation step re-
quires a direct comparison of alternatives at the extreme attribute levels. When these alternatives
coincide with the status quo options, the weight judgments become systematically biased. This
pattern suggests that MADM methods relying on holistic judgments or alternative-to-alternative
comparisons may be more vulnerable to status quo bias, as the full presentation of alternatives
provides room for the status quo to operate as a salient reference point.

Conversely, decomposed procedures break the decision into smaller tasks and remove the
reference point (status quo) from the judgment context. By doing that, it replaces intuitive
and simplified strategies with more effortful reasoning and reflective evaluation. The results,
therefore, point to a broader implication that structured and decomposed MADM approaches
may help mitigate not only status quo bias but also other strategy-based biases.

5.6 Conclusion

This study examined how status quo bias operates in a multi-attribute decision environment
and whether a structured decision analysis method can reduce its influence. We developed two
hypotheses: that decision-makers would exhibit systematic preference for the status quo option
and its nearby alternatives (H1), and that a formal elicitation procedure, the Multi-Attribute
Value Theory (MAVT), would mitigate this tendency (H2). We further distinguished between
a real status quo, corresponding to participants’ current states, and an experimentally provided
status quo embedded in the decision frame.

We conducted an experiment in a smartphone purchase context involving two attributes
(memory and cost). Participants first made direct choices and rankings, after which they com-
pleted the MAVT procedures. The results provided clear support for H1: in both choice and
direct ranking tasks, participants disproportionately favored the option framed as the status quo
and alternatives close to it. This pattern was observed for both experimentally induced and
naturally occurring (self-owned) status quo positions. After the MAVT elicitation, however,
ranking patterns became substantially more similar across conditions, and most alternatives no
longer exhibited statistically significant differences in ranks across status quo groups. These
findings indicate that MAVT reduces cross-condition variability in the ordering of alternatives,
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consistent with the claim that structured procedures can reduce strategy-based bias. At the same
time, analyses of the overall value scores for a set of hypothetical alternatives revealed persistent
reference-dependent differences around the experimentally provided status quo. These differ-
ences were driven primarily by systematic shifts in attribute weights rather than by changes in
the elicited value functions.

The findings are consistent and contribute to several strands of literature. They corroborate
extensive evidence that status quo bias is pervasive in human decision-making (Samuelson &
Zeckhauser, 1988; Kahneman et al., 1990; Madrian & Shea, 2001), and align with models of
reference-dependent preferences in which outcomes near a reference point are evaluated more
favorably (Tversky & Kahneman, 1991; Kahneman et al., 1991; K&szegi & Rabin, 2006). The
results also provide empirical evidence to the argument that formal decision analysis methods
can mitigate certain cognitive and motivational biases (Keeney, 2004; Montibeller & von Win-
terfeldt, 2015; Arkes, 1991). While MAVT substantially reduced the divergence in preference
orderings across status quo conditions, it did not eliminate underlying reference-dependent dis-
tortions in the quantitative evaluation of alternatives when the status quo was experimentally
provided.

Several limitations indicate opportunities for future research. First, the present study com-
pared only two types of status quo: real and experimentally provided ones. Future work could
examine the interactions between the two types and additional sources of status quo, such as
expectations, norms, or aspirational benchmarks (K&szegi & Rabin, 2006; Bleichrodt, 2007).
Second, other decision analysis methods (e.g., SMART and Swing) may interact differently
with reference-dependent evaluation, and systematic comparisons would be valuable. Third,
the decision task involved two attributes and a limited number of alternatives; real-world de-
cisions often involve more attributes, more complex attribute structures, continuous attribute
ranges, and larger sets of feasible options. Given evidence that the magnitude of status quo bias
increases with the number of alternatives (Tversky & Shafir, 1992; Samuelson & Zeckhauser,
1988), it is important to test whether decision analysis methods remain effective in mitigating
status quo bias in higher-dimensional contexts. Fourth, the experimental task involved a con-
sumer decision problem; extending the analysis to other domains, such as energy, transportation,
environmental planning, or public policy, would help assess the generalizability of the findings.
Finally, it would be interesting to test the mitigation effectiveness of decision analysis methods
in other strategy-based biases, as suggested by Montibeller & von Winterfeldt (2015).
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Chapter 6

Conclusion

This dissertation investigates how four cognitive biases, anchoring bias, loss aversion, the
framing effect, and status quo bias, affect the decision-making process and outcomes within
multi-attribute value theory (MAVT), and it develops bias mitigation strategies to reduce these
effects. Chapter 1 introduced the research background and discussed cognitive bias in both
aided and unaided decision-making, distinguishing among three types of bias: strategy-based,
association-based, and psychophysically based. It then identified the research gaps, outlined
the research focus and research questions, and presented the overall structure of the disserta-
tion. Chapter 2 examined the influence of anchoring bias on attribute-specific value function
elicitation in MAVT and developed strategies to mitigate its effect. Chapter 3 extended this in-
vestigation to the weight elicitation stage by examining anchoring bias in the traditional tradeoff
procedure and demonstrating that the Best—Worst Tradeoff (BWT) method can reduce this bias.
Chapter 4 moved beyond single-bias analysis by examining the interaction of two reference-
dependent biases, loss aversion and the framing effect, across multiple stages of MAVT, with
the aim of identifying how their combined influence manifests in the elicitation process and
where targeted mitigation may be feasible. Chapter 5 evaluated the extent to which MAVT can
reduce status quo bias and provided insight into the mechanisms through which the method ex-
erts its mitigating effect. In this final chapter, I synthesize the key findings from each study, dis-
cuss their theoretical and practical implications for research on behavioral influences in multi-
attribute decision analysis, and conclude by outlining the limitations of the current research and
promising directions for future work.
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6.1 Key Findings

The main research question of this dissertation was examined through three sub-research ques-
tions and addressed by four empirical studies. Below, the key findings of each study are pre-
sented in relation to the research questions.

RQ1: How can anchoring bias affect the attribute-specific value function and weight elici-
tation within multi-attribute value theory, and how can such effects be mitigated? (Chapter 2 &
3)

This research question investigated anchoring bias (Tversky & Kahneman, 1974; Furnham
& Boo, 2011), one of the most pervasive cognitive biases, and examined how it operated within
the structured elicitation procedures of MAVT. Anchoring bias arises when individuals insuffi-
ciently adjust their judgments away from an initial reference point. MAVT required decision-
makers to make quantitative judgments at several stages, each of which could involve explicit or
implicit starting points that served as anchors. Understanding how anchoring emerged in these
procedures was therefore essential for evaluating the behavioral robustness of MAVT and for
identifying opportunities to design elicitation procedures that were less vulnerable to this bias.

To address this research question, a systematic literature review on anchoring bias was con-
ducted. Based on the identified mechanisms and targeted debiasing strategies, hypotheses were
developed to examine anchoring effects in the midvalue splitting procedure for attribute-specific
value function elicitation and in the tradeoff procedure for weight elicitation. In parallel, al-
ternative elicitation procedures were formulated and tested to assess their potential to reduce
anchoring. This motivated two empirical studies, each targeting a different stage of MAV'T.

Study 1 (Chapter 2) focused on the attribute-specific value function elicitation step. Us-
ing a randomized controlled experiment, it demonstrated that numerical starting points used by
analysts in the midvalue splitting procedure (Keeney & Raiffa, 1993) significantly biased the
elicited value functions and the resulting decision outcomes. The study also evaluated two bias
mitigation strategies, no-anchor and counter-anchoring, incorporated directly into the midvalue
splitting procedure. Both strategies demonstrated clear potential to reduce the magnitude of an-
choring effects. The chapter further discussed the implications of these findings for other value
function elicitation procedures, such as the standard difference procedure, lock-step procedure,
and direct rating (Keeney & Raiffa, 1993; Beinat, 1997; Fishburn, 1967). Because these pro-
cedures exhibited structural features similar to those of the midvalue splitting procedure, the
insights derived from this study could be extended to a broader set of value function elicitation
methods.

Study 2 (Chapter 3) extended the investigation to the weight elicitation stage. It examined
whether the selection of the attribute (most or least important) used to formulate indifference
pairs in the tradeoff procedure distorted judgments due to anchoring bias and led to inconsistent
weights across conditions. The study also evaluated the Best—Worst Tradeoff (BWT) method
(Liang et al., 2022) as an alternative procedure that could reduce this effect through its sym-
metric use of both attributes. The results showed that tradeoff judgments were susceptible to
anchoring, resulting in biased weights and decision outcomes. In contrast, the BWT method
substantially reduced this vulnerability, demonstrating that the structural design of elicitation
procedures meaningfully influenced the extent of bias.
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Taken together, these studies provided systematic evidence that anchoring entered MAV'T at
multiple stages, affected both intermediate judgments and final decision outcomes, and could
be mitigated through procedural design. The findings contributed to the literature on anchoring
in behavioral decision research by clarifying how anchoring bias emerged within MAVT and,
more broadly, within MADM procedures.

RQ2: How do the loss aversion and the framing effect operate across multiple stages of
multi-attribute value theory and collectively influence the decision-making process and out-
comes? (Chapter 4)

This research question investigated two forms of gain-loss bias, loss aversion and framing
effect, and examined how they influenced multiple elicitation stages within MAVT. Both bi-
ases originated from individuals’ asymmetric sensitivity to gains and losses (Kahneman et al.,
1979; Tversky & Kahneman, 1991, 1981). In the MADM context, gains and losses arose from
different elicitation stages and sources. Understanding how these biases emerged, propagated,
and interacted across stages of MAVT was therefore essential for assessing the behavioral ro-
bustness of the method and for designing elicitation procedures that reduced susceptibility to
gain-loss distortions.

To address this question, a systematic literature review on gain-loss bias was conducted,
focusing on loss aversion and the framing effect. Potential points within MAVT where gains
and losses could be induced were identified, linked to the psychological mechanisms underlying
each bias, and used to develop hypotheses regarding their emergence and interaction across
elicitation stages. This process motivated a single empirical study.

Study 3 (Chapter 4) developed and tested three hypotheses concerning (i) the loss aver-
sion in the tradeoff procedure, (ii) the framing effect on attribute-specific value functions, and
(iii) the interaction of these biases across elicitation stages. The results demonstrated that (i)
loss aversion systematically distorted the tradeoff procedure, with gain-framed tradeoff tasks
yielding significantly higher weights for the most important attribute than loss-framed tasks;
(i1) framing substantially altered attribute-specific value functions, such that gain-framed at-
tributes exhibited higher areas under the curve than loss-framed attributes; and (iii) loss aver-
sion and the framing effect interacted across MAVT stages: the framing-induced differences in
the attribute-specific value functions carried over to the tradeoff procedure and influenced the
elicited weights, but only in the gain-framed tradeoff. When the most important attribute was
framed as a gain, the combined effect of framing and loss aversion led to a smaller weight for
that attribute. In contrast, in the loss-framed tradeoff procedure, the derived weights were not
significantly affected, indicating that the two biases offset one another.

Beyond using this interaction as a bias mitigation mechanism, the study evaluated addi-
tional bias mitigation strategies across the elicitation process. The results showed that exposing
decision-makers to both gain- and loss-framed tradeoff tasks and averaging the derived weights,
applying homogeneous attribute frames, and aggregating judgments across individuals (group
decision-making) all reduced the impact of gain-loss bias.

Taken together, these findings provided the first comprehensive evidence that loss aversion
and the framing effect influenced multiple elicitation stages of MAVT, interacted in systematic
ways, and jointly shaped value functions, weights, and final decision outcomes. The study
advanced behavioral decision research by demonstrating how multiple cognitive biases arose
within and propagated through formal MADM procedures.
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RQ3: How effective is multi-attribute value theory in reducing the status quo bias? (Chapter
5)

While the previous research questions focused on how cognitive biases affected MAVT, this
research question examined how MAVT reduced a cognitive bias. This offered a comprehensive
understanding of the interaction of the decision analysis method and cognitive biases. Specifi-
cally, it investigated whether MAVT mitigated status quo bias, a pervasive strategy-based bias
in behavioral decision-making (Samuelson & Zeckhauser, 1988; Montibeller & von Winter-
feldt, 2015). Status quo bias arises when individuals disproportionately favor the current or
default option even when superior alternatives are available. Although decision analysis meth-
ods have been argued to reduce strategy-based biases (Montibeller & von Winterfeldt, 2015;
Arkes, 1991), empirical evidence in the MADM context has been limited. Assessing whether,
and through which mechanisms, MAVT reduced status quo bias was therefore critical for eval-
uating its behavioral robustness.

To address this question, Chapter 5 distinguished between a real status quo (participants’
existing situation) and an experimentally provided status quo. A systematic review of reference-
dependent preferences and status quo bias informed hypotheses regarding (i) the manifestation
of status quo bias in unaided rankings and choices, and (ii) the extent to which MAVT mitigated
these distortions and through which elicitation stage the bias operated.

Study 4 (Chapter 5) tested two hypotheses: that framing an option as the status quo shifted
preferences toward that option and nearby alternatives, and that the structured MAVT procedure
mitigated this tendency. The results supported both hypotheses. Unaided rankings exhibited
strong status quo effects across real and experimentally provided status quo conditions, whereas
the distributions of the derived ranking after applying MAVT were substantially more similar
across groups. Further analyses showed that status quo bias emerged through weight elicitation
rather than attribute-specific value function elicitation, clarifying the mechanism through which
MAVT reduced the bias.

Taken together, these findings provided the first comprehensive empirical evidence that
MAVT meaningfully reduced status quo bias in MADM, while clarifying how the bias entered
the elicitation process. The results advanced behavioral decision research by demonstrating that
a strategy-based bias can be mitigated through formal elicitation procedures, though not entirely
eliminated.

These findings collectively addressed the main research question.

Main RQ: How do anchoring bias, loss aversion, framing effect, and status quo bias affect
the decision-making process and outcomes within multi-attribute value theory, and how can
these influences be mitigated?

This research question examined both the influence of cognitive biases on MAVT and the
extent to which such influences can be mitigated. Across the four empirical studies, the disserta-
tion demonstrated that the four biases arose from distinct psychological mechanisms, operated
at different stages of MAV'T, and produced systematic distortions in elicited judgments and de-
cision outcomes. Anchoring bias entered MAVT through explicit or implicit starting points em-
bedded in elicitation procedures and was shown to distort both attribute-specific value functions
and elicited weights. Loss aversion emerged in the tradeoff procedure and led to asymmetric
tradeoff judgments, thereby altering the resulting weights. The framing effect was introduced
through the way attributes are described and affected the elicited value functions by modifying
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perceived marginal value across the attribute range. Moreover, loss aversion and the framing
effect jointly influenced MAVT: framing-induced differences in value functions were carried
forward to the tradeoff procedure, amplifying distortions in the gain-framed condition but can-
celling out in the loss-framed condition. Status quo bias operated differently from the other
biases: it did not influence attribute-specific value functions but affected weight elicitation by
shifting the perceived relative importance of attributes, whether the status quo was self-owned
or experimentally-provided.

Because MAVT aggregated the attribute-specific value functions and weights into overall
evaluations, distortions at either stage can propagate to the decision outcome. Anchoring bias,
loss aversion, and the framing effect all produced systematic changes in final rankings and
choices, demonstrating that biases introduced at intermediate stages aggregate meaningfully
influence final decisions. In contrast, status quo bias was substantially reduced when applying
MAVT, and no longer affected the rankings or choices among the main alternatives.

At the same time, this dissertation identified several bias mitigation strategies that effectively
mitigate these influences at both intermediate stages and final outcomes. (i) Direct procedural
debiasing: no-anchor and counter-anchoring strategies embedded in the midvalue splitting pro-
cedure substantially reduced anchoring bias by either removing the initial anchor or introducing
opposing anchors to cancel out their influence. This type of debiasing operates directly on the
inputs (human judgments) to the MADM method and mitigates bias at the point of elicita-
tion. Unlike general debiasing approaches, such as informing decision-makers about cognitive
biases, this strategy is grounded in the identification of the underlying bias mechanisms and
actively leverages the structure of the MADM procedure itself. As such, it highlights a key
advantage of procedural design in mitigating cognitive biases within MADM methods. (ii)
Structural bias mitigation through method design: the BWT method mitigated anchoring in the
tradeoff procedure by symmetrically incorporating both attributes when formulating tradeofts
and by adopting a different computational structure for deriving weights. The bias mitigation
strategies tested for gain—loss bias likewise fall under this category: exposing decision-makers
to both gain- and loss-framed tradeoff tasks, applying homogeneous attribute frames, and ag-
gregating judgments across individuals all reduce bias by altering the structure of the elicitation
process rather than directly modifying individual judgments. Moreover, MAVT itself is effec-
tive in reducing status quo bias in the outcome due to its decomposed elicitation procedures.
Collectively, this type of bias mitigation strategy does not intervene at the level of individual
inputs, but by relying on the design of the elicitation and aggregation procedures to mitigate
bias within the method, resulting in less biased outputs (decision outcomes). (iii) Counteract-
ing bias interaction: the interaction between loss aversion and the framing effect demonstrated
that biases introduced at different stages can offset each other, producing less distorted weights
under certain configurations. The last type of bias mitigation strategy highlights the importance
of studying multiple cognitive biases within MADM methods.

Together, these findings provide a comprehensive answer to the main research question:
cognitive biases can enter MAVT at multiple stages and significantly influence elicited judg-
ments in the decision-making process and decision outcomes, but these effects can be mitigated
through carefully designed procedures, method structure, and bias interaction. Besides, MAVT
itself is effective in reducing strategy-based bias. The dissertation thus advances our under-
standing of the behavioral robustness of MAVT and offers prescriptive guidance for designing
elicitation procedures that are less vulnerable to cognitive biases.
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6.2 Theoretical and Practical Implications

This dissertation offers several theoretical contributions to the literature on behavioral decision
research (BDR) and multi-attribute decision-making (MADM).

First, the dissertation advances theoretical understanding of how cognitive biases enter and
influence MAVT. The findings demonstrate that MAVT is not behaviorally neutral: elicited
judgments in the intermediate steps and resulting decision outcomes can systematically deviate
from normative expectations when cognitive biases arise at different points of the elicitation
process. The four biases originate from different sources, such as the decision-maker’s current
status, the framing of the decision problem, or the structural features of the elicitation method,
and influence MAVT in accordance with its underlying psychological mechanism. This dif-
ferentiation clarifies that understanding cognitive bias in MADM requires explicit attention to
where within a method each bias is likely to emerge and how it manifests in the elicitation pro-
cess. This dissertation thus provides a conceptual foundation for studying cognitive biases in
other MADM methods: identifying the mechanism behind a bias is essential for determining at
which stage it will appear and how it will distort judgments.

Second, the dissertation contributes to BDR by demonstrating the theoretical value of process-
level investigation. Much of the prior literature on bias mechanisms has focused on binary
choices or simple judgments (Merkle, 2009; Fischer & Budescu, 2005; Bar-Hillel et al., 2014)
to isolate direct effects, while field studies often examine bias only in final outcomes (Cooper
& Meterko, 2019; Saposnik et al., 2016; Bellé et al., 2018). However, addressing MADM
problems within MADM methods involves multiple sequential judgments, each of which may
activate different behavioral mechanisms and propagate distortions to later stages. By empir-
ically tracing how biases affect attribute-specific value functions, weight elicitation, and ulti-
mately decision outcomes, this dissertation expands the theoretical perspective from ‘“bias in
outcomes” to “bias in processes”. This process-level analysis enables us to understand why
and how biases occur at the decision outcome. For example, Study 4 (Chapter 5) showed that
status quo bias influenced elicited tradeoff weights due to direct alternative comparisons, while
the decomposed structure of MAVT reduced its impact on final decision outcomes. Without a
process-level analysis, such distinctions would remain hidden. Weight elicitation remains a core
component of many MADM methods, and procedures such as the tradeoff method are widely
used both within MAVT and in combination with other MADM approaches. It therefore re-
mains unclear whether biased weights elicited through such procedures can be mitigated at the
decision-outcome level when applied in other MADM methods. This uncertainty underscores
that mitigating bias at the outcome level alone is insufficient; identifying and addressing the
origin of bias within the elicitation process is essential.

Moreover, while Montibeller & von Winterfeldt (2015) define cognitive bias in prescriptive
BDR as a deviation from the correct answer in a judgmental task, given by normative rules, pre-
scriptive BDR has therefore focused on whether the elicited judgments are biased. The process-
level investigation of this dissertation shows that the procedures (based on the normative axioms
of MAVT) used to elicit the judgments may themselves activate behavioral mechanisms that in-
troduce bias. This insight refines the theoretical understanding of bias in prescriptive decision
analysis by locating bias not only in judgments or outcomes, but also in the methods used to
elicit them.
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Finally, the dissertation contributes to prescriptive BDR by demonstrating how process-
level insights enable targeted bias mitigation through method design. As noted by Fasolo et al.
(2024), bias mitigation strategies in decision making can be divided into debiasing, choice ar-
chitecture, and a dual approach that integrates both. Rather than relying on generic debiasing
approaches, such as warning decision-makers about biases or educating them on how to avoid
biases (Larrick, 2004), the dissertation develops targeted bias mitigation strategies that leverage
the structured elicitation procedures of MAVT. The studies show that: (i) elicitation proce-
dures can be redesigned to directly incorporate debiasing thinking strategies (e.g., no-anchor
and counter-anchoring within the midvalue splitting procedure); (ii) the structure of a method
can be modified to reduce susceptibility to bias (e.g., the Best—Worst Tradeoff method reduces
anchoring in traditional tradeoff elicitation); and (ii1) interactions between biases across stages
can naturally cancel one another, revealing a previously underexplored form of structural bias
mitigation. These findings advance prescriptive theory by demonstrating that bias mitigation
can be achieved not only through explicit corrective measures directed at the decision-maker
but also through deliberate design of the decision analysis method. This shifts the focus from
relying on individuals to consciously counteract their own biases to leveraging the structure of
the elicitation procedure to mitigate biases in a seamless and unobtrusive way. This expands the
theoretical landscape of prescriptive BDR by showing how structured elicitation can serve dual
roles: it can be a potential entry point for bias, yet, when designed appropriately, it can also
function as an inherent mechanism for mitigating that bias.

Beyond theoretical contributions, the findings of this dissertation provide actionable guid-
ance for analysts, facilitators, and practitioners who apply MAVT and related methods in real-
world decision-making contexts. Because MAVT is widely used in public policy, environmental
planning, healthcare, and engineering design (Hostmann et al., 2005; Ferretti, 2016; Schuwirth
et al., 2012; Khan et al., 2022), understanding where biases emerge and how they can be miti-
gated is essential for improving the quality and credibility of decision support.

First, the dissertation clarifies where in the MAVT process analysts should be attentive to
cognitive biases. Anchoring tends to occur when elicitation procedures introduce numerical
starting points or sequential comparisons, as in midvalue splitting and tradeoff elicitation. Loss
aversion and framing effects are likely whenever attributes can be described in gain or loss
terms, particularly in environmental or energy-related applications where advantages and dis-
advantages are salient. Analysts should ensure homogeneous attribute framing along the MAVT
process. Status quo bias should be anticipated in consumer choice, policy evaluations, or con-
texts where existing alternatives serve as implicit benchmarks. By identifying these vulnerabil-
ity points, the dissertation provides practitioners with a diagnostic map of where bias is most
likely to distort elicited inputs.

Second, the research offers concrete bias mitigation strategies that can be integrated di-
rectly into elicitation procedures or decision-support tools. No-anchor and counter-anchor are
developed within the midvalue splitting procedure to help reduce anchoring in value function
construction. The BWT method serves as an alternative to the traditional tradeoff procedure
to reduce anchoring bias. Homogeneous attribute framing reduces unintended asymmetries in
value functions, while dual-frame elicitation mitigates gain—loss distortions in tradeoff judg-
ments. Approaches such as group aggregation or averaging across frames provide additional
ways for bias mitigation. Group decision-making can be effective under many conditions. For
example, individuals may complete elicitation tasks under different anchors, attribute frames,
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or naturally different status quo conditions, after which aggregation mechanisms can be used to
offset opposing bias effects. Compared with approaches that debias individual judgments, such
aggregation-based strategies impose lower cognitive demands on decision-makers. However,
it is important to note that group decision-making is itself subject to different biases, such as
false consensus (Montibeller & von Winterfeldt, 2017; Jones & Roelofsma, 2000). These strate-
gies are straightforward to implement in software or facilitated sessions and can substantially
improve the robustness of elicited preferences.

Third, the goal of normative decision analysis methods is to arrive at the optimal decision
following designated decision procedures. However, BDR has identified a large number of cog-
nitive biases that can affect the decision analysis process and lead to systematically distorted
outcomes. While Montibeller & von Winterfeldt (2015) define cognitive bias in prescriptive
BDR as a deviation from the correct answer in a judgmental task, as determined by normative
rules, this definition does not imply that the objective of prescriptive BDR is to eliminate all
biases. Rather, it provides a benchmark against which the presence and impact of biases can be
assessed. In practical decision-making contexts, biases can arise at different stages of the pro-
cess, and multiple biases may co-occur and interact. Designing interventions for all potential
biases can increase procedural complexity and cognitive load, potentially degrading decision
quality and reducing the usability of the method. This suggests that bias mitigation itself con-
stitutes a multi-criteria problem, requiring tradeoffs between bias mitigation, cognitive effort,
and procedural transparency. From this perspective, producing entirely bias-free decisions may
neither be feasible nor desirable in practice. Instead, the goal of prescriptive BDR is better
understood as designing decision processes that are robust to biases, in the sense that they limit
the impact of systematic distortions while remaining usable and cognitively manageable for
decision-makers. In this context, prioritizing the mitigation of the most influential or decision-
relevant biases may be more effective than attempting to eliminate all possible biases. This
shifts the focus from eliminating individual biases to structuring elicitation procedures in a way
that balances normative accuracy with practical applicability.

Finally, the dissertation underscores implications for training decision analysts and facilita-
tors. Effective application of MAVT requires more than procedural familiarity; analysts must
be able to recognize conditions that may elicit bias, interpret whether value functions or weights
have been distorted, and select appropriate mitigation strategies. The findings therefore support
the development of behaviorally informed training programs that equip analysts with the con-
ceptual and practical tools needed to manage cognitive biases within structured decision-making
processes.

6.3 Limitations and Future Research

This dissertation provides empirical and theoretical insights into how cognitive biases influence
MAVT. Nonetheless, several limitations create opportunities for further research.

The empirical studies focused primarily on the attribute-specific value function and weight
elicitation stages of MAVT. While these stages are central to preference construction, earlier
phases, such as defining the decision context, identifying fundamental objectives, selecting at-
tributes, and generating alternatives, also involve subjective judgments that may be suscepti-
ble to cognitive biases. Biases such as myopic problem framing, overconfidence, confirmation
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bias, or attribute omission may influence which dimensions of a decision problem are ultimately
modeled. Future research should investigate how these earlier steps shape the structure of the
MAVT model and whether targeted interventions can improve problem structuring as well as
preference elicitation.

All four studies employed decision problems involving two or three attributes, which en-
abled the precise identification and isolation of the specific effects of cognitive biases. However,
real-world decisions often include a larger number of attributes, complex interdependencies, and
non-linear preferences. As the dimensionality of a decision increases, the potential for cogni-
tive overload and heuristic usage increases as well. Future research should examine whether the
patterns identified in this dissertation generalize to higher-dimensional decision problems and
whether the magnitude of certain biases increases or diminishes as complexity grows.

All empirical studies were conducted through online experiments. In-person laboratory
studies and field studies can provide richer insight into how cognitive biases manifest in practice
by capturing additional contextual factors that are difficult to replicate online, such as social in-
teraction, accountability, time pressure, emotional engagement, and organizational constraints.
These settings might also affect both the emergence and mitigation of biases. Future research
should replicate and extend these findings in controlled laboratory environments and real-world
applications to strengthen ecological validity and practical relevance.

This dissertation focused on the MAVT, but many other MADM methods may also be vul-
nerable to similar distortions. For example, methods based on direct rating may be sensitive to
anchoring and scale effects introduced by initial reference points or attribute ordering. Pairwise-
comparison methods such as AHP require repeated direct comparisons between alternatives or
criteria and may therefore be susceptible to status quo bias or reference dependence, particu-
larly when one alternative serves as an implicit benchmark. Outranking methods, which often
involve threshold setting and qualitative judgments, may also be affected by loss aversion or
asymmetric sensitivity to gains and losses when defining indifference or veto thresholds. While
MADM methods were developed with normative considerations, few take behavioral robust-
ness in mind; they have rarely been evaluated against systematic behavioral factors. Future
work should revisit these methods on cognitive bias, identify vulnerability points in their elici-
tation processes.

The dissertation examined four biases, chosen because of their theoretical relevance and
potential to affect multiple stages of MAVT. However, the broader BDR literature identifies
many additional biases that may also shape judgments within decision analysis. Future research
should extend the empirical analysis to a wider range of cognitive and motivational biases,
particularly investigating whether MADM methods can reduce other strategy-based biases or
whether their bias mitigation capacity is more limited.

A notable contribution of this dissertation is the demonstration that biases can interact across
elicitation stages, sometimes amplifying and sometimes offsetting one another. Similarly, when
mitigating biases in the even swaps method, Lahtinen & Héidmaldinen (2016) focused on de-
signing the path of the process so that the effects of biases cancel out and do not accumulate
in favor of any single alternative. In contrast, current behavioral research mostly focuses on
the effects of individual biases. Future research should examine interactions more systemat-
ically, mapping how combinations of biases propagate through complex decision procedures
and identifying structural conditions under which natural bias mitigation effects can occur. A
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more complete understanding of such interactions may inform the design of robust elicitation
frameworks that intentionally exploit cancellation effects.

This dissertation proposed several bias mitigation strategies tailored to specific biases and
elicitation steps. However, these represent only an initial set of interventions. Additional work is
required to design and test bias mitigation techniques that can be systematically embedded into
MADM methods, including adaptive elicitation procedures, dynamic feedback mechanisms,
and decision-support systems that detect and respond to bias in real time. Developing a com-
prehensive catalog of prescriptive tools would further advance the integration of behavioral
insights into decision analysis.
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A Appendix - Questionnaire design for Chapter 2

The full questionnaire consisted of the following sections: informed consent, presentation of the
decision problem, verification of the additivity assumption, weight elicitation, and value func-
tion elicitation. In this appendix, we present the part of the questionnaire related to midvalue
splitting procedure for participants in the high anchor condition of the first scenario.

Q44: Suppose you can get a lower rent for the apartment by increasing the commute distance.
Suppose the drop in monthly rent would be either from 1500 euros to 1340 euros or from 1340
euros to 700 euros. For which drop in price would you accept a larger increase in commute
distance?

[J I would accept an equal increase in the commute distance.

L] For the drop from 1500 to 1340 euros I would accept a larger increase in commute dis-
tance.

[J For the drop from 1340 to 700 euros I would accept a larger increase in commute distance.
Q45: Suppose you can get a lower rent for the apartment by increasing the commute distance.
Suppose the drop in monthly rent would be either from 1500 euros to 1180 euros or from 1180
euros to 700 euros. For which drop in price would you accept a larger increase in commute
distance?

L] I would accept an equal increase in the commute distance.

[ For the drop from 1500 to 1180 euros I would accept a larger increase in commute dis-
tance.

[ For the drop from 1180 to 700 euros I would accept a larger increase in commute distance.
Q46: Suppose the price drop in monthly rent would be from 1500 to a certain value (R1) or

from that same value (R1) to 700. Please assign a value to R1 such that you would accept the
same increase in commute distance.

RI=| |

Q47: Suppose the price drop in monthly rent would be from 1500 to a certain value (R2) or
from that same value (R2) to [Piped response from Q46]. Please assign a value to R2 such that
you would accept the same increase in commute distance.

R2=| |

Q48: Suppose the price drop in monthly rent would be from [Piped response from Q46] to a
certain value (R1) or from that same value (R1) to 700. Please assign a value to R1 such that
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you would accept the same increase in commute distance.

R3=| |

Q49: Would you increase the same commute distance in the two rent reductions, from [Piped
response from Q47] euros to [Piped response from Q46] euros and from [Piped response from
Q46 euros to [Piped response from Q48] euros?

0 Yes
L] No
Q50: Suppose the price drop in monthly rent would be from [Piped response from Q47] to a

certain value (R4) or from that same value (R4) to [Piped response from Q48]. Please assign a
value to R4 such that you would accept the same increase in commute distance.

Ré=| |

QS51: Suppose you could pay an increase in rent to reduce the commute distance, would you
pay more to reduce the commute distance from 20 km to 17 km, or from 17 km to 5 km?

(] I am willing to increase more rent to reduce the commute distance from 20 km to 17 km.
L] I am willing to increase more rent to reduce the commute distance from 17 km to 5 km.

O I would increase the same amount on rent for the two commute distance reductions.

Q52: Suppose you could pay an increase in rent to reduce the commute distance, would you
pay more to reduce the commute distance from 20 km to 14 km, or from 14 km to 5 km?

L] I am willing to increase more rent to reduce the commute distance from 20 km to 14 km.

[J I am willing to increase more rent to reduce the commute distance from 14 km to 5 km.

L] I would increase the same amount on rent for the two commute distance reductions.
Q53: Suppose the drop in commute distance would be from 20 to a certain value (D1) or from

that same value (D1) to 5. Please assign a value to D1 such that you would accept the same
increase in rent.

DI=| |

Q54: Suppose the drop in commute distance would be from 20 to a certain value (D2) or from
that same value (D2) to [Piped response from Q53]. Please assign a value to D2 such that you
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would accept the same increase in rent.

D2=| |

QS5S5: Suppose the drop in commute distance would be from [Piped response from Q53] to a
certain value (D3) or from that same value (D3) to 5. Please assign a value to D3 such that you
would accept the same increase in rent.

D3=| |

Q56: Would you increase the same on rent to reduce the commute distance from [Piped
response from Q54] km to [Piped response from Q53] km and from [Piped response from Q53]
km to [Piped response from Q55] km.

Ll Yes
J No
Q57: Suppose the drop in commute distance would be from [Piped response from Q54] to a

certain value (D4) or from that same value (D4) to [Piped response from Q55]. Please assign a
value to D4 such that you would accept the same increase in rent.

D4=]|
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