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Propositions
accompanying the dissertation

Modelling Artificial Trust for Effective Human-AI
Teamwork

by

Carolina Ferreira Gomes Centeio Jorge

� 1. Human trustworthiness in human-machine collaboration depends on task
criticality and duration.

� 2. The arti�cial agent’s trust in the human a�ects the human’s trust in the arti-
�cial agent.

� 3. Prioritising performance in human-machine teams is not sustainable.

� 4. Increasing human oversight of AI systems involves increasing the user’s ef-
fort.

5. High mutual trust only contributes to human-machine team e�ectiveness
when appropriate.

6. There is no ground truth for human behaviour models.

7. The bene�t Arti�cial Intelligence can bring to society is hampered by the
commercial bene�t Arti�cial Intelligence can generate for corporations.

8. Academia rewards deep expertise within single �elds better than multidisci-
plinary expertise.

9. Managing PhD candidates’ expectations shapes their academic achievements
and mental health.

10. Detachment from institutional governance contributes to one’s vulnerability.

These propositions are regarded as opposable and defendable, and have been
approved as such by promotor Prof. dr. C. M. Jonker, promotor Prof dr. M. A.

Neerincx and copromotor dr. M.L. Tielman

� Pertains to this dissertation.
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You only are free when you realize you belong no place,
you belong every place, no place at all.
The price is high. The reward is great...

Maya Angelou





vii

Contents

Summary xi

Samenvatting xiii

Resumo xv

1 Introduction 1
1.1 Motivation and The Societal Problem . . . . . . . . . . . . . . . . . . . 2
1.2 Research question and goal. . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 A note on terminology . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Scienti�c Background . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3.1 Mutual appropriate trust . . . . . . . . . . . . . . . . . . . . . . 5
1.3.2 Human-Machine Team Design . . . . . . . . . . . . . . . . . . . 7
1.3.3 Communication . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.3.4 Task outcome . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.3.5 Multidisciplinary theory building . . . . . . . . . . . . . . . . . 9

1.4 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.4.1 Chapter 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.4.2 Chapter 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
1.4.3 Chapter 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
1.4.4 Chapter 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.4.5 Chapter 6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 De�ning Arti�cial Trust in Human-Agent Teams 15
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2 Arti�cially trusting human teammates . . . . . . . . . . . . . . . . . . . 18

2.2.1 De�ning Arti�cial Trust . . . . . . . . . . . . . . . . . . . . . . 18
2.2.2 Arti�cial trust for driving a dual-mode vehicle: an example . . . . 19
2.2.3 Formalising trust as a belief of trustworthiness . . . . . . . . . . . 19
2.2.4 Formalising the collaborative driving example . . . . . . . . . . . 21

2.3 Contextual characteristics a�ecting trust assessment . . . . . . . . . . . . 22
2.4 Arti�cial trust’s role in the team . . . . . . . . . . . . . . . . . . . . . . 24
2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.5.1 Future steps towards AT-based decision-making . . . . . . . . . . 26
2.5.2 Challenges of AT-based decision-making . . . . . . . . . . . . . . 28

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29



viii Contents

3 Exploring Cues of Human Trustworthiness for Arti�cial Trust Beliefs 31
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.2 Aspects of Arti�cial Trust . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.2.1 Human trustworthiness . . . . . . . . . . . . . . . . . . . . . . 35
3.2.2 Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.2.3 Summary. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3 Method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.3.1 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.3.2 Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.3.3 Conditions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.3.4 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.3.5 Subjective Measures . . . . . . . . . . . . . . . . . . . . . . . . 41
3.3.6 Agent Observations . . . . . . . . . . . . . . . . . . . . . . . . 42

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.4.1 Subjective Measures . . . . . . . . . . . . . . . . . . . . . . . . 45
3.4.2 Di�erences between conditions . . . . . . . . . . . . . . . . . . 45
3.4.3 Correlations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.4.4 Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.5.1 Di�erences between groups . . . . . . . . . . . . . . . . . . . . 52
3.5.2 Correlation between subjective and observed metrics . . . . . . . 53
3.5.3 Correlation between observed trustworthiness and other observed

metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.5.4 Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.5.5 Implications for human trustworthiness in human-AI teams . . . . 55
3.5.6 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
3.5.7 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4 Interdependence and Trust Analysis (ITA): a Framework for Human-
Machine Team Design 59
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
4.2 Interdependence and Trust Analysis (ITA) . . . . . . . . . . . . . . . . . 62
4.3 Table for ITA. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.3.1 Structure of the table . . . . . . . . . . . . . . . . . . . . . . . . 64
4.3.2 How to use the table . . . . . . . . . . . . . . . . . . . . . . . . 65

4.4 Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
4.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.5.1 First phase of evaluation . . . . . . . . . . . . . . . . . . . . . . 69
4.5.2 Second phase of evaluation. . . . . . . . . . . . . . . . . . . . . 70

4.6 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
4.6.1 First Phase . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
4.6.2 Thematic analysis (Second Phase) . . . . . . . . . . . . . . . . . 72
4.6.3 Summary of results. . . . . . . . . . . . . . . . . . . . . . . . . 77



Contents ix

4.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
4.7.1 Re�ection on results and theoretical implications. . . . . . . . . . 77
4.7.2 Limitations and future work . . . . . . . . . . . . . . . . . . . . 81

4.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5 Willingness-based Task Allocation in Human-Machine Teams 85
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
5.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
5.3 Method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.3.1 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.3.2 Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.3.3 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
5.4.1 Willingness across tasks . . . . . . . . . . . . . . . . . . . . . . 95
5.4.2 Allocation plan. . . . . . . . . . . . . . . . . . . . . . . . . . . 95
5.4.3 Self-reported trust and preferences . . . . . . . . . . . . . . . . . 96
5.4.4 Contextual importance of willingness-based task allocation . . . . 97

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
5.5.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
5.5.2 Theoretical Implications . . . . . . . . . . . . . . . . . . . . . . 102
5.5.3 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . 103

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

6 Multidisciplinary Theory Building for Human-AI Team Trust 105
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
6.2 �Our Background�: Existing perspectives on teamwork and trust. . . . . . 107
6.3 �Method�: the collaboration . . . . . . . . . . . . . . . . . . . . . . . . 108
6.4 �Results�: Human-AI team trust theory building . . . . . . . . . . . . . . 110

6.4.1 Theory building . . . . . . . . . . . . . . . . . . . . . . . . . . 110
6.4.2 Additional outputs . . . . . . . . . . . . . . . . . . . . . . . . . 111

6.5 �Discussion�: Lessons learned from multidisciplinary collaboration . . . . 112
6.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

7 Conclusion 115
7.1 Scienti�c contributions per chapter . . . . . . . . . . . . . . . . . . . . 115

7.1.1 Chapter 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
7.1.2 Chapter 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
7.1.3 Chapter 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
7.1.4 Chapter 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
7.1.5 Chapter 6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

7.2 Answering the overarching research question . . . . . . . . . . . . . . . 118
7.3 Scienti�c implications . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

7.3.1 Assessing contextual human trustworthiness. . . . . . . . . . . . 119
7.3.2 Willingness in team design and decision-making . . . . . . . . . . 120
7.3.3 Meaningful human control vs user e�ort . . . . . . . . . . . . . . 120
7.3.4 Multidisciplinary integration of trust research . . . . . . . . . . . 121



x Contents

7.4 Limitations & Future Directions . . . . . . . . . . . . . . . . . . . . . . 121
7.4.1 Information collection . . . . . . . . . . . . . . . . . . . . . . . 121
7.4.2 AT-based decision-making . . . . . . . . . . . . . . . . . . . . . 122
7.4.3 Outcome consequences. . . . . . . . . . . . . . . . . . . . . . . 122
7.4.4 Communication module . . . . . . . . . . . . . . . . . . . . . . 122
7.4.5 Updating arti�cial trust beliefs . . . . . . . . . . . . . . . . . . . 123
7.4.6 Evaluating arti�cial trust models . . . . . . . . . . . . . . . . . . 123
7.4.7 From dyads to groups . . . . . . . . . . . . . . . . . . . . . . . 124

7.5 Societal contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
7.5.1 Safety and e�ectiveness in high-risk environments . . . . . . . . . 124
7.5.2 Work quality . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
7.5.3 Calibrating trust and responsibility. . . . . . . . . . . . . . . . . 126
7.5.4 Developing technology with people in the loop . . . . . . . . . . 126
7.5.5 Designing ethical AI systems . . . . . . . . . . . . . . . . . . . . 126

7.6 Potential risks for society . . . . . . . . . . . . . . . . . . . . . . . . . 127
7.6.1 Reducing human involvement in decision-making . . . . . . . . . 127
7.6.2 Inappropriately trusting the human teammate . . . . . . . . . . . 127
7.6.3 Social exclusion and inequality . . . . . . . . . . . . . . . . . . . 127
7.6.4 Mutual distrust between humans and machines . . . . . . . . . . 128
7.6.5 Re�ection on human-machine collaboration for defence . . . . . . 128

7.7 Take-away message . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

A Appendix 131
A.1 Interdependence and Trust Analysis Table (Version 1) . . . . . . . . . . . 132

Glossary 133

Bibliography 135

List of SIKS dissertations 171

Acknowledgements 188

Curriculum Vitæ 195

List of Publications 197



xi

Summary

As machines take on more complex tasks, we move from asking how well they can perform
those tasks to asking how well they can collaborate with us. After all, the goal of building
technology should be to improve our lives, not make them harder, but that requires mutual
understanding, coordination, and trust. This dissertation looks at the role of trust in
decision-making within teams of humans and semi-autonomous machines, including AI
systems, agents and robots. In particular, we look at the concept of arti�cial trust, that is
when an arti�cial agent reasons about someone’s trustworthiness.

Trust is central to human decision-making. When we work with others, we constantly
judge who is reliable and who is not, and we delegate tasks based on how trustworthy
we think our teammates are and what risks those choices pose to us individually and to
the team as a whole. When we see someone is not very trustworthy for a task they are
expected to perform, and that poses risks to them or us, we can also o�er help. The same
logic can extend to arti�cial agents. When humans and intelligent arti�cial agents work
together, arti�cial agents must not only be trusted by humans but also develop ways of
assessing how trustworthy their human partners are for di�erent tasks. In other words,
arti�cial agents can use arti�cial trust to make decisions. This requires de�ning, modelling
and using trustworthiness for decision-making in human�agent teamwork. We go over all
of those steps in this dissertation.

This research argues that human trustworthiness is not only about a few internal
traits such as ability, benevolence or integrity. In fact, what counts as trustworthiness
can vary depending on the task and team characteristics. For example, if success in a task
depends only on being somewhere on time, then punctuality may be the only relevant trait.
Furthermore, to perform a task successfully, a person not only needs to be able to do it
but also needs to choose to do it. Our research shows that in human�agent collaborative
scenarios, task choices can often be explained by contextual cost�bene�t reasoning. People
consider a task by weighing its potential bene�ts, such as reward, against its potential
costs, such as e�ort and time. This translates into a person’s willingness to do a task. At
the end of the day, it is not enough that someone has the skills to succeed in a certain task,
but it is also important that they are willing to do it.

Although it is challenging to infer someone’s willingness for di�erent tasks, both for
humans and machines, we can try to �nd ways around it. For example, asking directly
about teammates’ competence and willingness can give machines better information to
work with, helping them to make fairer, more transparent and more e�cient decisions. One
of our studies found that people want arti�cial teammates, such as robots, to consider their
preferences and willingness, but only in non-critical situations. In urgent or high-stakes
work, e�ciency mattered most. However, over time, recognising willingness may help
make collaboration more sustainable and engaging.

This dissertation focusses on developing machines that can complement and even
augment human teams, instead of replacing people. For that to happen, we need a solid
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understanding of how people make decisions, what motivates them, and what they value in
teamwork and in their arti�cial teammates. At the same time, giving machines the power
to trust or distrust humans raises ethical risks. Used wrongly, it could harm individuals
or undermine their autonomy. These concerns are especially pressing in areas such as
defence, where collaborative technologies are already being explored, and can contribute to
the escalation of armed con�icts. As such, the goal of this dissertation by building arti�cial
trust is not to maximise e�ciency at all costs. Instead, we hope to help design systems
that support human well-being, safety, and dignity. This requires combining theoretical
and technical advances from di�erent disciplines, such as the social sciences and computer
science, and carefully re�ecting on the contexts where these systems are deployed.
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Samenvatting

Naarmate machines steeds complexere taken uitvoeren, veranderd de vraag van hoe goed
ze die taken kunnen uitvoeren naar hoe goed ze met ons kunnen samenwerken. Het doel
van technologie moet immers zijn ons leven te verbeteren, niet te bemoeilijken, maar dat
vereist wederzijds begrip, coördinatie en vertrouwen. Dit proefschrift onderzoekt de rol
van vertrouwen in besluitvorming binnen teams van mensen en semi-autonome machines,
waaronder AI-systemen, agenten en robots. We kijken met name naar het concept van
kunstmatig vertrouwen, dat wil zeggen wanneer een kunstmatige agent redeneert over
iemands betrouwbaarheid.

Vertrouwen is centraal in menselijke besluitvorming. Wanneer we samenwerken met
anderen, beoordelen we voortdurend wie betrouwbaar is en wie niet, en wij delegeren
taken op basis van hoe betrouwbaar we denken dat onze teamgenoten zijn en voor het hele
team met zich mee kunnen brengen. Wanneer we zien dat iemand voor een taak die hij of
zij moet uitvoeren niet erg betrouwbaar is, en dat risico’s met zich meebrengt voor henzelf
of voor ons, kunnen we ook hulp aanbieden. Diezelfde logica kan gelden voor kunstmatige
agenten. Wanneer mensen en intelligente kunstmatige agenten samenwerken, moeten
agenten niet alleen door mensen vertrouwd worden, maar ook manieren ontwikkelen om
de betrouwbaarheid van hun menselijke partners voor verschillende taken te beoordelen.
Met andere woorden, kunstmatige agenten kunnen kunstmatig vertrouwen gebruiken
om beslissingen te nemen. Dit vereist het de�niºren, modelleren en toepassen van be-
trouwbaarheid in de besluitvorming binnen mens�agent samenwerking. In dit proefschrift
bespreken we al deze stappen.

Ons onderzoek stelt dat menselijke betrouwbaarheid niet alleen draait om een paar in-
terne eigenschappen zoals vaardigheid, welwillendheid of integriteit. Wat als betrouwbaar
wordt beschouwd, kan juist variºren afhankelijk van de taak en de kenmerken van het
team. Als het succes van een taak bijvoorbeeld alleen afhangt van op tijd aanwezig zijn,
kan punctualiteit de enige relevante eigenschap zijn.

Om een taak succesvol uit te voeren, moet een persoon niet alleen in staat zijn deze
uit te voeren, maar ook ervoor kiezen om deze taak uit te voeren. Ons onderzoek laat
zien dat keuzes in taken in mens�agent samenwerking vaak beter te verklaren zijn door
contextueel kosten-batenafweging. Mensen wegen de potentiºle voordelen van een taak,
zoals een beloning, af tegen de potentiºle kosten, zoals tijd en moeite. Dit vertaalt zich
in de bereidheid van een persoon om een taak op te pakken. Uiteindelijk is het dus niet
voldoende dat iemand de vaardigheden heeft; het is ook belangrijk dat hij of zij bereid is
de taak uit te voeren. Het inschatten van iemands bereidheid voor verschillende taken is
uitdagend, zowel voor mensen als voor machines. Door rechtstreeks te vragen naar de
competentie en bereidheid van teamgenoten, kunnen machines betere informatie krijgen,
waardoor ze eerlijkere, transparantere en e�ciºntere beslissingen kunnen nemen.

Een van onze studies liet zien dat mensen willen dat kunstmatige teamgenoten, zoals
robots, rekening houden met hun voorkeuren en bereidheid, maar alleen in niet-kritieke
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situaties. In urgente of risicovolle situaties is e�ciºntie het belangrijkst. Na verloop van
tijd kan het herkennen van bereidheid echter bijdragen aan duurzamere en meer betrokken
samenwerking.

Dit onderzoek richt zich op het ontwikkelen van machines die menselijke teams kunnen
aanvullen en zelfs versterken, in plaats van mensen te vervangen. Hiervoor is het nodig
dat we begrijpen hoe mensen beslissingen nemen, wat hen motiveert en wat zij waarderen
in samenwerking en in hun kunstmatige teamgenoten. Tegelijkertijd brengt de mogelijk-
heid voor machines om mensen te vertrouwen of wantrouwen ethische risico’s met zich
mee. Verkeerd gebruikt kan individuen schaden of hun autonomie ondermijnen. Deze
zorgen zijn vooral relevant in domeinen zoals defensie, waar al wordt geºxperimenteerd
met collaboratieve technologieºn, die kunnen bijdragen aan de escalatie van gewapende
con�icten.

Het doel van het opbouwen van kunstmatig vertrouwen is niet het maximaliseren
van e�ciºntie, maar het ontwerpen van systemen die het welzijn, de veiligheid en de
waardigheid van mensen ondersteunen. Het vinden van dit evenwicht vereist technische
vooruitgang, inzichten uit disciplines zoals de sociale wetenschappen en zorgvuldige
re�ectie op de contexten waarin deze systemen worden ingezet.
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Resumo

À medida que as mÆquinas sªo capazes de tarefas cada vez mais complexas, a questªo
deixa de ser apenas quªo bem conseguem executar essas tarefas e passa a ser quªo bem
conseguem colaborar connosco, humanos. A�nal, o objetivo da tecnologia deveria ser
o de melhorar a nossa vida, e nªo o de tornÆ-la mais difícil. Para isso, Ø necessÆria uma
compreensªo mœtua, coordenaçªo e con�ança entre pessoas e mÆquinas. Esta dissertaçªo
analisa o papel da con�ança na tomada de decisªo em equipas de humanos e mÆquinas
semi-autónomas, incluindo sistemas de IA, agentes e robôs. Em particular, o conceito de
con�ança arti�cial Ø analisado, isto Ø, a possibilidade de um agente arti�cial con�ar, ou nªo,
em alguØm.

A con�ança Ø sem dœvida uma peça central nas nossas decisıes. Por exemplo, quando
trabalhamos em equipa, avaliamos constantemente quem Ø �Ævel e previsível e quem
nªo Ø. Isso faz com que deleguemos tarefas àqueles que, baseado nessa perceçªo e nos
riscos associados, prometam um melhor resultado, tanto para nós como para a equipa.
Por outro lado, quando nªo estamos muito con�antes que alguØm vÆ ter sucesso numa
tarefa importante, podemos oferecer ajuda. A mesma lógica pode aplicar-se a agentes
arti�ciais. Ou seja, quando pessoas e agentes arti�ciais inteligentes (por exemplo, robôs)
trabalham juntos, os agentes precisam nªo só de ser considerados con�Æveis pelas pessoas,
mas tambØm de saber em quem podem con�ar para as diferentes tarefas. Para isso, estes
agentes precisam de desenvolver modelos de con�ança arti�cial que os ajudem a tomar
decisıes. Isto exige de�nir, modelar e aplicar con�abilidade na tomada de decisªo em
equipas humano-agente. Abordamos todos esses passos nesta dissertaçªo.

Em particular, esta dissertaçªo defende que a con�abilidade humana nªo depende ape-
nas de algumas características internas, como competŒncia, benevolŒncia ou integridade.
Na realidade, o que Ø considerado con�Ævel pode variar dependendo da tarefa e das carac-
terísticas da equipa. Por exemplo, se o sucesso de uma tarefa depender apenas de chegar a
horas (por exemplo, marcar presença num evento importante), a pontualidade pode ser a
œnica característica relevante para aferir quem deve �car responsÆvel por ela. Para alØm
disso, para que uma pessoa realize uma tarefa com sucesso, nªo basta ter a capacidade de a
executar, Ø tambØm necessÆrio que essa pessoa queira fazer essa tarefa. Esta investigaçªo
mostra que, em cenÆrios de colaboraçªo humano-agente, a forma como escolhemos tarefas
pode ser explicada por um raciocínio custo-benefício dentro de um certo contexto. Ou
seja, as pessoas ponderam os potenciais benefícios de uma tarefa, tais como as possíveis
recompensas, face aos potenciais custos, tais como o esforço ou tempo de execuçªo. Isto
traduz-se na disposiçªo ou vontade que uma pessoa tem em realizar a tarefa. Assim, tanto
ter competŒncias como estar disposto a executar uma tarefa sªo fatores que ajudam a prever
o eventual sucesso dessa tarefa se atribuida a um determinado colaborador.

Apesar de ser difícil inferir a disposiçªo que alguØm tem para executar diferentes tarefas,
tanto para nós humanos como para as mÆquinas, hÆ formas de contornar isso. Por exemplo,
perguntando diretamente aos elementos da equipa sobre as suas competŒncias e vontades.
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De acordo com um dos nossos estudos, as pessoas apreciam que os seus colegas arti�ciais,
tais como robôs, tenham em consideraçªo as suas preferŒncias e vontades durante a tomada
de decisıes, mas só em situaçıes que nªo sejam críticas. Por exemplo, em contextos
urgentes ou de alto risco, a e�ciŒncia Ø considerada mais importante. No entanto, a longo
prazo, reconhecer a as vontades dos elementos humanos da equipa pode vir a contribuir
para uma colaboraçªo mais sustentÆvel e motivadora. Toda esta informaçªo poderÆ ser
fornecida aos agentes arti�ciais, permitindo-lhes tomar decisıes mais justas, transparentes
e e�cientes.

Em suma, esta investigaçªo foca-se em desenvolver agentes que podem complementar
e atØ reforçar equipas humanas, em vez de substituir pessoas. Para que isso aconteça,
Ø necessÆrio compreender como as pessoas tomam decisıes, o que as motiva e o que
valorizam na colaboraçªo e nos seus colegas arti�ciais. Ao mesmo tempo, conceder às
mÆquinas a capacidade de con�ar ou descon�ar de humanos levanta riscos Øticos e sociais.
Quando mal utilizada, esta tecnologia pode prejudicar indivíduos ou comprometer a sua
autonomia. Estas preocupaçıes sªo especialmente relevantes em Æreas como a defesa, onde
tecnologias colaborativas jÆ estªo a ser exploradas, podendo contribuir para a escalada de
con�itos armados. O objetivo desta dissertaçªo na modelaçªo e utilizaçªo de con�ança nos
agentes nªo Ø o de maximizar a e�ciŒncia, mas sim o de desenhar sistemas que promovam
o bem-estar, a segurança e a dignidade humana. Alcançar este equilíbrio exige avanços
teóricos e prÆticos de diferentes disciplinas, tais como as ciŒncias sociais e de computaçªo.
Exige ainda uma re�exªo sØria sobre os contextos em que estes sistemas sªo implementados.
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1.1 Motivation and The Societal Problem
Robots to the rescue: miniature robots o�er new hope for search and
rescue operations
EU-funded researchers have developed robust mini robots with advanced sensors
to help search and rescue teams �nd survivors in the aftermath of earthquakes
and other disasters. (...) The idea is to allow rescue teams to do more of their work
remotely, localising and �nding humans from the most hazardous areas in the
early stages of a rescue operation. The SMURF (Soft Miniaturised Underground
Robotic Finder) can be remotely controlled by operators who stay at a safe distance
from the rubble. The SMURF is compact and lightweight, with a two-wheel design
that allows it to manoeuvre over debris and climb small obstacles.
by Michael Allen in Horizon: The EU Research & Innovation Magazine [18]

Robots such as SMURF have been developed to support humans across a wide range
of tasks, including those in high-risk environments such as search and rescue operations.
Similarly, other systems have been engineered for di�erent domains, such as the remote
operated robots deployed by TEPCO to decontaminate radioactive areas [416], or the
Moley X-AiR robotic kitchen system designed for automated cooking tasks [269]. These
and other machines have hardware and/or software with attributes di�erent from humans’.
For example, they are capable of physically strenuous, monotonous tasks and can also
guarantee a level of precision and processing speed, which can be challenging for humans
[132]. Furthermore, these machines can sometimes go through hazardous environments
and prevent humans from certain risky situations. Humans can use these machines to
leverage their strength and intelligence [295], and potentially improve our lives.

Advancements in arti�cial intelligence are allowing robots to demonstrate greater
autonomy and richer interaction [219, 354, 420, 421]. We now live in a period where it
seems increasingly plausible that machines could match the full range of human abilities
soon [186, 197]. While early depictions of autonomy focused on replicating humans, they
were also driven by the ambition that machines might perform tasks humans cannot or
prefer not to do [136]. Focussing on building machines that match or exceed human
abilities risks stripping the work of meaning and satisfaction [131]. When we allow full
autonomy, we also distantiate humans from responsibility for the outcomes, raising di�cult
ethical issues [331]. Therefore, we argue that, ultimately, humans and machines, given
their distinct strengths, can achieve more for society in collaboration than either could
alone [11, 115, 296]. Machines now o�er the potential to communicate with humans
[22, 160], perceive the world [86], and adapt to us [185]. Combined with human creativity,
ethical judgement, and emotional intelligence, machines with such physical and cognitive
capabilities can function more like teammates than mere tools [342]. However, integrating
autonomous machines into human teams presents several challenges [280]. E�ective
teamwork relies on driving mechanisms such as mutual trust, closed-loop communication,
and shared mental models [329].

Trust, in particular, plays a crucial role in decision-making in teams, such as task
selection and allocation [235, 257, 357]. Humans often make implicit assessments of poten-
tial collaborators in terms of trustworthiness, i.e., evaluating factors such as competence,
reliability, and willingness to provide bene�t to others [133]. These assessments in�uence
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how someone chooses their team partners [177]. For instance, in school assignments,
students select teammates either because they are friends or because they believe that the
other can lead them to successfully complete the task [304], depending on what is more
important to them. In addition, trust a�ects how we place ourselves in vulnerable positions
within our team [250]. Moreover, trust determines how much information and knowledge
we share with others [108], which a�ects how e�ective a team can be [309]. Although
trust is required for e�ective teamwork, over-trusting (leading to over-compliance) can
decrease performance [223] or lead to accidents [246]. For this reason, it is necessary to
ensure that trust is appropriate between teammates, including in human-machine teams
[202, 231, 294].

In human-machine teams, the arti�cial teammate (i.e., the machine) should also be
able to select a suitable colleague when collaboration is required, decide when to be
vulnerable to others, and determine what information to share. For this reason, we defend
the notion that both humans and machines should trust each other appropriately, i.e., assess
each other’s trustworthiness within speci�c contexts. Although we more commonly talk
about the importance of humans trusting machines appropriately (i.e., avoiding misuse
or disuse of technology), we claim that having machines trusting humans appropriately
may be as important for e�ective teamwork. Consider a hypothetical scenario in which an
autonomous SMURF robot, operating within disaster debris, locates a victim and needs
to request human assistance. The machine may use its knowledge regarding di�erent
human teammates’ trustworthiness for retrieving victims, including the humans’ strength
to carry victims, speed when carrying, motivation to go to that location, among others.
This knowledge can help the SMURF decide on who to ask for help, reducing risk and
improving team performance.

When a machine has beliefs of trust in another entity, we call this arti�cial trust (AT)
[25], which is inspired by but not the same as natural trust, i.e., the human construct.
Arti�cial trust may be used as a tool for decision-making in human-machine teamwork. In
the literature, we can �nd models of trust between arti�cial agents [50, 59, 122, 328, 381],
as well as models of natural trust in arti�cial agents [276, 418]. Vinanzi et al. (2019)
and Surendran & Wagner (2019) have attempted to model human trustworthiness for
decision-making, mainly based on previous human performance or lies [363, 403]. Similarly,
Azevedo-SÆ et al. (2021) and Ali et al. (2022) propose a model for task allocation based
on an arti�cial agent’s trust in its human teammate’s capabilities [16, 25]. However,
computational models of human trustworthiness (including its di�erent dimensions) that
predict human performance in di�erent tasks during human-agent collaboration remain
inexistent. The vision and development of arti�cial trust for decision-making raises several
research questions, discussed in this dissertation. It also presents potential opportunities
and threats to society, which we discuss throughout our work.

1.2 Research �estion and goal
This dissertation aims to clarify what it means to be trustworthy for a task, how trust-
worthiness can be assessed by an arti�cial agent, and how it should in�uence this agent’s
decision-making. It also examines how this knowledge can be used for team design, and
how trust-based decisions may impact the human teammate and human-agent teamwork.
Throughout, we re�ect on how to make these decisions transparent and understandable to
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the human teammate. In this section, we present the main research question and goal of
this dissertation.

Main Research Question

How can an arti�cial agent model arti�cial trust in its human teammates for e�ective
human-machine teamwork?

The goal of the work presented in this dissertation is to theoretically formalise, model,
and empirically test arti�cial trust as a multidimensional construct, as well as investigating
the role of arti�cial trust in human-agent teams. Throughout this dissertation, we bridge the
gap between social science models and computational methods. We examine the dynamics
of trust, decision-making, and communication in human�machine teamwork from a human-
centred computational perspective. The focus is on collaborative technologies with varying
degrees of autonomy and interaction, whether embodied (e.g. robots) or not (e.g. software
agents).

1.2.1 A note on terminology
As this is an initial step towards understanding the nature of interaction and trust dy-
namics in human�technology collaboration, a deliberately broad vocabulary is adopted.
Although terms such as agent, AI, machine, and robot do not carry identical meanings, their
distinctions are not essential for the scope of this work. Terminology is selected based on
contextual relevance and the conventions of research community targetted per chapter.
Typically, machine and robot are used when embodiment is implied, while agent provides a
more general term consistent with the language of the multi-agent systems �eld. While
humans are also considered agents, most of the times the term agent is used to refer to
arti�cial agents (e.g., human-agent teams). When we use the term to refer to either humans
or arti�cial entities, we make it explicit. As such, agent refers to arti�cially intelligent
or interactive systems, including AI, machines, and robots, all of which share overlap-
ping characteristics. Similarly, expressions such as human�machine team, human�AI, and
human�agent are used interchangeably, as are teamwork and collaboration.

1.3 Scientific Background
The collaboration between people and semi-autonomous machines is constantly changing,
as machines gain more capabilities to execute more tasks under more autonomy. The
development and implementation of an arti�cial trust model requires research on several
components, the necessary inputs (i.e., what is feeding it) and outputs (i.e., how it is being
used and communicated), and their dependencies. For that, we need to dive into the
literature, both from social sciences and computer science �elds. In this section, we dive
deeper into the scienti�c preliminaries needed to understand this dissertation’s sub-research
questions.

Teamwork has been de�ned as interrelated reasoning, actions, and behaviours of each
team member that adaptively combine to ful�l shared team goals [329]. We have already
mentioned before that the three driving mechanisms for e�ective teamwork are mutual
trust, shared mental models, and closed-loop communication [329]. Although we know
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that in human teams these three driving mechanisms are intertwined and a�ect each other,
more research is required to develop and understand them in the context of human-machine
teams. These mechanisms are explored in this section as a basis to motivate the work
presented in this dissertation. First, we talk about mutual appropriate trust (derived from
mutual trust), then human-machine team design (highly related to shared mental models),
and then, communication (as in closed-loop communication). These driving mechanisms
are contextualised, as well as connected to a simple objective measure of team e�ectiveness,
i.e., task outcome. Finally, we re�ect on how adapting these driving mechanisms to human-
machine teams is a multidisciplinary problem. In a visually simpli�ed diagram, Figure 1.1
presents the components surrounding arti�cial trust in human-machine teams, studied in
this dissertation.

Figure 1.1: Diagram of the dissertation’s main concepts and related Chapters, in numbers.

1.3.1 Mutual appropriate trust
Teamwork is safer and more e�ective when team members know how much they can
trust each other for di�erent tasks and contexts, i.e., when trust among team members is
appropriate and calibrated [178, 190, 294]. The machine’s role in mutual appropriate team
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trust is twofold. On the one hand, the verbal and non-verbal behaviour of the machine, as
well as the consequences of its decisions, a�ects the human trust [338], both positively and
negatively [215, 261, 404]. On the other hand, the ultimate goal of arti�cial trust modelling
should be to make it appropriate, enabling the machine to know who can be expected to
perform which task successfully, and make better informed decisions [65, 153]. Although
this dissertation focusses mainly on questions related to arti�cial trust, we always keep
human trust in mind, as they are likely to be intertwined [256, 332, 375, 404].

Trust The idea of modelling arti�cial trust appears in multiagent systems literature
under the names of trust (as in Falcone et al. (2004) [122]) or computational trust (as
in [381]). However, it stems from the de�nitions and models of trust in social sciences
literature. In organisational psychology, trust can be de�ned as �the willingness of a party
to be vulnerable to the actions of another party based on the expectation that the other will
perform a particular action important to the trustor, regardless of the ability to monitor or
control that other party" [250] (p. 712). In uncertain situations, when a team member trusts
another with a task, they expect the other to perform it successfully. One (the trustor)
forms trust in another (the trustee) by assessing the trustee’s trustworthiness. This trust
can then be in�uenced by the trustor’s personal characteristics (such as propensity to
trust) and the context (such as the risk involved) [250]. As such, arti�cial trust (AT) can be
modelled as an aggregation of beliefs [145] regarding the teammate’s trustworthiness. In
order to understand which beliefs are relevant for arti�cial trust in teams, it is useful to
�rst understand the dimensions of perceived trustworthiness.

Trustworthiness dimensions Models in slightly di�erent settings and disciplines pro-
pose that trustworthiness depends on 1) Ability, Benevolence and Integrity [250], in human
organisations; 2) Willingness, Competence [59], in multi-agent systems; and 3) Perfor-
mance, Process, and Purpose [227], when the human is the trustor and an arti�cial agent is
the trustee. All these models usually have one component related to the competence/perfor-
mance aspects (more objective), i.e, answering the question Can my teammate do that task?.
As performing a task successfully is dependent on other factors besides just whether one is
capable, these models include at least one aspect which is more dependent on the trustee’s
willingness (such as benevolence or purpose). These aspects try to answer the question
Will my teammate do that task?. Finally, it may be relevant to know how a teammate
performs a task, for example, to which set of values they adhere to, which is related to
aspects of integrity and process. To model arti�cial trust, one needs to choose a set of
internal characteristics (the trustee’s krypta [126]) that are relevant for the context and
evaluate them [328]. This phase, called trust evaluation [328], consists of mapping the
krypta to the accumulated available information, such as directly observable cues and
behaviours (also known as manifesta [126]), or reputation.

Trustworthiness cues De�ning which information is important to evaluate contextual
trust in humans in human-machine interaction is challenging and underexplored. However,
we can �nd models that evaluate whether a human partner is being truthful or deceitful
with episodic memory [403] and social cues [363]. There are also works exploring methods
for the detection of intentions [401] and natural trust [9, 151] in interaction with embodied
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AI. With studies in 2D grid-worlds, literature presents metrics to assess teamwork �uency,
such as metrics of performance or task completeness [61, 396]. Similarly, we can �nd
metrics for ability, benevolence and integrity, such as speed, favouritism, and commitment,
respectively, also in a 2D grid-world [67]. Finally, [54] presents a model that learns the
human teammate’s sequential behaviour, using reinforcement learning. To cover for limited
information, multiagent models such as [50] propose ways to model stereotypes. Once
trust is evaluated, it is time for the agent to make a decision regarding its action [328].
Modelling all teammates’ trustworthiness for di�erent tasks can be used not only for an
arti�cial agent’s decision-making but also for team design.

1.3.2 Human-Machine Team Design
Shared Mental Models As we move through di�erent environments and interact with
objects and other agents, we develop internal representations of the world, known as mental
models [199]. An agent’s mental model provides the basis for understanding and predicting
the actions of other agents [196, 321], and is therefore closely linked to communication
and trust within teams [329, 335]. When team members share overlapping representations
of the task and the team, known as shared mental models, team performance improves [53,
104, 247]. Shared mental models capture key aspects of the task and the team, forming the
basis for understanding and predicting outcomes at both the task and team level, including
individual contributions [199, 247, 267, 385]. In human�machine teams, shared mental
models are especially important to ensure alignment in tasks, roles, interdependencies,
and strategies [335], and require adequate representation [199, 336]. Shared mental models
and their representation are used for Human-Machine Team Design, where the known
characteristics of the tasks and the teammates determine the possibilities for task allocation
and collaboration.

Interdependence Analysis Human-machine e�ective teamwork demands coordination
among humans and machines, along with the capacity to adjust and adapt to maintain
e�ective performance [417]. Team design’s goal is to support coordination by leveraging
the characteristics of the humans and machines involved, making the most of the possible
combinations and interdependencies. Johnson et al. (2014) [194] de�nes interdependence as
�the set of complementary relationships that two or more parties rely on to manage required
(hard) or opportunistic (soft) dependencies in joint activity.� In teams of one human and
one machine, tasks can be performed independently, with support from the other, or jointly
when both are required [194]. The design of human-machine teams involves de�ning
task requirements and creating decision tables across di�erent contexts [316]. Modern
frameworks emphasise the importance of human-centredness, ensuring that technology
supports human well-being, agency, and ethical considerations [39, 204]. Moreover, there
is a focus on designing these systems in a way that ensures meaningful human control
(MHC), i.e., passing the authority to the human when the context is morally sensitive [389].
However, dynamic delegation of authority is complex and requires a framework to balance
control and monitoring across tasks [316]. Analysing which factors enable particular
interdependencies is an essential �rst step in task selection and allocation, and can also
serve as a shared mental model. A key contribution is the Coactive Design Interdepen-
dence Analysis table [194], which helps designers match human and machine capabilities
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with the interdependencies most suitable for each subtask in the team’s mission. This
approach focusses mainly on one dimension of trustworthiness, namely capacity (related
to competence, performance, or ability) while leaving the others (such as willingness) aside.
Integrating the full trustworthiness framework could support more comprehensive and
informative team design and, consequently, task selection and allocation.

Task selection and allocation The MABA�MABA list (men-are-best-at, machines-are-
best-at) [134] highlights complementary strengths of humans and machines, and many
task allocation methods remain competence-driven to maximise performance, particularly
in manufacturing [51, 243, 410]. Since human competence varies with factors such as
fatigue or familiarity [242, 263], dynamic allocation methods are needed [17, 302, 409].
Motivation also plays a role: people weigh e�ort against reward [273], and consistently
assigning disliked tasks can reduce engagement [369], whereas aligning with personal
interests improves outcomes [176, 208]. Allowing users to in�uence allocation increases
autonomy and satisfaction [370, 371], and some methods aim to elicit or learn task pref-
erences [107, 427]. Azevedo-SÆ et al. (2021) and Ali et al. (2022) introduced the use of
arti�cial trust (AT) for optimal task allocation [16, 25]. Although this method focusses
on team members’ capabilities, the algorithms presented in these papers suggest that
trustworthiness dimensions, including willingness, could be used for task allocation and
selection algorithms. Enabling machines to perform tasks when humans lack competence
or willingness complicates scheduling, as optimisation cannot be based solely on minimal
cost [288]. Instead, thresholds and objectives (such as satisfaction, risk, or performance), as
well as the weight of each criteria (such as competence and willingness), must be de�ned,
ideally through closed-loop communication with humans [259].

1.3.3 Communication
Closed-loop communication supports shared mental models and mutual trust among
teammates [329]. For mutual and appropriate trust, the agent should be transparent
and able to explain its decisions [418]. As a broader concept, communication is seen as
a central point in the human-AI team processes and a facilitator of shared knowledge
[424], supporting cognitive [137] and a�ective processes [335], while also improving job
satisfaction [147]. In particular, Explainable Arti�cial Intelligence (XAI) methods [20, 175]
can a�ect human trust and behaviour, and consequently team performance [397]. The
more authority (and autonomy) the arti�cial teammate has, the more communication
the human typically needs [81]. Explanations can be presented in text, audio, visuals, or
mixed modalities [12, 23, 425]. During human-agent collaboration, explanations need to
be generated, communicated and received [282]. Particularly, agents need to decide what
information to share and when [391, 424]. Furthermore, e�ective communication of failure
(or lower values of arti�cial trust) may also compromise trust relationships with the human
teammate (see, e.g., [106, 215, 216]). When using arti�cial trust to make decisions, the
agent should be able to appropriately communicate its trust model to the human teammate.

1.3.4 Task outcome
Decisions lead to actions (e.g., machine task execution) that have outcomes, such as success
and failure, as well as consequences for teammates and environments. The outcome of
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a machine’s action, as well as the perception of the agent’s mental model, in�uences the
human’s feelings towards the agent, including the (natural) trust in the agent and their
behaviour towards the agent [373]. Particularly, when the machine allocates tasks and the
team performs well, satisfaction with the outcome increases [5]. Literature also shows
that malfunction of the machine in a human-machine teamwork scenario a�ects human
teammate’s willingness to collaborate negatively [61], which can be moderated by the way
the mistake is communicated [215]. On the other hand, the trust the human has in the
arti�cial teammate can predict the next task outcome [170].

1.3.5 Multidisciplinary theory building
Several of the ideas presented in this dissertation involved constant iteration, from re�ning
ideas, to formalising de�nitions, and developing methodologies across disciplines, from
Computer Science to Organisational Psychology, and others. These required diving into
the literature of these di�erent disciplines and learning how to learn from social science
researchers, as a computer scientist and engineer. Working in a multidisciplinary �eld is
challenging, and we have learnt several lessons. For that reason, part of this dissertation is
dedicated to the dissection of this process, which is multidisciplinary theory building.

1.4 Outline
Figure 1.1 divides the driving mechanisms of human-machine teamwork and their related
components in three subgroups: the human-related, the team-related and the machine-
related components. Both the human and the machine present their trust, trustworthiness
and the behaviour that results of these. The team subgroup presents the three driving
mechanisms of e�ective teamwork: mutual appropriate trust, human-machine team design,
and communication. As discussed in Section 1.3, applying any of these driving mechanisms
poses several questions, motivating the sub-research questions explored in this dissertation.
These sub-questions are:

RQ.a How can we conceptualise arti�cial trust beliefs in human-agent teams?
RQ.b How can we assess the trustworthiness of a human teammate, given a task?
RQ.c How can we use the trustworthiness of teammates (human or arti�cial) for the

design of human-machine teamwork?
RQ.d How does using human willingness for task allocation a�ect human-machine

teamwork?
RQ.e How to build multidisciplinary theory for human-AI team trust?

This dissertation contains seven chapters: this current introduction (Chapter 1), �ve
content chapters (Chapter 2, 3, 4, 5 and 6), each focussing on a di�erent sub-question,
and a concluding chapter at the end (Chapter 7). An overview of chapters, corresponding
research questions, contributions, and evaluation methodologies can be found in Table 1.1.
The relationship between the chapter (and the respective research question) and its focus
in terms of concepts is represented in Figure 1.1 through an orange dashed line marked
with their respective number. The �nal concluding Chapter 7 includes a summary of this
dissertation’s scienti�c and societal contributions, implications, limitations, and future
directions.
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Table 1.1: Main contribution and approach used in each of the content chapters in this dissertation.

Chapter Contribution Approach

2 (RQ.a) Formal theoretical model of arti�cial trust
and taxonomy of contextual factors.

Theory building.

3 (RQ.b) Conceptual model for human trustworthi-
ness with empirical evaluation.

User study & data analysis.

4 (RQ.c) Framework for human-machine team de-
sign.

Focus group & data analysis.

5 (RQ.d) Empirical evaluation of willingness as a fac-
tor in task allocation.

User study & data analysis.

6 (RQ.e) Guidelines for multidisciplinary collabora-
tion.

Re�ections on experiences.

1.4.1 Chapter 2

RQ.a

How can we conceptualise arti�cial trust beliefs in human-agent teams?

Chapter 2 explores the concept of Arti�cial Trust (AT) and its role in decision-making
within human-machine teams. This chapter examines the conceptualisation and formalisa-
tion of arti�cial trust in human-agent teams. It argues that arti�cial agents need structured
beliefs about human trustworthiness to make informed decisions, such as task allocation,
o�ering assistance, or requesting help, and that formalising these beliefs is the �rst required
step. The chapter also explores how trust is context-dependent, i.e., the characteristics that
make a teammate reliable in one task may not apply in another. To address this, this chapter
presents a taxonomy of task and team characteristics that a�ect arti�cial trust modelling.
Furthermore, trust is also interdependent of other trust dynamics within a team, i.e., an
agent’s trust in one teammate can in�uence how other teammates trust. We situate arti�cial
trust modelling within human-agent teamwork, and re�ect on how it should be built taking
other trust and team dynamics into account. Finally, this chapter identi�es the steps and
challenges necessary to develop agents capable of making appropriate, context-sensitive,
trust-based decisions, highlighting the challenges of such path.

Contributions: (1) formalisation of arti�cial trust, (2) a taxonomy of task and team
characteristics that in�uence the modelling of arti�cial trust, (3) the conceptualisation of
arti�cial trust within a human-AI team, and (4) identi�cation of the steps and challenges
towards using arti�cial trust for decision-making.
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1.4.2 Chapter 3

RQ.b

How can we assess the trustworthiness of a human teammate given a task?

The organisational psychology literature tells us that what makes a human teammate
trustworthy to other humans is their ability, benevolence, and integrity [250]. On the other
hand, computer science tells us that arti�cial agents can form trust beliefs about other
arti�cial agents: through the assessment of teammates’ competence and willingness in
certain tasks [122]. However, we lack insight into how arti�cial agents can form trust beliefs
about human teammates. This includes determining which human internal characteristics
(known as krypta [126]) are essential to assess arti�cial trust, how these components can
be observed in human behaviour (referred to as manifesta [126]), and how they should be
weighed for a �nal trust assessment. With the goal of forming beliefs in competence and
willingness (inspired by multi-agent systems literature [57, 122]), we investigated which
human trustworthiness components from the ABI model (i.e., ability, benevolence, and
integrity) could be observable during teamwork.

To explore this, we conducted our �rst user study, which is presented in Chapter 3.
In this study, participants collaborated with two arti�cial teammates in a 2D grid-world.
Their task was to help agents collect items within a supermarket scenario. We system-
atically manipulated participants’ ability, benevolence, and integrity across conditions.
By analysing how participants’ behaviour changed under these conditions, we aimed at
identifying which human cues might be relevant for forming beliefs about competence
and willingness. However, this study highlighted a key challenge: translating abstract psy-
chological concepts, such as willingness, into observable behaviours is not straightforward.
So, instead of focusing solely on traditional trustworthiness dimensions, we leaned into
our �ndings: people’s actions seem driven by strategic decision-making or a cost-bene�t
analysis, related to their competence and willingness towards a task, rather than centralised
on their relationship with their teammate.

Contribution: (1) conceptual model of human trustworthiness in human-agent teams,
(2) explorative user study with four conditions, (3) Bayesian analysis of the user study’s
objective and subjective measures.

1.4.3 Chapter 4

RQ.c

How can we use the trustworthiness of the teammates (human or arti�cial) for the
design of human-machine teamwork?

The �ndings presented in Chapter 3 discouraged us from modelling human trustworthi-
ness for decision-making in human-machine teams using ability, benevolence, and integrity.
Instead, they encouraged us to adopt [122]’s abstraction of beliefs in human competence
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and willingness (where task preference can also be included). The next step was therefore
to model human trustworthiness as competence and willingness in speci�c tasks and to use
this as the basis for task allocation in human-machine teams. Johnson’s Coactive Design
[194] is a framework that supports task allocation by analysing team members’ capacities,
which we extended to �t our goal. Since capacity and competence are abstractions of
the same characteristics (i.e., skills, knowledge, ability), we renamed it competence and
added the dimensions of willingness and external factors. We present our extension, the
Interdependence and Trust Analysis (ITA) table, in Chapter 4. By including information on
contextual trustworthiness (i.e., a teammate’s competence and willingness toward a certain
task), ITA can better support the design of human-machine teams, as well as task allocation
and selection. To evaluate the table, we conducted two expert interviews and a focus
group involving a search and rescue scenario. ITA showed potential as a decision-making
tool and a communication bridge among human and machine teammates. Our �ndings
emphasise the need to de�ne tasks and roles based on agent characteristics and imply
that decision-making models should align with human-centred objectives. We believe
that the ITA framework may improve transparency, justi�cation, and interpretability in
decision-making, contributing to appropriate trust among teammates.

Contribution: (1) framework to design human-machine teamwork which takes into
account the team members’ competence and willingness, as well as possible context re-
strictions, and (2) dyadic interviews and focus group with experts that evaluated the table,
which is the main component of the framework.

1.4.4 Chapter 5

RQ.d

How does using human willingness for task allocation a�ect human-AI teamwork?

With the Interdependence and Trust Analysis framework, we had a good structure to
implement an agent’s decision-making from human trustworthiness assessments. However,
adding willingness (besides competence/capability/capacity) to task allocation turns it into
a multi-objective this optimization problem. In particular, one is met with the decision to
maximize either competence or willingness, or �nd something in-between. For example, if
teammate A is competent but not willing to do task 1, but teammate B is not competent
but willing, choosing who should be assigned such task presents a complex optimisation
problem. Furthermore, we do not know the e�ects of optimising for overall performance
(as in [16]) when compared to optimisation for human satisfaction, for example. From our
perspective, e�ective teamwork should not be solely about immediate performance. In fact,
disregarding human willingness in task allocation may increase short-term success but
could undermine future collaboration. Ultimately, we realised that we lack an understanding
of how considering willingness, particularly for task allocation, impacts the human-agent
relationships and the teamwork.

Furthermore, we were interested to see the impact of having a closed-loop communica-
tion in willingness-based task allocation. Allowing people to in�uence or participate in
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task allocation and decision-making can increase perceived autonomy, satisfaction, and
performance [26, 370, 371]. When the arti�cial teammate presents a willingness-based task
allocation plan, it may make a di�erence how much people feel the need to alter those
plans, when compared to other allocation plans. In fact, allowing people to change the
allocation plan freely may impact their relationship with the agent and their behaviour
during teamwork. As such, in Chapter 5, we present a 2x2 mixed design user study to
explore the e�ects of allocating tasks taking into account the human teammate’s willing-
ness. We ran another 2D grid-world experiment, where participants collaborated with
two di�erent virtual robots (at di�erent times) in a search and rescue scenario. One of the
virtual robots suggests a task allocation based on the participant’s expressed willingness,
while the other distributes them equally in terms of e�ort. Furthermore, the study presents
two between conditions: one where the human teammate can alter the task allocation,
and one where they cannot. We analysed the e�ects of willingness-based task allocation
and human input in the human’s performance, trust, and satisfaction. Our results suggest
that participants want their arti�cial teammates to take into account their preferences and
willingness, but only when the task is not critical. For critical and urgent tasks, participants
seem to prefer prioritising their involvement and overall e�ciency. These results suggest,
however, that willingness may play a stronger role in longer, less critical collaborations.
Furthermore, giving the chance to alter the task allocation plan seems to make participants
more proactive and engaged in the task.

Contribution: (1) 2x2 mixed design user study, (2) Bayesian analysis on the e�ects of
willingness-based task allocation and human input on human’s performance, trust and
satisfaction levels.

1.4.5 Chapter 6

RQ.e

How to build multidisciplinary theory for human-AI team trust?

All work presented in this dissertation was developed through multidisciplinary studies,
which resulted in multidisciplinary theories. This presented a series of challenges and
lessons learned, which are common to several other multidisciplinary research topics. As
such, we wrote a handbook chapter about multidisciplinary theory building for human-AI
team trust, which re�ects our own experience in collaborating with researchers from other
�elds. In this cchapter, we describe how our collaboration with organisational psychologists
emerged in a new multidisciplinary �eld. Throughout our collaborative process, we worked
to overcome limitations inherent in each of our disciplines and challenges in translating
concepts and methods between �elds. We accomplished this by providing theoretical and
mathematical de�nitions of trust components and o�ering a comprehensive analysis of
team trust dynamics in human-AI teams. By being sensitive to the di�erences between
disciplines, we seek to contribute and motivate the interdisciplinary investigation of human-
AI teamwork and trust. Moreover, we hope our multidisciplinary approach serves as a
model for future research initiatives that bridge two or more �elds of study.
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Contribution: guidelines for an e�ective multidisciplinary collaboration, with focus on
theory building.
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2
Defining Artificial Trust in

Human-Agent Teams

Mutual trust is a central element of teamwork, and in human-agent collaboration it has mainly
been studied in the direction where the human is the trustor and the arti�cial agent is the
trustee. This chapter addresses the challenge of enabling arti�cial agents to make trust-based
decisions by proposing a formalisation of arti�cial trust. We focus on dyadic human-agent
relationships as a starting point, and conceptualise trust as a belief in directed trustworthi-
ness. The framework speci�es how arti�cial agents can form and update beliefs about their
own trustworthiness and that of human teammates, using manifesta as observable cues of
underlying krypta. We present a taxonomy with the di�erent team and task characteristics
that can in�uence the choice of krypta and manifesta, based on the literature. Furthermore,
we discuss how such beliefs extend across individuals, dyads, and teams, and how they can
inform collaborative decisions such as task allocation, support provision, and risk management.
The chapter also outlines the methodological challenges of arti�cial trust formalisation and
implementation, including the lack of ground truth and the complexities of evaluating models
in user studies. Our aim is to provide a theoretically grounded basis for developing agents
that can reason about trust in ways that foster mutual appropriate trust, improve teamwork
e�ectiveness, and ensure safer collaboration.

This chapter is partly based on:
q Centeio Jorge, C., Mehrotra, S., Tielman, M. L., & Jonker, C. M. (2021). Trust should correspond to Trustworthiness: a
Formalization of Appropriate Mutual Trust in Human-Agent Teams. In Proceedings of the 22nd International Workshop
on Trust in Agent Societies (TRUST 2021): Co-located with the 20th International Conferences on Autonomous Agents
and Multiagent Systems (AAMAS 2021) (Vol. 3022). CEUR-WS. [70].
q Centeio Jorge, C., Tielman, M. L., & Jonker, C. M. (2022, March). Arti�cial trust as a tool in human-AI teams. In
2022 17th ACM/IEEE International Conference on Human-Robot Interaction (HRI) (pp. 1155-1157). IEEE. [72].
q Centeio Jorge, C., Jonker, C. M., & Tielman, M. L. (2023). Arti�cial trust for decision-making in human-AI
teamwork: Steps and challenges. In Proceedings of the Workshops at the Second International Conference on Hybrid
Human-Arti�cial Intelligence co-located with HHAI 2023 (Vol. 3456, pp. 150-156). CEUR-WS. [65]
q Centeio Jorge, C., van Zoelen, E. M., Verhagen, R., Mehrotra, S., Jonker, C. M., & Tielman, M. L. (2024). Appropriate
context-dependent arti�cial trust in human-machine teamwork. In Putting AI in the Critical Loop (pp. 41-60).
Academic Press. [200].
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2.1 Introduction
Arti�cial agents are increasingly able to perform tasks in daily life, including work environ-
ments, home assistance, battle�eld operations, and crisis response [232]. In such contexts,
humans and arti�cial agents must cooperate, coordinate, and collaborate [111, 194], form-
ing human-agent teams. A key requirement for e�ective teamwork is mutual trust [329], as
the trust teammates place in one another shapes both actions and overall team performance
[231]. This trust must then be appropriate, avoiding over-trust, which may cause accidents,
and under-trust, which may reduce e�ciency [294]. While most research has focused on
how to foster appropriate human trust in technology [261], it is equally important for
arti�cial agents to trust their human teammates appropriately. Such trust enables agents
to make better decisions about task allocation when, for example, some teammates may
be unreliable (e.g., they do not have the skills to do a certain task) [16]. To support this,
we �rst need a model of how agents should form beliefs about human trustworthiness in
collaborative scenarios. This chapter introduces a formalisation of the beliefs and concepts
underlying arti�cial trust in the context of human-agent teamwork.

Trust can be described as an expectation about another’s actions, based on perceptions of
internal characteristics such as ability, benevolence, or integrity [250]. Since these internal
characteristics are not directly observable, people infer trustworthiness from cues such
as verbal or non-verbal behaviour [392, 408]. For example, if someone is always punctual,
I may judge them as committed and therefore trust them in tasks where punctuality
matters, even though I cannot directly access their true level of commitment. Humans
rely on such qualitative judgements, but arti�cial agents ultimately operate on numerical
representations, whether explicitly de�ned or encoded in model parameters [171, 379].
Adopting an explicit and interpretable numerical structure, rather than leaving values
implicit in a model’s internals, supports transparency in how trust is computed and enables
others to understand or challenge the agent’s reasoning [30]. This means that for an
arti�cial agent to trust, it must compute trust values from relevant characteristics, which in
turn requires a clear speci�cation of what to model and how to learn it. Belief formalisation
provides this speci�cation: it allows the arti�cial agent to represent human characteristics
as beliefs, update them over time, and use them as the basis for trust-based decisions.
Multi-agent systems literature presents several computational trust models (see e.g., [50,
59, 87, 95, 124, 379]), which ours builds on, but they fail to directly address how to apply
these for arti�cial trust in humans for collaborative scenarios. Formalised models that can
be used for arti�cial trust in humans for collaborative scenarios are necessary for arti�cial
agents to maintain appropriate levels of trust and to act consistently and transparently in
human-agent teams.

In addition to belief-based approaches, other computational frameworks have been
proposed for modelling trust, from formal techniques to data-driven ones. Game-theoretic
models, for example, characterise trust as expectations of another agent’s actions in strategic
interactions, often based on payo�s, probabilities, and repeated play [129], while theory-
of-mind approaches aim to predict others’ behaviour by reasoning about their intentions
and higher-order beliefs [394], capturing aspects of willingness or cooperative intent. On
the other hand, bayesian and probabilistic models represent trust as a distribution over
possible behaviours that can be updated with new evidence, allowing dynamic adaptation
to observed actions or outcomes [82]. These approaches di�er from the belief-based
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formalisation used in this chapter, which explicitly represents trust as a belief about human
trustworthiness, integrating multiple dimensions such as competence and willingness.
Representing trust as a belief allows the agent to reason about unobserved characteristics,
update its estimates dynamically based on interaction outcomes, and make context-sensitive
decisions, rather than relying solely on predicted actions. Although out of the scope of
this chapter, game-theoretic, theory-of-mind, and Bayesian models could complement this
framework: theory-of-mind reasoning could inform the willingness component of the trust
belief, game-theoretic models could provide priors or estimates of likely behaviour, and
Bayesian approaches could support the updating of beliefs under uncertainty.

Trust is context-dependent [49, 360]. Following the example above, �nding a person
reliable in tasks where punctuality matters does not necessarily mean �nding them trust-
worthy for driving safely, as di�erent tasks require di�erent internal characteristics. This
means that the characteristics that make someone trustworthy in one situation may not
apply in another [16, 298]. Since trust can be understood as an overall belief in another’s
trustworthiness [42, 380, 422], arti�cial trust modelling should be context-sensitive. More-
over, trust involves two components: evaluation and decision [328]. The same level of trust
evaluation may lead to di�erent decisions depending on contextual characteristics, such
as risk [193]. For instance, in urgent situations, a lower level of evaluated trust may be
su�cient to act in a trusting way. Both the evaluation of trust and trust-based decisions
are therefore context-dependent [171, 333]. When modelling trust for an arti�cial agent,
the context must be taken into account to determine which beliefs are relevant, how they
can be perceived or measured in that situation, and how to make a decision.

In addition to considering the context, modelling arti�cial trust should be sensitive to
team dynamics. Arti�cial trust beliefs in�uence and are in�uenced by other trust beliefs
within the team [376, 404]. These beliefs can be considered at multiple levels, such as
individual (trust in or of a single teammate), dyadic (trust between pairs of teammates),
and team level (trust in the team as a whole). An agent’s trust in one teammate can
a�ect its evaluation of others, shaping task allocation, coordination, and overall team
performance [3, 328]. Similarly, how teammates perceive the arti�cial agent’s trust in them
and in others can alter their own trust and behaviour, creating a feedback loop that a�ects
team dynamics [154, 373]. Accounting for these interactions is, therefore, essential when
modelling arti�cial trust, as it determines not only how an agent forms beliefs but also
how those beliefs impact decisions and the team as a whole.

The primary goal of formalising and modelling arti�cial trust is to enable an arti�cial
agent to make informed decisions that account for the situational trustworthiness of
human teammates [363, 403]. Such decisions include task selection and allocation, as
well as whether to o�er assistance or request help. In the latter case, beliefs about trust
and trustworthiness guide the arti�cial agent in choosing the most appropriate human
teammate to approach [25]. Formalising these beliefs and incorporating context-dependent
characteristics and cues of trustworthiness represents only the �rst step. This chapter
concludes by outlining the subsequent steps needed to develop arti�cial agents capable of
making trust-based decisions appropriately and highlight the challenges that remain along
this path.

This chapter contributes to the conceptualisation of arti�cial trust beliefs in human-
agent teams by (1) formalising arti�cial trust, (2) presenting a taxonomy of task and team
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characteristics that in�uence the modelling of arti�cial trust, (3) conceptualizing arti�cial
trust within a human-agent team, and (4) identifying the steps and challenges towards using
arti�cial trust for decision-making. We begin by de�ning arti�cial trust in Section 2.2.1,
where we formalise trust as a belief in trustworthiness (Section 2.2.3), with a particular
focus on trust directed towards humans (Section 2.2.4), and discuss how this should be
contextualised (Section 2.3). We then examine the role of arti�cial trust in teams (Section
2.4) and, in Section 2.5, outline the steps required to enable trust-based decision-making
together with the main challenges it entails. The chapter closes with a conclusion in Section
2.6.

2.2 Artificially trusting human teammates
2.2.1 Defining Artificial Trust
In this dissertation, we are interested in studying how an arti�cial teammate can appro-
priately trust its human counterparts, in order to make informed decisions that lead to
e�ective teamwork. Although the concept of having arti�cial agents with the ability to
trust has been around for a while in multi-agent systems (e.g., [122, 123, 328]), only recently
has there been an interest for an arti�cial agent to trust a human (e.g., [364, 403]). Saying
that an arti�cial agent can be enabled to trust a human is controversial, since people are
highly sensitive to how others perceive their trustworthiness [353], and with good reason
fear that being classi�ed as untrustworthy may exclude them from opportunities such as
employment or loans [210]. Trust is a human concept, and while some researchers defend
it can be used in a human-AI relationship [37], others strongly disagree [324]. The latter
defend that trust cannot truly be modelled, and that arti�cial agent developers should
instead focus on terms such as expectation or reliability.

Potentially alleviating these worries, Azevedo-SÆ et al. (2021) [25] introduced the
term arti�cial trust as a trust relationship in which the trustor is an arti�cial agent. The
authors distinguish this concept from natural trust, i.e., a trusting relationship where the
trustor is a human, and open the road for an independent investigation of arti�cial trust,
where models and de�nitions of trust and trustworthiness, used on arti�cial agents do not
have to align with the existing theories from social sciences. Arti�cial trust follows the
de�nition of Kok and Soh (2020), which states that �given a trustor agent A and a trustee
agent B, A’s trust in B is a multidimensional latent variable that mediates the relationship
between events in the past and A’s subsequent choice of relying on B in an uncertain
environment� [25, 211], where latent means that it is not directly observable and instead
it is mathematically calculated from other variables. Arti�cial trust can be calculated
based on weighted contextually-relevant internal characteristics (the krypta) that can be
observable through behaviour (the manifesta). Departing from this notion, several works
have advanced research on arti�cial trust for human-AI teams, such as exploring how it
can be modelled [67], how it can be used for decision-making [49, 72] or task allocation
[16].

We distinguish arti�cial trust, i.e., the trust of an arti�cial trustor, from computational
trust. Computational trust can be de�ned as the formal modelling of trust beliefs and dy-
namics into algorithms, representing either natural or arti�cial trust [381]. Computational
trust models often collect information such as direct experiences, reputation, or recommen-
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dations to assess the trust or trustworthiness of agents, whether they represent individuals,
organisations, or arti�cial entities [42, 327, 422]. As seen in the previous paragraphs, when
these beliefs are used to translate trust, and the trustor is arti�cial, then we are talking
about arti�cial trust, otherwise it is the computation of natural trust, for instance for the
purpose of simulation or understanding humans. The computation of natural trust is the
basis for calibrating trust in teams that involve humans, and assessing team trust.

2.2.2 Artificial trust for driving a dual-mode vehicle: an
example

To illustrate why arti�cial trust in humans is necessary, consider the task of driving a car.
Inspired by Mecacci and Santoni de Sio [258], imagine a dual-mode vehicle that can be
driven either by a human or by an arti�cial agent. The default is that the human drives
according to the arti�cial agent’s instructions, but the arti�cial agent takes over if it detects
a dangerous situation. In this scenario, both sides need to make judgements about trust
and trustworthiness. Human trust in the competence and intentions of the arti�cial agent
in�uences whether they follow its guidance while driving [178]. At the same time, the
arti�cial agent needs to judge whether it can trust the human to act safely and responsibly.
This judgement determines when the arti�cial agent should intervene and take control.
The way a human behaves can also depend on how much they trust the arti�cial agent. For
example, if the human trusts the instructions of the arti�cial agent, they are more likely to
follow them carefully. This can improve the arti�cial agent’s perception of the human’s
trustworthiness in driving safely. This means that some dimensions of trustworthiness can
be in�uenced by trust itself. Thus, in collaborative contexts like driving, arti�cial agents
need to form arti�cial beliefs about human trust and trustworthiness, just as humans
naturally form such beliefs about agents.

2.2.3 Formalising trust as a belief of trustworthiness
To formalise arti�cial trust, we must �rst clarify what trust is and how it can be broken
down into components suitable for modelling. In this subsection, we de�ne trust as a belief
in another’s trustworthiness, expressed in the relation between a trustor and a trustee. We
then show how this formalisation can be applied to one of the best-known models of trust,
the ABI model [249], which explains how humans evaluate each other’s trustworthiness in
teamwork. Our aim is to outline how approaches from computer science and psychology
can be brought together.

In a dyadic relation between two cognitive agents [58] (arti�cial or human), trust involves
two parties, the trustor and the trustee, and an action (trusted by the trustor to the trustee)
that a�ects a goal (of the trustor) [59]. Trust and trustworthiness are two similar concepts,
which are related, but distinct from each other. While trustworthiness, the characteristic
that someone is to be trusted, is an inherent property of the trustee, trust is an attitude of
the trustor, which involves how the trustor perceives the trustee’s trustworthiness. This
implies that the trustor must have a �theory of the mind� (see e.g., [307, 395]) of the trustee,
which may include personality, shared values, morality, or goodwill [58]. Trust is an aspect
of relationships and, as such, can only be viewed in the context of individuals and their
relationships [341]. As an example, let us imagine that a cognitive agent y (arti�cial or
human) drives well and is trustworthy regarding driving tasks. For another cognitive agent
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x to trust agent y for a driving task, agent x has to believe that agent y is trustworthy for
this task. This corresponds to the concept that any changeable notion that an agent has
about the world is a belief that agent has. In this, we follow the Belief-Desire-Intention
(BDI) architecture for agents [311]. This being said, we propose that trust T of agent x in
agent y, is a belief of x (trustor), Bx , about y’s (trustee’s) trustworthiness, T Wy , meaning
that:

T .x;y/ = Bx.T Wy/ (1)

Accordingly, in order to understand trust, we �rst need to understand trustworthiness,
and secondly how beliefs about trustworthiness are formed. Trustworthiness is a complex
concept, and following the literature it can consist of a set of dimensions that range from the
trustee’s competence to its intentions [153]. How an entity can be considered trustworthy
is not a trivial question, and is context-dependent, as well as dependent on the nature of the
trustee [171, 333]. When considering human trustworthiness in organisational behaviour,
the Ability, Benevolence and Integrity (ABI ) model [250] is often employed. Similarly, other
dimensions of trust (perceived trustworthiness) in technology are Performance, Process and
Purpose [227], which are linked with the ABI model according to Lee & See [227]. When
talking of arti�cial agents and societies, for example, we can also consider factors such
as Willingness, Competence and Dependence to estimate the trustworthiness of another
cognitive agent [59]. This aligns with Dunin-Keplicz et al., where the authors describe
an agent’s recognition of another agent’s colaborative potential to be based on abilities,
opportunities and willingness [111]. From these di�erent models we can see that some
dimensions are mainly related to the task itself (e.g., competence, ability), while others
may be more dependent on the relationship or compatibility between the trustor and the
trustee (e.g., benevolence, purpose). This means that trustworthiness, or at least some of its
dimensions, can be dependent on the trustor, task, and external factors. External factors are
contextual conditions determining the situation in which the task is executed [127], such
as environmental con�guration, emotional state, workload, etc. Departing from expression
1, we de�ne an agent’s trust in another agent for a certain task (�) and environment (�) as:

T .x;y;�;�/ = Bx.T Wy;�;�.x// (2)

To showcase how we can use this formalisation, we can consider the ABI model [250],
where trustworthiness is de�ned as a construct of ability, benevolence, and integrity. The
authors de�ne Ability, Benevolence and Integrity as follows:

� Ability: Ability is that group of skills, competencies, and characteristics that enable
a party to have in�uence within some speci�c domain.

� Benevolence: Benevolence is the extent to which a trustee is believed want to do
good to the trustor, aside from an egocentric pro�t motive. Benevolence suggests
that the trustee has some attachment to the trustor.

� Integrity: The relationship between integrity and trust involves the trustor’s percep-
tion that the trustee adheres to a set of principles that the trustor �nds acceptable.

Adapting to our formalisation, we can consider the trustworthiness of the human to be
the weighted sum of their ability, integrity and benevolence towards a speci�ed task, in



2.2 Artificially trusting human teammates

2

21

a certain environment. We can see that although Ability depends only on the trustee,
both Benevolence and Integrity depend on both the trustor and the trustee. Even though
trustworthiness is a characteristic of a trustee, this characteristic will di�er per trustor.
Thus, modelling trust according to the ABI model [250] model can be formalised as:

Bx.T Wy.x;�;�// = W.�;�/ � [Bx.Aby.�;�// ; Bx.Beny.x;�;�/ ; Bx.Iy.x;�;�//] (3)

where W.�;�/ is a weight vector, which also depends on the task and priorities of the
environment. For example, while for some tasks and characteristics we may care more
about an agent’s ability (e.g., lifting a heavy rock), for others integrity may be the main
priority (e.g., making a morally sensitive decision).

2.2.4 Formalising the collaborative driving example
In Section 2.2.2, we present an example of a dual-mode vehicle where arti�cial trust can
enable the arti�cial agent to make better decisions. We have mentioned that in this context
we need to consider the trust of the human in the arti�cial agent and vice versa. As such,
using our formalisation for this scenario, we de�ne the trustworthiness of the arti�cial
agent a, given a human h, T Wa;�;�.h/, and the trustworthiness of the human h given an
arti�cial agent a, T Wh;�;�.a/. In practical terms, this means that the way the human is going
to follow the arti�cial agent’s instructions, may vary according to the arti�cial agent that
is helping (e.g., depending on whether the human relies on this particular arti�cial agent’s
knowledge/intelligence), the task (e.g., changing lanes), and the environment (e.g., foggy
weather). Moreover, we have the trust of the arti�cial agent in the human, meaning the
agent’s belief on human’s trustworthiness, T .a;h;�;�/ = Ba.T Wh;�;�.a// (from expression
2), and the trust of the human in the arti�cial agent, which is the human’s belief on the
arti�cial agent’s trustworthiness T .h;a;�;�/ = Bh.T Wa;�;�.h//. The trust of the arti�cial
agent in the human (T .a;h;�;�/) can be used by the arti�cial agent to, for example, predict
what the human will do if the arti�cial agent gives the human a driving instruction, e.g.,
�don’t change lanes now, there is a car coming and we may collide�.

In order to estimate Ba.T Wh;�;�.a//, we may also need the agent’s belief in human
trust in the agent, i.e., Ba.Bh.T Wa;�;�.h///, since some dimensions of trustworthiness
(such as benevolence) depend on trust [29]. For example, I may be more willing to help
someone I trust (e.g., my benevolence is higher towards that person) than someone I do not
trust. Following the example, for the agent to trust the human to follow an instruction, the
arti�cial teammate needs to be aware of how much the human trusts it (e.g., the human
relies on this particular arti�cial agent’s knowledge/intelligence).

To appropriately estimate whether an arti�cial agent can trust its human teammate
to follow an instruction, the arti�cial agent’s trust in the human should approximate the
actual human’s trustworthiness (e.g., to what actually the human can and/or wants to do),
i.e.,

T .a;h;�;�/ = Ba.T Wh;�;�.a// ÆBa.T Wh;�;�.a// ø T Wh;�;�.a/ (4)

which requires that the agent also accurately estimates the human trust in the agent,
Ba.Bh.T Wa;�;�.h/// ø T .h;a;�;�/. The human’s trust in the agent, on the other hand,
is the belief of the human in the agent’s trustworthiness, Bh.T Wa;�;�.h//, and should
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correspond to the agent’s actual trustworthiness (T Wa;�;�.h/), i.e.,

T .h;a;�;�/ = Bh.T Wa;�;�.h// ÆBh.T Wa;�;�.h// ø T Wa;�;�.h/ (5)

As such, trusting appropriately includes modelling trustworthiness for a speci�c the task
and environment, as one may trust another in a certain context but not in another, e.g., a
may appropriately trust h to drive a car (a believes that h can drive a car) but not to pilot a
plane (e.g., a believes that h can pilot a plane but h actually cannot).

2.3 Contextual characteristics affecting trust as-
sessment

The de�nition of trustworthiness varies across contexts, which raises the question of
how to formalise arti�cial trust in humans in terms of dimensions and cues. Choosing
which dimensions matter, and how they should be learnt, depends on the speci�c context
where the assessment is required. In practice, this involves identifying which internal
characteristics (krypta) are relevant for modelling trustworthiness in that use case, and
how strongly each should contribute to the trust belief. In this section, we re�ect on
which characteristics of the context, including task and team con�guration, may a�ect
the krypta the arti�cial agent should build to assess trustworthiness. In literature we can
�nd a taxonomy of the interactions in human-robot teams by Parashar et al. [300], which
comprehends characteristics of tasks and team con�guration. Departing from this work,
and making use of the illustrative examples it provides (Urban Search and Rescue and
Assembly Line) we have built a taxonomy that can be used to describe a situation when
an arti�cial agent needs to trust a human during human-machine teamwork, which can
be found in Figure 2.1. This taxonomy also includes certain concepts from inspirations in
other papers, such as set of stimuli and time from [128], workload from [281], lifespan from
[167] and nature and output from [128, 252, 415].

According to our interpretation, task characteristics comprise the basic information
required to distinguish one task from the other, such as type of output required, or the
expected time. On the other hand, team con�guration consists of the information regarding
the team that will execute the task or the set of tasks and their dynamics, e.g. the lifespan of
the team can be two months for a certain project, irrespective of the tasks and their time that
will be involved in the same project. Certain task and team con�guration characteristics
may not only impact the estimation of trustworthiness but also the decision to trust, i.e., to
engage in a trusting action. The decision on whether to engage in a trusting relationship
is dependent on the risk which that decision represents. It is important to note that the
decision on whether to engage on a trusting relationship may have risks for both positive
and negative decisions. This means that sometimes it may be riskier not to trust than to
trust.

Trust in a teammate is shaped by the characteristics of the task at hand. We start
with its Nature, distinguishing between cognitive and physical tasks. This distinction
a�ects both what is expected from teammates and how trust cues are interpreted. To make
task descriptions more actionable, we consider the Output, which should be concrete
and measurable, i.e., going beyond general categories like �management� to speci�cs like
�allocation of three tasks� [300]. Outputs also express complexity and required skills,
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which can be indicated using Bloom’s taxonomy verbs [38]. Workload re�ects how
demanding a task is, particularly in terms of cognitive load [281, 365]. Though subjective,
it helps compare tasks. Alongside this, Criticality captures the risk of failure or error,
with higher-risk tasks (e.g., in USAR) often requiring greater trust in integrity or ability
[250]. Closely tied to criticality is Time, or urgency, which in�uences trust decisions. In
time-sensitive scenarios, we may rely on teammates we would not otherwise trust if time
allowed for alternatives [192]. Lack of time can shift the balance of risk and force faster trust
commitments. Another factor is the Set of stimuli present in the task environment, such
as tools, people, or music [90]. These a�ect engagement and may in�uence perceptions
of willingness or competence, especially in human teammates. Planning,whether online,
o�ine, or hybrid, refers to how structured or improvised a task is. Trust assessments may
di�er between highly pre-planned environments and unpredictable ones like USAR. In
team contexts, Interdependence (none, soft, hard) refers to how much teammates rely
on each other [194]. Knowing someone’s actions a�ect yours may increase willingness to
trust, or highlight risk depending on the context. Finally, Consequence concerns what
follows from the task’s completion or failure. These can be functional (e.g., saving a life) or
social (e.g., building rapport), and in�uence which trust dimensions matter most. Tasks
can be categorised based on their risk-reward ratio (e.g., high-risk-high-reward), which in
turn a�ects trust considerations.

Team con�guration plays a central role in shaping how trust develops. One key factor
is the Lifespan of the team. Short-term teams, such as those formed during emergency
response operations, often rely on swift trust [414], since there is no time to assess traits
such as benevolence or integrity. In contrast, teams that work together over longer periods,
such as in manufacturing settings, allow for more gradual trust formation, making models
like ABI more applicable. The team’s Composition, whether involving only humans, only
machines, or a mix of both, in�uences how individuals are assessed and how trust in the
team as a whole forms [375]. This is closely related to Shared-Knowledge, which refers
to what information is available to whom. When all members share the same information,
trust may rely more on performance. If knowledge is distributed or only partially shared,
trust must also account for uncertainty and gaps [164, 198]. Spatial Distribution a�ects
how trustworthiness cues are perceived. Teams working in person can rely on richer
social signals than those working remotely. Remote and hybrid settings may reduce
feedback quality and increase ambiguity [15, 265, 359]. In human-robot teams, proximity
also changes how robots are perceived, especially when they display anthropomorphic
features [279]. Trust is further shaped by Role Hierarchy and Expertise Hierarchy.
Expectations vary depending on the position of the teammate. A coordinator may be
expected to show more integrity than a task-focused member [350]. Hierarchies can also
a�ect trust indirectly, as individuals may base their judgement on how others express trust,
a phenomenon known as trust transitivity [179]. Finally, Communication is essential
to building and maintaining trust. Whether direct, mediated, or based on environmental
cues, communication shapes what is shared and how team members build mental models
of each other [329].

The taxonomy is proposed as a tool to choose not only which krypta to formalise, but
also the relevant cues (i.e., the manifesta) that enable the arti�cial agent to form the beliefs
of trustworthiness. For example, if I choose that the right krypta is ABI , then I need to
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Figure 2.1: Taxonomy to characterise situations for which an arti�cial agent needs to assess trust in human-
machine teams. Characteristics of Task and Team Con�guration in�uence Trustworthiness’s components of
Krypta and Manifesta. The assessed trustworthiness will contribute to the decision on whether to engage on a
trusting action (trust decision) after a risk evaluation (perceived risk).

decide what can inform the arti�cial agent regarding the ability, benevolence, and integrity
within the context. In our formalisation, we do not separate the selection of krypta and
manifesta. Instead, we are assuming the arti�cial agent has a set of cues that are associated
with the di�erent characteristics and, as such, when the krypta is decided, the manifesta is
decided too. Certainly, the available cues are also dependent on the task and environment,
as well as on the capacities of the trustor arti�cial agent, but that is out of the scope of this
chapter.

2.4 Artificial trust’s role in the team
Previously in this chapter, we already mentioned how arti�cial trust in the human teammate
may be in�uenced by the human trust in the arti�cial teammate. Similarly, the human’s
trust in the arti�cial teammate may be in�uenced in their perception of how much they’re
being trusted by the arti�cial teammate. Imagine that a human is collaborating with a robot
and they believe the robot does not trust them. This will likely a�ect the way the human
is collaborative with the robot, which decreases human trustworthiness in that context
[61]. Trust beliefs that occur in a dyadic human-agent collaboration are then nested and
hard to isolate. Figure 2.2 shows these beliefs, all of which originate in trying to assess the
trustworthiness of a teammate.

Through this conception of nested beliefs, we can also theoretically calibrate the
human’s trust in the arti�cial agent in order to make it appropriate. Following our for-
malisation, this means that we calibrate the human’s trust in the arti�cial agent, i.e.,
T .h;a;�;�/, by manipulating how T Wa;�;�.h/ is presented. This means that if the arti�cial
agent is aware of its own trustworthiness, meaning that if the arti�cial agent’s belief in
arti�cial agent’s trustworthiness is a good approximation to the actual arti�cial agent’s
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Figure 2.2: Trust and trustworthiness beliefs in a human-agent dyadic collaboration, where T stands for trust,
T W for trustworthiness, � for task, and � for environmental context.

trustworthiness, i.e.,
Ba.T Wa;�;�.h// ø T Wa;�;�.h/ (6)

then the agent may be able to alter its own trustworthiness (or simply how it lets
the human perceive it) and, consequently, calibrate human’s trust. Through actions, the
arti�cial agent should try to minimise the di�erence between the human’s perception of
the agent’s trustworthiness and its perception of its own trustworthiness, i.e.,

min óóóBa.Bh.T Wa;�;�.h/// *Ba.T Wa;�;�.h//óóó (7)

In our example with the dual-mode vehicle, the arti�cial agent might understand that it is
not being perceived as intelligent, and start justifying its instructions, possibly leading the
human to trust it more.

So far, we have focused on dyads, interactions between just two entities, such as a human
and an arti�cial agent. However, teams often include more than two members. In human-
agent teams, both humans and AI agents can act as trustors and trustees. Beyond individuals,
dyads and the team as a whole can also be treated as entities in trust relationships. For
instance, the trust I place in a person for a task may di�er from the trust I place in our dyad
for the same task. One can also develop trust in a dyad in which they are not a member,
with that trust in�uenced by the perceived trust each member of the dyad has in the other,
as well as by one’s own belief in the individual trustworthiness of the members of the dyad.
Similarly, when the team is more than two individuals, trust can develop at the team level
[144]. Any of these entities, i.e., individuals, dyads, or the team, can act as either trustees,
or trustors [376]. Trust and trustworthiness beliefs (as in Figure 2.2) involving dyads or
the team represent an aggregation of beliefs concerning the constituent members. These
beliefs, whether at the individual, dyadic, or team level, could in�uence one another and
the overall team performance [256, 376]. Although Figure 2.2 only presents how beliefs
of trust and trustworthiness are easily nested between two members of a team, similar
dynamics happen when the trustor and/or trustee are dyads or the team. Consequently,
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when developing arti�cial trust models, it is important to consider the potential impacts
across all layers of the human-agent team.

Enabling arti�cial teammates to form beliefs about the trust and trustworthiness of
both their partners and themselves could support more informed decision-making [49].
When an agent can accurately identify the most trustworthy entity for a task, it can choose
to take the lead, request assistance, or delegate appropriately, improving task selection and
allocation (see e.g., [16, 25]). Likewise, arti�cial agents must recognise that the outcomes
of their trust-based decisions, and the way these decisions are communicated, in�uence
their human teammates and, ultimately, the performance of the team.

2.5 Discussion
Formalising arti�cial trust (AT) in human teammates is the �rst step towards enabling
trust-based decision-making in human-agent teams. The purpose of appropriate trust is
to support decisions that enhance teamwork e�ectiveness. Figure 2.3 outlines the goal
architecture for trust-based decision-making. A human provides manifesta (behavioural
cues) that re�ect underlying krypta (human characteristics) [28, 127]. The arti�cial agent
can interpret these manifesta, together with environmental factors that provide context, to
build hybrid trust beliefs using both data-driven and knowledge-based approaches [109].
When aggregating these beliefs, the agent should be able to predict aspects of human
behaviour and use this to guide its decisions. The outcomes of these actions should then
feed back into the agent’s trust model for continuous updating. This chapter focuses on
the formalisation of the trust beliefs underlying the arti�cial trust model, while further
steps involve selecting the appropriate belief system for each context, constructing and
updating the necessary beliefs, and applying them in decision-making.

2.5.1 Future steps towards AT-based decision-making
In this subsection, we propose a set of steps towards modelling arti�cial trust for an arti�cial
teammates’ decision-making:

1. Investigating the human krypta towards an arti�cial teammate. This includes exploring
which internal characteristics (the krypta) constitute human trustworthiness in
human-agent teams.

2. Investigating the manifesta of human teammate’s trustworthiness towards an arti�cial
teammate. This step is about investigating how the krypta’s dimensions can be
observed (the manifesta) before or during human-agent interaction in order to assess
trustworthiness in a certain task. For each component chosen for the arti�cial trust
(AT) model, we need to choose measures and metrics suited to the task, agent’s em-
bodiment and environment. Although there is limited research on how to recognise
speci�cally AT based on human behaviour, we can �nd research on detection of
intentions [401], natural trust [9, 151], and overall teamwork-related metrics, such
as performance and completeness of task [61, 396].

3. Using arti�cial trust (AT) to make decisions. Once it is established which set of beliefs
apply to a given scenario and how they can be formed from the available inputs, the
arti�cial agent can make decisions (see e.g., [16, 25]). These may concern which task
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Figure 2.3: Overview of the model of arti�cial trust for decision-making. The AI system can observe the human
teammate and, by estimating their features, model arti�cial trust in a hybrid way, i.e., using both knowledge and
data-driven techniques. With beliefs of arti�cial trust, the AI system can estimate human behaviour and make a
decision. Finally, it can update its model with the consequences of such decisions.

to take on next, how much support to provide to a teammate, or whether to request
help and, if so, from whom. From the range of possible choices, the agent must weigh
the trustworthiness characteristics to derive a �nal trustworthiness value for the
situation. When illustrating how this formalisation can be applied to a particular
krypta, we also present a set of weights that must be de�ned to construct the �nal
trust belief. Even if individual trustworthiness is known, methods are still needed to
estimate the trustworthiness of di�erent collaborations for di�erent tasks, at a given
time, which may depend on additional factors such as workload, not addressed in
this chapter. For instance, deciding whether a human or a machine should perform a
task when both are equally trustworthy requires consideration of such factors.

4. Updating arti�cial trust based on interaction given a context. As the agent interacts
with the human as a team, and makes decisions based on its AT model, there are
consequences of these decisions (for example if the task was successful or not), which
then should feed the model [193]. Trust is dynamic [179], and an arti�cial teammate
should be able to constantly update its trust values throughout the interaction. For
example, by integrating existing models such as [16, 49].

5. Communicating arti�cial trust and trust-based decision-making. For mutual and ap-
propriate trust to work, the agent should be transparent, and able to explain its
decisions [418]. Explanations in human-machine teams can change human trust and
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behaviour, and consequently team performance [397]. However, e�ective commu-
nication strategies to negotiate collaborative failures (or lower values of arti�cial
trust) may compromise the trust relationships with the human teammate (see, e.g.
[106]). As such, a step which is parallel to all the others is �nding appropriate ways
to communicate with human teammates throughout trust formation, updates, and
decision-making. This includes making sure that there are enough feedback channels
to guarantee that the human has meaningful control at all times [331].

The formalisation introduced in this chapter is intended to make explicit the com-
putational relationship between perceived cues, inferred trustworthiness, and trust as a
belief. Establishing these relationships is a necessary step before investigating how such
beliefs can be formed, updated, and used in decision-making, which is the focus of the
subsequent chapters. As a consequence, the remainder of this dissertation does not explore
this formalisation further. Future work could build on this foundation by extending the
formalism into a fully axiomatic or semantically grounded framework, as in [189].

2.5.2 Challenges of AT-based decision-making
Although the steps towards developing an arti�cial-trust-based decision-making model
are de�ned, they raise several methodological challenges. Two of the most pressing issues
are the lack of data to construct both theoretically sound and robust models and, closely
related, the absence of systematic methods to evaluate arti�cial trust (AT) models. More
broadly, both the design and evaluation of trust models face theoretical and methodological
issues, particularly the di�culty of exploring complex real-world scenarios under controlled
experimental conditions [46, 91].

The central challenge is the absence of ground truth for human trustworthiness. With-
out an objective reference, it is di�cult to validate arti�cial trust models, including the
formalisation presented in this chapter. The proposed objective trustworthiness measures,
often based on manifesta as proxies for krypta, cannot be proven correct because there
is nothing to compare them with. This introduces the risk of self-ful�lling prophecies:
researchers may de�ne trustworthiness in a given context, select measures, and design
studies in a way that reinforces their own assumptions. Attempts to compare such mea-
sures with humans’ self-perceptions of their trustworthiness fall short, as perceptions may
deviate signi�cantly from actual behaviour. Focussing on how this challenge a�ects the
very �rst step of modelling, i.e., the formalisation presented in this chapter, one possible
workaround is the development of metrics and baselines that allow relative, rather than
absolute, evaluation. The baseline models can be models that, for example, always choose
the same value of trust for all users and/or tasks, and then compare the di�erences in �nal
performance or other evaluation metrics.

Evaluating AT models also requires user studies with human teammates, which presents
its own di�culties. A major challenge lies in task design. The task serves as a platform to
investigate multiple aspects of trust and collaboration, but no single task can capture all
dimensions. In addition, an e�ective study design must ensure that participants recognise
the collaborative nature of the setting. If this is neglected, participants may prioritise task
completion over interaction, producing results that diverge from real-world teamwork. For
instance, providing background stories about the AI system or its relationship with the
human may not su�ce if these are not embedded in the task itself, as participants may
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disregard such contextual information. To address this, we used visual representations of
teamwork and interdependencies, aiming to help participants understand the collaborative
role of the AI agent and the possibility of teaming up with it.

2.6 Conclusion
In this chapter, we introduced a formalisation of appropriate mutual trust in dyadic human-
agent teamwork as a foundation for trust-based decision-making. We argued that arti�cial
agents must be able to form and update beliefs about both trust and trustworthiness, their
own as well as that of their human teammates, in order to support e�ective collaboration.
By de�ning trust as a belief in directed trustworthiness, we showed how such beliefs
can be applied to individuals, dyads, and teams, and how they contribute to the decision-
making process. We outline the following steps to model arti�cial trust and re�ect on the
methodological challenges involved in constructing and evaluating such models. Ultimately,
enabling agents to reason about trust and trustworthiness allows them not only to select
more appropriate actions, such as task delegation and risk management, but also to calibrate
their own trustworthiness in ways that promote appropriate human trust. This in turn
supports safer, more e�ective and more balanced teamwork between humans and arti�cial
agents.
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3
Exploring Cues of Human

Trustworthiness for
Artificial Trust Beliefs

In teams composed of humans, we use trust in others to make decisions, such as what to do
next, who to help and who to ask for help. When a team member is arti�cial, they should
also be able to assess whether a human teammate is trustworthy for a certain task. We see
trustworthiness as the combination of (1) whether someone will do a task and (2) whether
they can do it. With building beliefs in trustworthiness as an ultimate goal, we explore which
internal factors (krypta) of the human may play a role (e.g. ability, benevolence and integrity)
in determining trustworthiness, according to existing literature. Furthermore, we investigate
which observable metrics (manifesta) an agent may take into account as cues for the human
teammate’s krypta in an online 2D grid-world experiment (n=54). Results suggest that cues
of ability, benevolence and integrity in�uence trustworthiness. However, we observed that
trustworthiness is mainly in�uenced by human’s playing strategy and cost-bene�t analysis,
which deserves further investigation. This is a �rst step towards building informed beliefs of
human trustworthiness in human-AI teamwork.

This chapter was published as follows:
q Centeio Jorge, C., Jonker, C. M., & Tielman, M. L. (2024). How should an AI trust its human teammates? Exploring
possible cues of arti�cial trust. ACM Transactions on Interactive Intelligent Systems, 14(1) [68].
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3.1 Introduction
Arti�cial agents are becoming more intelligent and able to execute relevant tasks for
our daily lives, including in work environments, home assistance, battle�eld and crisis
response [232]. This holds for chat-based agents, intelligent virtual agents and even robots.
These tasks should complement human’s sensory and cognitive abilities. For example, an
intelligent agent can quickly process large quantities of data, but it may require a human
to make ethical decisions. In these cases, humans and intelligent agents should learn to
cooperate, coordinate and collaborate with people, forming human-AI teams (also called
human-agent, human-automation or human-machine teams). Humans make use of trust
in each other (as well as trust in themselves) to make decisions and achieve e�ective
teamwork, through communication and shared mental models [329]. For example, how
I trust someone for a certain task, e.g., drive a car, will a�ect how I behave, e.g., I may
accept a ride or suggest I drive instead. Similarly, we proposed in previous works [71]
that AI teammates could make use of the human notion of trust to make decisions in
human-AI teams, e.g., acting towards the team’s goal and risk mitigation. For the AI to be
able to form beliefs of arti�cial trust1 in human teammates, we need to �rst study which
characteristics make a human teammate trustworthy towards an AI teammate and how
these characteristics can be perceived by the AI, as this is not present in literature to the
best of authors’ knowledge. To try to close this gap in literature, we suggest in Centeio
Jorge et al. (2022) [73] which characteristics may form this trustworthiness and how these
can be observed. This paper extends this work by exploring how these metrics can actually
be used in an online experiment involving humans teaming up with arti�cial agents.

Using notions of trust for arti�cial agents is in fact not new for Multi-Agent System
(MAS), where arti�cial trust has been used among arti�cial agents for decision-making,
see e.g. [122, 328, 380]. However, we would like to similarly use arti�cial trust to enable
AI teammates to delegate or decide how to rely on their human teammates, taking into
account the team’s goal and possible risks. In particular, arti�cial trust should help the AI
teammate know (1) whether a human teammate could do a certain task and (2) whether
they would actually do that task. Although arti�cial teammates are developed by humans
and tailored to our needs, it is impossible to prepare them for all of their possible teammates
and situations. Furthermore, people change with time and an arti�cial agent should be able
to adapt throughout interactions. As such, arti�cial teammates should have the capacity to
observe their human teammates and build beliefs regarding their trustworthiness, which
will allow them to assist better. More speci�cally, the agent would be able to decide when
to rely on someone and act accordingly, e.g. by helping the human or deciding on task
allocation, mitigating the risks and ensuring the team’s goal is reached [52]. We see reliance
as the resulting behaviour of arti�cial trust evaluation, whereas arti�cial trust is a construct,
i.e., a model composed of several aspects. Besides knowing the result of arti�cial trust
evaluation (and, consequently, reliance), knowing which aspects constitute trust, i.e., by
knowing why someone is or not trustworthy for a certain task, also contributes to better
decisions and may improve the interaction between the human and the agent.

We approach arti�cial trust from a functional perspective, in which trust is a relational

1We use the term arti�cial trust as in Azevedo-SÆ et al. (2021) to refer to AI’s computation of trust in other agents
or humans. We recognize that an agent’s computational assessment of someone’s trust di�ers from the human
phenomenon of trust [25].



3.1 Introduction

3

33

construct between the trustor x , the trustee y, about a de�ned (more or less specialized)
task (�), as in Falcone et al. (2013) [127]. More concretely, arti�cial trust of x in y is x’s belief
about y’s trustworthiness [71]. Literature so far explores how arti�cial agents can form
beliefs regarding other arti�cial agent’s trustworthiness, but not how they can form these
beliefs regarding a human teammate. Thus, what makes a human trustworthy (towards AI)
in a human-AI team setting, and how could an arti�cial agent observe it, given a speci�c
task? We are presented with a large gap in the literature since:

1. There is no theory of what human’s trustworthiness towards an arti�cial teammate
is (i.e., what are the aspects of the construct) from social sciences’ perspective.

2. There is, consequently, little to no research regarding how these aspects that may
compose this trustworthiness manifest (i.e., behavioural cues).

3. No research has shown how this observable behaviour could be used for the formation
of arti�cial beliefs regarding human’s trustworthiness in a speci�c context and how
these can be used.

As such, in this paper we take a step towards answering these questions by exploring how
manifested (i.e., observable) behaviour could be used to establish di�erent aspects of a
human’s trustworthiness, and how those relate to self-reported trustworthiness and overall
success metrics. We depart from theories both in social sciences and multi-agent systems
and investigate them through an experiment where 54 participants collaborated with simple
arti�cial agents by collecting products from a supermarket in a 2D grid world (inspired
by search and retrieve task, such as Blocks World for Teams [195] experiments). During
the experiment, we collected logs of participant’s behaviour as agent observations, and
self-reported measures regarding participant’s trustworthiness and goals in the experiment.

This work contributes by:

1. Theoretically exploring through a multidisciplinary perspective:

(a) How an arti�cial agent could break down a trustworthiness belief into di�erent
aspects (partly presented in conceptual model from Centeio Jorge et al. (2022)
[73]);

(b) How such an agent could form beliefs of these aspects regarding human’s
trustworthiness through observations;

2. Presenting an experiment design which empirically explores how these aspects could
be observed and how they relate to each-other given a speci�c task and scenario;

3. Analysing through Bayesian statistics how these observations relate with overall
success measures and human’s self-reported trustworthiness;

4. Reporting important transversal methodological challenges that may a�ect the study
of such question;

5. Relating these �ndings with human strategy to determine the next steps in allowing
an arti�cial agent to form trust in human teammates.
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The rest of this paper is organized as follows: in Section 3.2 we explore the literature and
concepts behind our model, then explain the experiment design in Section 3.3, and the
results in Section 3.4. We then discuss the results in Section 3.5, summarizing the model in
Section 3.3, and �nally conclude in Section 3.6.

3.2 Aspects of Artificial Trust
Most research on human-machine interaction has focused on how humans trust arti�cial
agents, see e.g., [141, 188, 215, 231, 262, 277, 404] and not vice versa. However, there is some
work in this direction, for instance how an arti�cial agent can detect whether a human
is being trustworthy, based on episodic memory [403], i.e. based on how many times the
human was reliable in the past, and on social cues from video of a human interacting
with a robot [363]. Also, [25] has proposed a model to predict how much humans can be
trusted to execute a task, in human-robot teams, focusing only on a human’s capabilities.
None of these works has tried to deconstruct human trustworthiness, however, but rather
looked at it as a simple metric, and mainly focusing on performance. Instead, we propose
that we should take several dimensions into account when determining trustworthiness.
By learning the mental model of the human teammates, we believe the agent is better
equipped to make informed choices, mitigating risks and eliciting appropriate trust while
still assessing trustworthiness. In this section, we present the theory behind our proposed
mental model of human trustworthiness in human-AI teams (in Figure 3.1). This theory is
based on existing concepts within the literature.

We start by exploring how arti�cial agents could use arti�cial trust, from a computa-
tional perspective. [122] proposes that arti�cial trust can be deconstructed in two beliefs
regarding trustee’s trustworthiness, i.e. competence belief, and willingness belief. The com-
petence belief re�ects an evaluation of the trustee’s abilities, meaning that the trustee
can produce the expected results (i.e. can perform an action as expected). On the other
hand, the willingness belief translates to whether the trustor believes the trustee will do
the task (independently of competence belief). These beliefs may be a�ected by external
factors like opportunities and interferences [122], which can be part of activity context and
process [192, 227].

As we do not know how humans manifest willingness and competence directly (will-
ingness is particularly di�cult), we start by exploring which internal features makes the
human more or less trustworthy, and how these could be observed through behaviour. We
follow [127], who propose that trust beliefs are formed from the observable behaviour of
an agent, the manifesta, which are signals that indicate certain internal features, the krypta
(inspired by [28]). In Section 3.2.1 we establish which krypta to use based on human-human
trust models, and in Section 3.2.1 we propose how to observe these in a human-AI teamwork
scenario.

We also explore which factors are important in human’s strategy in Section 3.2.2.
Factors such as preference and perceived risk are often mentioned as elements that a�ect
decision-making in general [192, 250]. We claim that some of these factors form human
strategy. Strategy is mainly related to the goal, the task, and the consequence of taking the
task. It also plays a role in the decision-making of the trustee, determining whether a task
will be performed, thereby a�ecting the trustee’s trustworthiness.
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Figure 3.1: Krypta and manifesta of human trustworthiness in human-AI teams, part of conceptual model
previously presented in Centeio Jorge et al. (2022) [73].

In the following sections, we explore the relationships between manifesta, krypta and
strategy.

3.2.1 Human trustworthiness
Krypta
Krypta is the set of internal features of an agent [28] that make them more or less trustwor-
thy. When transferring these notions to humans, we base our human krypta on the ABI
model of trust [250], which has been widely used to study trustworthiness in organizational
psychology. Although we do not know if this is the adequate krypta for human trustwor-
thiness in human-AI teams, this is the closest we �nd in literature. ABI says that human
trustworthiness depends on their internal features of ability, benevolence and integrity. The
authors de�ne trust as �the willingness of a party to be vulnerable to the actions of another
party based on the expectation that the other will perform a particular action important to the
trustor, irrespective of the ability to monitor or control that other party" (p. 712). In this model
of trust, trustworthiness is de�ned as �the extent to which an actor has the ability to execute
relevant tasks, demonstrates integrity, and is benevolent towards fellow team members" [404]
(p. 461). Furthermore, these are the de�nitions of ability, benevolence and integrity that
can be found in Mayer et al. (1995) [250]:

� �Ability is that group of skills, competencies, and characteristics that enable a party
to have in�uence within some speci�c domain." (p. 717)

� �Benevolence is the extent to which a trustee is believed to want to do good to the
trustor, aside from an egocentric pro�t motive. Benevolence suggests that the trustee
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has some speci�c attachment to the trustor." (p. 718)

� �The relationship between integrity and trust involves the trustor’s perception that
the trustee adheres to a set of principles that the trustor �nds acceptable." (p. 719)

Comparing with the de�nitions of competence and willingness from Falcone et al. (2004)
[122], we can associate ability with competence, and all three (ability, benevolence and
integrity) with willingness. The next and �nal step of building our mental model is to
explore ways of building a manifesta, i.e. behaviours which can give us cues to the krypta,
from the literature.

Manifesta
We looked into literature to �nd possible ways of observing ability, benevolence and
integrity, so that we can have cues of the human krypta, and �nally form beliefs regarding
human’s trustworthiness (i.e. willingness and competence).

Ability in the context of human teams can be observed in how successfully a task is
performed (e.g. based on time or score of some kind), how much e�ort was put to do a task
well, by continuously working thoroughly and accurately, and also in how appropriately
the tools (such as technology) were used [45].

Benevolence can take its time to meaningfully develop [250], since it is connected to
the relationship between the trustor and trustee. This makes the process of observing it
in �rst-time interactions hard. In multi-agent systems, a benevolent agent is the agent
that accepts the requests of other agents, i.e. the one that voluntarily helps another agent,
without this serving or harming its own goal [238, 266]. We can then observe it through
task support, i.e. when a teammate helps another by helping or completing a task [45].
Benevolence is then intertwined with the personal relationship between the trustor and
the trustee, i.e. it has to do with the speci�c altruistic attitude of the trustee regarding a
certain trustor.

Integrity, �nally, is by de�nition related to values and moral principles. These principles
can be such as honesty, truthfulness, sincerity, fairness, and ability to keep commitments
(i.e. reliability, dependability) [255, 299]. As such, we can observe it through credible
communications, a strong sense of justice, consistency of word and action, and availability
[7, 45, 250]. It di�ers from benevolence, since it is related to general principles and values of
the trustee, rather than trustee’s attitude towards the particular trustor. However, depending
on the literature, there are traits that are sometimes associated with benevolence and other
times with integrity, which is the case of commitment and availability, for example. In fact,
[322] presented a schema in which both availability and commitment are considered to be
an antecedent of benevolence.

3.2.2 Strategy
Krypta
During our pilot studies we could observe that participants might be following a strategy,
i.e., to select their perceived advantageous alternatives from the beginning and persist
on these lines of options [43]. However, what is advantageous for one participant might
not be for another. In fact, human decision-making is in�uenced by explicitness of posi-
tive and negative consequences as well as the directness of probabilities for reward and
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punishment [43]. Although this is not the main focus of this study, we believe it should
still be addressed. For this reason, we can see in Figure 3.1 a block for strategy, where
perceived cost and perceived bene�t are addressed as the main krypta factors, not directly
observable. Perceived cost-bene�t is a�ected by several factors, including goals, motivation,
engagement, perceived risk, perceived e�ort, di�culty, time, utility, and overall cognitive
characteristics [224, 293, 337]. Overall, what is e�ort and how a certain e�ort is rewarding
to us depends on our characteristics (krypta) [184] (e.g. a person with good photographic
memory may �nd it e�ortless to collect a new product).

Manifesta
How an agent can observe the perceived cost and perceived bene�t is still an open question,
as well as the relationship with the three trustworthiness dimensions. We do speculate,
however, that the agent might be able to calculate perceived e�ort, engagement and reward,
through observation of repeated human behaviour (see e.g. [116, 205, 291]. How the
strategy can be observed will not be the focus of the design of the experiment, but it will
be further explored in the discussion (Section 3.5).

3.2.3 Summary
In this section we explored the theory that indicates how we can measure ability, benev-
olence and integrity. However, we still need to investigate how these can be in practice
applied to human-AI teamwork and how they should manifest. In particular, we aim at
�lling the gap in the literature by exploring how to observe trustworthiness’s dimensions
from humans, in human-AI teamwork. We hypothesise that an agent can build trustwor-
thiness beliefs of a human teammate’s ability, benevolence and integrity (the krypta) based
on observations of human behaviour (the manifesta). Because it is challenging to compare
our observations to a ground truth (if we could understand trustworthiness perfectly it
would not be a challenge for an agent either), we cannot prove our hypothesis. However,
we can and will explore how our observations relate to self-reported trustworthiness and
general metrics of success (which are direct consequences of trustworthiness). We do not
claim that people have a perfect perception of their own trustworthiness, but rather are
interested in exploring the relationships between self-reported and observed behaviour.
Besides this main focus of our paper, we want to also investigate which other factors, part
of human’s strategy, might in�uence decision-making in this setting.

3.3 Method
We have conducted an experiment to explore how an agent can form beliefs regarding
its human teammate’s trustworthiness. The goal of this experiment is to explore how
we can observe behaviour that is associated to ability, benevolence and integrity. This
experiment was done online, where participants accessed through their browser from their
homes, while on a call with the experimenter. We collected data through logs regarding
the human’s observable behaviour (i.e. choices, performance, etc) that we relate to ability,
benevolence and integrity, as well as human’s self-reported (subjective) metrics regarding
their own ability, benevolence, and integrity during the experiment.
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3.3.1 Participants
This research received ethical approval from the TU Delft HREC, nr 1672. Fifty-four
participants were recruited using the authors’ personal networks and, in some cases,
participants recruited further participants. The most frequent age group was 25-34 (42
participants) and ages were between 18 and 54 years old. Two-thirds of the participants
identi�ed themselves as Male and the rest as Female. The participants’ cultural background
was mostly European (43) and their experience with computer games ranged from low (11),
and average (24) to advanced (19).

We �rst used four of the participants for the pilot. After the pilot, we added one �nal
question regarding the strategy (see in Section 3.4.4) to the experiment, as explained in
Section 3.2.2. For this reason, we used the data collected during the pilot in the analysis,
except in the last question.

3.3.2 Environment
To observe ability, benevolence and integrity in human-AI teams, we needed a task which
was accessible to all participants, but could di�erentiate them along the three dimensions.
As such, the task was easy but (1) required some memory and keyboard ability as additional
competences (so we could observe ability), (2) presented two di�erent agents asking
for collaboration (so that we could see benevolence), and (3) gave the participants the
freedom to lie, give up and be fair (so we could see integrity). In this experiment, arti�cial
agents asked their human teammates to collect products in a 2D grid world supermarket
(inspired by the booming of click&collect shopping during pandemic) developed using
Matrx package2 3. The environment consisted of the supermarket (Figure 3.2 where the
participant interacted with the products and a chat, in which the participants could interact
with the agent.

Participants (marked as a yellow smiley) were asked to imagine themselves as workers,
with the role of collector, in the supermarket. (Imaginary) Customers ordered from the
supermarket online. These orders were processed by arti�cial Agent X and Agent Z, who
were the participant’s teammates (marked as yellow smiley with glasses, standing next to a
basket and a letter �X" or �Z", respectively). During the experiment, the agents showcased
the product that needed to be collected in the light blue area below them and announced
it in the chat. These products were disposed in the several aisles of the supermarket
and may not be visible to the participant from the distance, depending on participant’s
virtual capabilities (based on group characteristics, as explained in the Section 3.3.3). The
participant could access the chat and communicate with the agents through buttons �Help
X", �Help Z", �Collected" and �Give up". The stochasticity present in this experiment is
limited to the products that appeared in the blue areas. In order to keep control of the
environment and di�erent conditions, the agents present in this experiment were not
intelligent agents, i.e., they did not have autonomy nor learned actively. However, the
participant does not know the level of autonomy of the agent, so we do not think this
a�ects how the participant perceived the AI.

2https://www.matrx-software.com/
3The code and raw data can be found in https://github.com/centeio/click-collect and
https://doi.org/10.4121/21982991.v1.
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Figure 3.2: Experiment environment, a 2D grid world supermarket. On the left side of the screen, the participant
(smiley face without glasses) had to help the agents (the smiley faces with glasses) collecting products. They
could communicate using the buttons on the chat side of the page (right side). Scores appear in the top left corner.

Task
The participant’s job was to help the agents collect as many products as possible, during
10 minutes. Participants could check the products presented by the two agents and choose
which one to help (only one at a time), by pressing the button �Help [agent id]" (i.e. to help
Agent X, participant should press �Help X�). The other (i.e. Agent Z in this case) took it as
a rejection and presented another product (it counted as if the product was collected by
another agent, so that the participant could choose freely who they wanted to help). After
committing to helping an agent, the participant was expected to search for the product
(participants moved with keys), bring it to the agent and press the button �Collected"
(counted as a success). �Collected" could be pressed even if the product was not actually
collected, allowing participants to lie to the agent (counted as a lie). They could also give
up on a task by pressing the button �Give up" (counted as give up). Agents presented new
products every time the participant gave up on, collected or rejected their product.

In this setting, it was only possible to succeed at the task, without, otherwise being
counted either as a lie or as a give-up. We made this choice because we wanted to know the
reason why a task was unsuccessful. According to the pilot, the task was quite accessible,
and the best someone did, the more tasks that person would complete and more quickly.
They would either purposely deliver the wrong product and say it was collected (in which
case it is a lie) or decide to give up. As such, we counted for the number of successfully
completed tasks as an indicator of participant’s success.

Furthermore, there were two scores in the game for the participant, the personal score
and the team score. Rewards follow Table 3.1. We separated the score into team and
personal to accommodate the idea that sometimes personal and team goal may collide. In
this case, when a person lied, they could still get the success reward for personal score, but
it harmed the team, reducing the team’s score by 5 points. Di�erent subjects may care
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Table 3.1: Reward system.

Action Success Lie Give up
Personal 10 10 -5
Team 10 -5 -5

di�erently about team or personal score.

3.3.3 Conditions
We divided the participants in 4 di�erent groups. Our main objective was not to know how
our manipulations a�ected trustworthiness directly, but rather to provide some possibility
of variance among ability, benevolence and integrity (as we believed there was the risk that
the environment was not complex enough to show this variation without manipulation).
As these groups were not thought to be compared, this was not a comparative experiment.
The groups were:

1. Gn: This group was presented to the environment without adding anything to the
narrative. They could only see the products when standing from a certain distance.

2. Ga: This group was given better virtual abilities, i.e. this was the only group that
could see all products in the supermarket, regardless of distance. The objective was
to diversify ability. We expect participants of this group to be able to complete the
tasks faster, by �nding the products �rst, for example.

3. Gb: This group was asked to imagine they had a close relationship of colleague/friends
with Agent X, whereas Agent Z was new to the supermarket (based on [6]). Fur-
thermore, based on [278], we gave Agent X characteristics that motivated mindless
behaviour, by giving the Agent X’s and the human’s avatar the same colour (green),
instead of yellow (as Agent Z’s), and by giving Agent X a friendlier way of talking.
The objective was to diversify benevolence. We expect participants of this group to
lean towards helping one agent more over the other, showing higher benevolence
towards one speci�c agent.

4. Gi: This group was asked to imagine they were in a temporary job and that they
would earn money proportionally to their personal score. We expect participants of
this group to prioritize their personal motives, e.g., wanting to do the highest amount
of tasks in the shortest amount of time possible. This can lead to participants giving
up more often, i.e., if they realize they cannot complete a certain task quickly, they
may want to go for the next one. Also, these participants may lie to the agent more
often, by saying that a task is completed when it is actually not, as they would get the
same reward, which would then convert in the money they would hypothetically get.
The main objective was to diversify the priority of principles among participants,
thereby diversifying integrity.
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3.3.4 Procedure
Foremost, each participant accessed to a previously shared online meeting room. The
participant was then asked �rst �ll in the consent form online, and proceed to the de-
mographic questions regarding their gender, age, cultural background and expertise in
computer games. Then, they were randomly assigned to one of the four conditions, and the
researcher explained the task. They could then try it out in a trial environment, where the
researcher made sure they understood the task and how to navigate in the environment.
Finally, the participant played the task for 10 minutes and after that answered the questions
regarding their own trustworthiness.

3.3.5 Subjective Measures
Self-evaluation of trustworthiness
We adapted the validated questionnaire of Adams et al. (2008) [6] (also based on Adams et
al. (2002) [7] and Mayer et al. (1999) [249]) regarding trust in (military) teams to perceived
own trustworthiness, as to have subjective measures of the participant’s self-estimation of
ability (in the original questionnaire as capability), benevolence and integrity. The ques-
tions regarded 1) capability/ability, relating this dimension to self-perception of capability,
knowledge, quali�cation and communication and faith in self’s abilities; 2) benevolence,
where participants were inquired about their attitude speci�cally towards each of the
agents, in terms of having agent’s best interests in mind, looking out for the agent, and
working/wanting to protect the agent; 3) integrity, where participants were self-evaluated
regarding fairness, honour, honouring their word, keeping promises and telling the truth.
We referred to the questions regarding ability as QA (which go from QA1 to QA5 and have
a QA Mean of the 5 questions), benevolence towards Agent X as QB and integrity QI in
a similar fashion. The sum of all measures per participant (subjective trustworthiness
towards X) was STW. In summary:

� QA Mean: average of QA1, QA2, QA3, QA4 and QA5.

� QB Mean: average of QB1, QB2, QB3, QB4 and QB5.

� QI Mean: average of QI1, QI2, QI3, QI4 and QI5.

Strategy
Finally, at the end of the questionnaire, participants were asked what their goals were
during the experiment. This question was added in order to explore what might be behind
a participant’s strategy choice. It was a multiple choice question (allowed to tick more than
one box), in which the options were elaborated mainly based on di�erent perceptions of
cost and bene�t of the world, including perceived e�ort and value attributed to the scores.
As the task was part of a teamwork scenario, and this was highlighted in certain conditions,
we also added options regarding their teamwork, where the strategy would mainly focus
on helping the agents. The options were: �Collect as many products as possible", �Collect
products as fast as possible", �Maximize personal score", �Maximize team score", �Collect
the easiest products (based on icon)", �Collect easiest products (based on distance)", �Collect
according to the chat messages", �Helping both agents equally", �Helping speci�cally agent
X", �Helping speci�cally agent Z", �I do not know ", and �Other". When choosing �Other",
they could write a goal in their own words. This question was mainly exploratory.
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3.3.6 Agent Observations
Based on the subjective measures in Section 3.3.5 and literature in Section 3.2, we chose the
human teammate’s manifesta (as presented in Figure 3.1). These measures should translate
the agent’s observations into the concepts related to the de�nitions of ability, benevolence
and integrity, in a similar way to how they were represented in the questionnaire. In this
experiment, we logged the main actions of the participants, with a timestamp number of
moves since the start of the experiment, and a Manhattan distance between the product
position in the supermarket and an average participant’s starting position. The events
being logged were:

� A newly presented task by an agent, i.e., when an agent asked for a new product to
be collected by the participant. This happened every time (1) the participant declined
their task (by accepting the task of the other agent), (2) concluded successfully the
task or (3) concluded unsuccessfully the task.

� The participant accepted one agent’s task, by pressing �Help".

� The participant concluded the task, whether it was by pressing �Collected" (which
registers whether this was successful, which counted as a success, or unsuccessful,
which counted as a �Lie") or �Give up".

With these logs we calculated the number of presented tasks, accepted tasks, successful
tasks, lies, give-ups per agent for each participant. We also calculated average times and
moves. Using these, we computed the agent observations of ability, benevolence and
integrity. Although some of the measures may relate with more than one of the three
de�nitions of ability, benevolence and integrity, we related them with the one that was
closest to de�nition and questionnaire questions.

Ability:
The observable metrics related to ability were:

� Time/Task: time spent per successful task. This was an indicative of higher perfor-
mance when lower, meaning that someone needs less time to complete a task.

� Moves/Task: steps needed to successfully complete a task. Just like Time, it was also
an indication of higher performance when lower, as the subject needed fewer moves
to �nd the product and collect it (and return it). However, certain tasks required
more moves than others (since the products were randomly selected in the grid).
Thus, we calculated this metric as

Moves/Task
Mean task di�culty

(3.1)

where Mean task di�culty is the shortest path to the required product).

� Moves/Time, i.e.,
Moves/Task

Time
(3.2)

This metric should indicate better performance when higher, meaning the subject
moved fast.
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Benevolence:
As benevolence relates to whether the trustee wants good to the trustor, we have used as
metric a Favouritism factor, which was the ratio of number of successful tasks per agent,
i.e.,

# successful tasks for Agent X
# successful tasks for both Agents

(3.3)

This indicated a participant helped more (favoured) one of the agents.

Integrity:
For integrity, we looked at it from di�erent perspectives, and combined the factors believed
to a�ect it. We computed:

� Honesty factor: number of lies over total tasks:, i.e.,

# Lies for both Agents
# Accepted Tasks for both Agents

(3.4)

� Commitment factor: number of given up tasks, i.e.,

# Give-ups for both Agents
# Accepted Tasks for both Agents

(3.5)

Although the number of give-ups can also indicate a lack of ability, we chose to
associate it with integrity since, as explained before, we considered the task feasible
(and all participants tried it through a tutorial �rst). As such, when a person decided
to give-up, it showed more about persistence and �keeping promises", which are
traits of integrity according to the questionnaire used.

� Fairness 1: According to the dictionaries of Cambridge and Merriam-Webster, fairness
can be de�ned as treating people equally, impartially, free from self-interest, prejudice
or favouritism. As such, for Fairness 1 we calculated the absolute di�erence between
the lies given to each agent, i.e.,

abs0
# Lies for Agent X

# Accepted Tasks for Agent X
*

# Lies for Agent Z
# Accepted Tasks for Agent Z1 (3.6)

This fairness factor aimed at re�ecting the fairness w.r.t. honesty. Although the
di�erence of lies between agents could be interpreted as a sign of higher benevolence
(towards the agent the participant lied the least), we considered this to be a signal
of integrity since the participant was harming one more than the other (which is
unfair). The di�erence between this metric and Favouritism is that Favouritism is
something positive, such as helping out a friend (not necessarily with the intention
of harming the other).

� Fairness 2. Similarly, this factor was absolute di�erence between the give-ups towards
each agent, i.e.,

abs0
# Give-ups for Agent X

# Accepted Tasks for Agent X
*

# Give-ups for Agent Z
# Accepted Tasks for Agent Z1 (3.7)

This fairness factor aimed at re�ecting the fairness w.r.t. commitment.
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Trustworthiness:
Although we frame trustworthiness as a combination of all the above, we also computed the
direct consequences of it through success metrics. This was mainly useful to speculate how
other metrics impacted overall trustworthiness in each situation. We see the consequences
of trustworthiness in terms of the success of the tasks, which is usually the main goal in
teamwork situations. In case of other goals, other metrics for trustworthiness may apply.
In particular, we divide success as a consequence of trustworthiness in two ways:

� TW abs: This is the absolute consequence of trustworthiness, and it was calculated
by # Successful tasks to Agent X. We called it absolute because it is the raw number
of successes during the 10 minutes of experiment. This has to do with how well a
participant can do a task, assuming that the more they successfully complete in 10
minutes, the fastest they will do it (which, in this task, is the �how well" indicator).

� TW rel: The relative consequence of trustworthiness was calculated as the ratio of
presented tasks that were successful, i.e.,

# Successful tasks to Agent X
# Presented tasks by Agent X

(3.8)

This was relative as it could be seen as the probability of one succeeding at a task
when asked. Thus, this suggests whether the participant would do a task when
asked.

3.4 Results
In this section, we report how the observations (manifesta) relate with each other, and
how these relate to participants’ self reports (of ability, benevolence and integrity). As
mentioned before, the purpose of separating the participants per condition was to create
variation in the participants’ manifestation of ability, benevolence and integrity, though
manipulation of narrative or environment, but not of the task. The conditions were not
created so that we could evaluate each condition against a control group, necessarily, since
we can group them and see the relationship among variables. Still, we compare the metrics
among the conditions to see the e�ect of our manipulation. We used R 4.2.2, with the
packages First Aid 0.1 [27] for Bayesian t-tests and correlations.

Bayesian methods have become more popular when analysing behaviour data, see
e.g., [13, 14, 33, 135, 306]. These have been found as an alternative to the more popular
Frequentist tests. Frequentist approaches usually try to prove a null-hypothesis through
frequentist statistical tests (which many times require certain assumptions from the data)
and a p-value. Only with a low enough p-value we can say something about our hypothesis.
This can be very hard to obtain with low quantity of behavioural data, which we usually get
when doing research in human-computer/human-robot interaction. Furthermore, we can
not really say how likely this is to be a good hypothesis, only that it is (or not) statistically
signi�cant. Bayesian tests, on the other hand, present probabilities, e.g., how likely it is that
there is actually a di�erence between samples (instead of a yes/no). For these and other
reasons, we chose to use Bayesian t-test and Pearson correlation for our data. In this paper,
speci�cally, we do not try to prove one hypothesis. Instead, we explore how the subjective
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measures and the agent observations relate and whether there was any di�erence among
the conditions.

For Bayesian tests, both t-test in Section 3.4.2 and Pearson correlation in Section 3.4.3,
several possible normal distributions that may �t to each of the metrics of our data are
computed. This means that each metric will have a distribution of credible means and
standard deviations. The test formula is then used for each of the credible combinations
of means and standard deviations. Thus, the test results will also have an average value.
We report all these by their 95~ High Density Interval (HDI). Finally, we will evaluate the
results of the tests by the probability of this average being positive (meaning there is or
not a di�erence) and interpret it according to [218]. The closer to 0 or 1 the probability
is, the more signi�cant it is (depending on whether it is negative or positive di�erence,
respectively). When this probability is around 0:5 it means that this average is around 0,
which tells us that there is probably no di�erence between the two groups for that formula.
More on how Bayesian tests work can be found in Kruschke et al. (2013) and McElreath et
al. (2020) [218, 251].

3.4.1 Subjective Measures
The original questionnaire from Adams et al. (2008) [6] is a validated one, where the
authors ran both Exploratory Factor Analysis and Con�rmatory Factor Analysis. However,
since we adapted the tool, we also ran a Cronbach alpha on our results. We found good
Cronbach’s alphas [94] for ability questions (� = 0:89) and integrity questions (� = 0:84),
and excellent ones for benevolence questions (� = 0:93).

3.4.2 Differences between conditions
In this subsection we look at the di�erences of the means of subjective measures and
objective (observed) metrics of ability, benevolence, integrity and overall trustworthiness
between conditions. We compare each group (Ga, Gb, Gi) with Gn. In particular, in Table
3.2 we compare Gb and Gn’s metrics related to benevolence, both subjective (questionnaire
benevolence-related items QB from 1 to 5 and the mean) and observed (Favouritism). Simi-
larly, Table 3.3 compares groups Ga and Gn in terms of ability metrics from questionnaire
(QA1 to QA5 and mean) and observations related to time and moves. Finally, Table 3.4
compares groups Gi and Gn in terms of integrity metrics, both subjective (questionnaire
items QI 1 to 5 and mean) and objective (Honesty, Commitment, Fairness 1 and 2).

In each of these tables, the �rst two columns show the average of the metrics for each
of the groups, with the limits of 95~ high density interval within brackets. The di�erence
between means is showed in Di� Means column, also with the limits of 95~ highest density
interval within brackets. The SD columns show standard deviations in a similar fashion.
Finally, the column ~ presents the probability of Di� Means> 0 and Evaluation column
interprets the ~ column according to [79]. This evaluation present the risk of betting on
such correlation, which can translate into how probable a correlation is.
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Table 3.2: Bayesian T-test between benevolence (Gb) and normal (Gn) groups, presenting group’s possible distributions’ means and standard deviations, the di�erence
between the means, the probability of this di�erence being positive and the evaluation of this probability, according to [79]. As explained in Section 3.3.5, QB 1 to 5
correspond to each question regarding benevolence towards Agent X and QB Mean is their average. Favouritism is the observed metric related to benevolence.

Metric Gb Mean Gn Mean Di� Means Gb SD Gn SD % Evaluation

QB1 4.8 [3.7, 5.9] 4 [2.5, 5.5] 0.8 [-1, 2.7] 1.8 [1.1, 2.9] 2.2 [1.2, 3.6] 0.8210 Casual bet
QB2 4.3 [3.4, 5.2] 3.4 [1.9, 5.1] 0.8 [-1, 2.6] 1.4 [0.8, 2.3] 2.4 [1.4, 3.9] 0.8282 Casual bet
QB3 4.4 [3.8, 5.1] 3.4 [1.8, 4.9] 1.1 [-0.6, 2.8] 1.1 [0.6, 1.7] 2.3 [1.3, 3.8] 0.9045 Promising but risky bet
QB4 4.8 [4.1, 5.5] 3.7 [2.4, 5] 1.1 [-0.3, 2.6] 1.2 [0.7, 1.8] 1.9 [1.1, 3] 0.9446 Promising but risky bet
QB5 4.7 [4, 5.4] 3.7 [2.4, 4.9] 1.1 [-0.4, 2.5] 1.1 [0.7, 1.8] 1.9 [1.1, 3] 0.9347 Promising but risky bet
QB Mean 4.6 [3.9, 5.4] 3.6 [2.3, 5] 1 [-0.6, 2.5] 1.2 [0.7, 1.9] 2 [1.1, 3.2] 0.8999 Casual bet
Favouritism 0.6 [0.5, 0.7] 0.6 [0.4, 0.7] 0.1 [-0.1, 0.3] 0.2 [0.1, 0.3] 0.2 [0.1, 0.4] 0.7661 Casual bet

Table 3.3: Bayesian T-test between ability (Ga) and normal (Gn) groups, presenting group’s possible distributions’ means and standard deviations, the di�erence between
the means, the probability of this di�erence being positive and the evaluation of this probability, according to [79]. As explained in Section 3.3.5, QA 1 to 5 correspond to
each question regarding ability and QA Mean is their average. Time/Task, Moves/Task and Moves/Time are the observed metrics related to ability.

Metric Ga Mean Gn Mean Di� Means Ga SD Gn SD % Evaluation

QA1 6.2 [5.5, 6.9] 5.5 [4.5, 6.4] 0.7 [-0.5, 1.9] 1 [0.5, 1.7] 1.4 [0.8, 2.3] 0.9019 Promising but risky bet
QA2 5.7 [4.9, 6.5] 5.2 [4.3, 6.1] 0.6 [-0.6, 1.8] 1.2 [0.7, 1.9] 1.3 [0.8, 2.2] 0.8355 Casual bet
QA3 5.4 [4.6, 6.3] 5.5 [4.6, 6.4] 0 [-1.3, 1.2] 1.3 [0.8, 2.1] 1.3 [0.7, 2.1] 0.4742 Not worth bet against
QA4 5.6 [4.7, 6.6] 5.4 [4.3, 6.5] 0.2 [-1.2, 1.7] 1.4 [0.8, 2.3] 1.6 [0.9, 2.7] 0.6309 Not worth bet on
QA5 5.7 [4.6, 6.8] 5.9 [5.2, 6.5] -0.2 [-1.5, 1] 1.6 [0.9, 2.6] 1 [0.6, 1.6] 0.3633 Not worth bet against
QA Mean 5.7 [5, 6.5] 5.5 [4.6, 6.3] 0.2 [-0.9, 1.3] 1.1 [0.6, 1.7] 1.3 [0.7, 2.1] 0.6783 Not worth bet on
Time/Task 50.8 [27.1, 77.2] 70.6 [32.3, 110.1] -19.4 [-65.9, 24.5] 35.6 [11.6, 63.5] 55.4 [27.6, 95.2] 0.1819 Casual bet against
Moves/Task 49.7 [44.5, 55.2] 59.5 [38.6, 81.4] -9.8 [-31.6, 12.4] 8 [4.3, 13.5] 31.1 [17.5, 51.1] 0.1753 Casual bet against
Moves/Time 1.2 [0.8, 1.5] 1.2 [0.6, 1.6] 0 [-0.6, 0.6] 0.5 [0.3, 0.8] 0.7 [0.4, 1.3] 0.5049 Not worth bet on
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Table 3.4: Bayesian T-test between integrity (Gi) and normal (Gn) groups, presenting group’s possible distributions’ means and standard deviations, the di�erence between
the means, the probability of this di�erence being positive and the evaluation of this probability, according to [79]. As explained in Section 3.3.5, QI 1 to 5 correspond to
each question regarding integrity and QI Mean is their average. Honesty, Commitment, Fairness 1 and 2 are the observed metrics related to integrity.

Metric Gi Mean Gn Mean Di� Means Gi SD Gn SD % Evaluation

QI1 5.9 [5.4, 6.4] 5.3 [4.1, 6.5] 0.6 [-0.7, 1.9] 1 [0.7, 1.4] 1.8 [1.1, 2.9] 0.8286 Casual bet
QI2 6.1 [5.5, 6.7] 6.1 [5.3, 7] 0 [-1.1, 1] 1.2 [0.7, 1.7] 1.3 [0.7, 2.2] 0.4792 Not worth bet against
QI3 6 [5.5, 6.5] 6.1 [5.2, 7] -0.1 [-1.2, 1] 1.1 [0.7, 1.5] 1.4 [0.8, 2.4] 0.4083 Not worth bet against
QI4 6.3 [5.7, 6.9] 7 [7, 7] -0.7 [-1.3, -0.1] 0.8 [0.4, 1.4] 0 [0, 0] 0.0254 Promising but risky bet against
QI5 6.7 [6.1, 7.1] 7 [7, 7] -0.3 [-0.9, 0.1] 0.6 [0, 1.1] 0 [0, 0] 0.0844 Promising but risky bet against
QI Mean 6 [5.6, 6.5] 6.1 [5.4, 6.9] -0.1 [-1, 0.7] 0.9 [0.6, 1.2] 1.1 [0.6, 1.8] 0.4092 Not worth bet against
Honesty 1 [0.9, 1] 1 [1, 1] 0 [-0.1, 0] 0.1 [0, 0.1] 0 [0, 0] 0.0972 Promising but risky bet against
Commitment 1 [1, 1] 1 [1, 1] 0 [0, 0] 0 [0, 0] 0 [0, 0] 0.4993 Not worth bet on
Fairness 1 1 [0.9, 1] 1 [1, 1] 0 [-0.1, 0] 0.1 [0, 0.2] 0 [0, 0] 0.0718 Promising but risky bet against
Fairness 2 1 [1, 1] 1 [1, 1] 0 [0, 0] 0 [0, 0] 0 [0, 0] 0.5016 Not worth bet on
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Table 3.5: Bayesian Pearson Correlation between subjective and observed metrics, presenting the means of the
correlation among the distributions of two metrics, the probability of this mean being positive and the evaluation
according to [79]. In particular, we present the correlations between (1) subjective trustworthiness (STW), which
is an average of all the questions in the questionnaire (i.e., QA, QB and QI), and observed trustworthiness, both
absolute and relative, i.e., TW abs and TW rel, respectively; (2) subjective metric of ability (QA Mean, which is
the average of ability questions) and objective metrics of ability (Time/Task,Moves/Task and Moves/Time); and in
a similar fashion for metrics of (3) benevolence and (4) integrity.

Metric 1 Metric 2 Mean % Evaluation

STW TW abs 0.3 [0, 0.5] 0.9855 Good bet - too good to disregard
STW TW rel 0.5 [0.2, 0.7] 0.9999 Nearing certainty

QA Mean Time/Task -0.2 [-0.5, 0.1] 0.1035 Casual bet against
QA Mean Moves/Task 0 [-0.3, 0.3] 0.5117 Not worth bet on
QA Mean Moves/Time 0.2 [-0.1, 0.4] 0.8590 Casual bet

QB Mean Favouritism 0.3 [0, 0.5] 0.9802 Good bet - too good to disregard

QI Mean Honesty 0.1 [-0.2, 0.4] 0.7757 Casual bet
QI Mean Commitment 0 [-0.3, 0.3] 0.4976 Not worth bet against
QI Mean Fairness 1 0.2 [-0.1, 0.5] 0.8692 Casual bet
QI Mean Fairness 2 0 [-0.3, 0.3] 0.5087 Not worth bet on

3.4.3 Correlations
After exploring the di�erences between conditions, we treated the data set as one. In this
subsection, we show the results of Bayesian Pearson correlation between metrics. Table
3.5 presents the correlations between subjective and observed metrics. Furthermore, Table
3.6 presents the correlations between observed consequences of trustworthiness metrics
and observed metrics of ability, benevolence and integrity.

We have also included Figures that illustrate the values in the tables. In particular,
we have picked one Figure that shows the correlation between one subjective and one
observed metrics, such is the case of QB Mean (benevolence questions) and Favouritism in
Figure 3.3. We also show how the correlation between STW (subjective trustworthiness)
and observed trustworthiness, TW abs and TW rel, respectively, in Figures 3.4 and 3.5. In
these Figures, we can see the actual data in the red bar charts on the axis and black circles
(each representing an instance) in the middle of the plot. The blue lines around the red
charts show the credible normal distributions for our data. As explained in the beginning
of this section, the correlation is then run for the several credible distributions, creating a
distribution of possible correlation values. On top of the �gures, we can see the distribution
of the correlation possible values and their 95~ high density interval. The more similar the
credible distributions of the data are, the slimmest the correlation distribution will be and
the more likely it is that the correlation is the median value. The furthest this distribution is
from 0, the more probable it is that there is indeed a correlation, positive (if on the positive
side) or negative (if on the negative side).

3.4.4 Strategy
In Table 3.7 we can see the results of the multiple choice question regarding participant’s
strategy when performing the task. We have ordered the table according to the original
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Figure 3.3: Bayesian Pearson Correlation between subjective benevolence (QB Mean) and observed benevolence
(Favouritism). The black circles represent the instances of our dataset, and the metrics’ histograms are on the red
bar charts. The blue lines around the red charts show the credible normal distributions for our data. The top plot
presents the distribution of the correlation of possible values and their 95~ high density interval.
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Figure 3.4: Bayesian Pearson Correlation between subjective trustworthiness (STW) and observed absolute
trustworthiness (TW abs). The black circles represent the instances of our dataset, and the metrics’ histograms
are on the red bar charts. The blue lines around the red charts show the credible normal distributions for our data.
The top plot presents the distribution of the correlation of possible values and their 95~ high density interval.
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Figure 3.5: Bayesian Pearson Correlation between subjective trustworthiness (STW) and observed relative
trustworthiness (TW rel). The black circles represent the instances of our dataset, and the metrics’ histograms are
on the red bar charts. The blue lines around the red charts show the credible normal distributions for our data.
The top plot presents the distribution of the correlation of possible values and their 95~ high density interval.

Table 3.6: Bayesian Pearson Correlation between metrics of overall trustworthiness and the observed metrics
of each aspect of ability, benevolence and integrity. The table presents the means of the correlation among the
distributions of two metrics, the probability of this mean being positive and the evaluation according to [79]

Metric 1 Metric 2 Mean % Evaluation

TW rel Time/Task -0.1 [-0.4, 0.2] 0.2844 Not worth bet against
TW rel Moves/Task 0.3 [0, 0.5] 0.9740 Good bet - too good to disregard
TW rel Moves/Time 0.2 [0, 0.5] 0.9451 Promising but risky bet
TW rel Favouritism 0.8 [0.6, 0.9] 0.9999 Nearing certainty
TW rel Honesty 0.3 [-0.1, 0.5] 0.9416 Promising but risky bet
TW rel Commitment 0 [-0.3, 0.3] 0.4979 Not worth bet against
TW rel Fairness 1 0.3 [0, 0.5] 0.9583 Good bet - too good to disregard
TW rel Fairness 2 0 [-0.3, 0.3] 0.4975 Not worth bet against

TW abs Time/Task -0.7 [-0.8, -0.5] 0.0001 Promising but risky bet against
TW abs Moves/Task 0 [-0.3, 0.3] 0.4630 Not worth bet against
TW abs Moves/Time 0.7 [0.6, 0.8] 0.9999 Nearing certainty
TW abs Favouritism 0.2 [0, 0.5] 0.9411 Promising but risky bet
TW abs Honesty 0.2 [-0.1, 0.5] 0.8778 Casual bet
TW abs Commitment 0 [-0.3, 0.3] 0.5009 Not worth bet on
TW abs Fairness 1 0.1 [-0.2, 0.4] 0.7863 Casual bet
TW abs Fairness 2 0 [-0.3, 0.3] 0.5047 Not worth bet on
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order in the questionnaire and numbered them for reference simplicity. In the comple-
menting text of �Other", 3 participants reported �slightly" helping more agent X, whereas 1
reported similar regarding agent Z.

Table 3.7: Number of times each goal was chosen in strategy question (multiple choice allowed), ordered as in
questionnaire.

Option #

1. Collect as many products as possible 39
2. Collect products as fast as possible 34
3. Maximize team score 26
4. Maximize personal score 16
5. Collect easiest products (based on icon) 26
6. Collect easiest products (based on distance) 25
7. Collect according to the chat messages 3
8. Helping both agents equally 15
9. Helping speci�cally agent X 2
10. Helping speci�cally agent Z 2
11. I do not know what my goal was 1
12. Other 3

3.5 Discussion
In this section we discuss the results, highlight some interesting aspects and re�ect on
what they might mean. We divide this section similarly to the result section to make it
easier to follow. However, we �nd it relevant to highlight our main �ndings beforehand, as
some of these �ndings a�ect the interpretation of the several results presented. As such,
our main �ndings looking at the numbers were:

1. There were expected di�erences between conditions both for self-reported (subjec-
tive) and observed metrics, meaning our manipulations had e�ect on the participants.

2. Subjective trustworthiness (STW) highly correlates with both observed overall con-
sequence of trustworthiness metrics (TW abs and TW rel).

3. There are probable yet low correlations (probable here means that after several
correlation tests with the possible distributions of the data, the correlation was
mostly either positive or negative, making it a safer bet), between subjective and one
of the observed metrics for each of the aspects of ability, benevolence and integrity.

4. Almost all observed metrics of ability, benevolence and integrity correlated with
TW rel and most of them also correlated with TW abs. These correlations were
rather low except for Favouritism (benevolence) with TW rel and Time/Task and
Moves/Time with TW abs, which were expected by de�nition.

5. Most participants said they collected as many products as possible and as fast as
possible. They also mentioned they chose the easiest products to collect. This can be
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interpreted as participants caring mostly about doing the task well and quickly, with
the least e�ort associated to it, and not paying so much attention to the details of
the scenario.

Beyond the numbers, we found several interesting points transversal to all results. These
were:

1. Most participants only cared about the game/task itself, focusing on performing well
at �nding and retrieving objects rather than paying attention to the context that was
presented initially (i.e., participants tend to forget that one of the agents was their
friend, in benevolence condition, or that it is their last day of work, and they need to
make as much money as possible, in integrity condition). They also rarely looked at
the chat, from our observation.

2. Probably related to the previous point, some participants mentioned that they do not
see the agents as their teammates. This may mean that our task could be improved
by including, for example, more interdependencies or autonomy.

3. Very few participants lied or gave up on tasks. This may be because they feel observed
(which a�ects ecological validity) or because they do not feel compelled to lie/give
up in such scenario.

4. It can be quite challenging to self-report measures of one’s ability, benevolence and
integrity, specially without a term of comparison. As such, we need to take these
metrics’ results critically.

5. Some participants verbalized that they think it does not make sense for us to ask
them the questions related to benevolence (we can see in Figure 3.3 that there were
several low average scores). This re�ects that many of them did not feel like they
were helping or �having the back" of Agent X, for example. However, results tend
to show that some participants did feel that way, as there were also higher scores,
di�erent between groups, and a correlation with Favouritism.

In the remaining of this section we will go over each table and analyse the results in
more detail, keeping in mind the points stated above. At the end, we will compare our
main �ndings with the purpose of this study.

3.5.1 Differences between groups
It is interesting to see that all questions regarding self-reported benevolence (Table 3.2
show higher scores in the benevolence group (Gb) than in the normal group (Gn), all of these
with high probabilities associated. In particular, QB3, QB4 and QB5 present the highest
probabilities of in fact di�ering between the two groups showing a �promising but risky bet"
according to [79], with mean di�erences higher than 1 (in a 7-point scale). These questions
are about having �worked to protect Agent X", �watched teammate Agent X’s back (synonym:
to look out for Agent X in case it needs assistance)" and �looked out for teammate Agent X". It
is worth mentioning that the question that presents highest probability of di�erence (QB4)
is the one that translates better to our chosen metric for observed benevolence, i.e., give
more assistance to Agent X than Agent Z. However, Favouritism presents only a casual
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bet that it di�ers between Gb and Gn. This may mean that although our narrative made
participants care more about Agent X (as a feeling), there was not a relevant di�erence in
how much they actually helped one agent over the other (in action).

When comparing Ga with Gn (Table 3.3, we see that it is promising to bet that there is
a di�erence in answer to QA1, which is �As a teammate, I was capable at my jobs", with a
di�erence of 0.7 between the groups’ means. The other questions, however, do not show
big di�erences among the two groups, which leads to only a casual bet in the QA Mean
comparison. In general it is hard to have participants evaluate themselves regarding ability,
since they do not know how other participants performed. In particular, how good they
actually were in the task might have been evenly distributed among groups. We cannot
know for sure if this was the case, but we can see that Moves/Time, which indicates how
fast participants were in general, should in that case not di�er between groups and it did
not. If they were evenly distributed in terms of actual ability, that might have made the
manipulation of the group imperceptible for the participants in terms of how much easier
the task becomes. We did expect, however, that it would show a di�erence in the observed
metrics, such as Time/Task and Moves/Task, since the participants in Ga group could see
at all times when the product they should collect was, and in fact both suggest a casual bet
(it is against as the higher the time taken to perform a task, the lower expected ability).
Interestingly, we can see that the standard deviations in Ga are much lower than in Gn
for Moves/Task and Time/Task, which probably means that our manipulation created less
di�erence among participants of Ga regarding these two metrics. This makes sense as
all participants in the group could see all the products from afar, making the task simply
easier for everyone, making their actual di�erences less signi�cant.

Finally, although Gi participants seem to score lower in self-reported subjective mea-
sures (QI metrics) than in Gn, these are not very relevant in terms of Mean di�erences and
percentage. This is understandable when we look at the observed metrics, which mostly
show either 0 or 1, indicating that there were very few people lying and giving up. This
means that the manipulation in terms of integrity was not successful.

Although we can see there were expected di�erences between the groups, showing that
we did manipulate the participants in a certain way, results show that our manipulations
did not work for all subjective (self-reported) and observed metrics. We speculate this
happens because of several reasons observed during the experiment (already stated in the
beginning of this section).

3.5.2 Correlation between subjective and observed metrics
In Table 3.5 we can �nd the bayesian pearson correlations between subjective and objective
metrics. Self-reported subjective trustworthiness (STW) highly correlates with observed
relative trustworthiness (TW rel) near certainty, and it also a good bet that it positively
correlates with absolute trustworthiness (TW abs). This means that overall participants
answered the questionnaire according to their performance in the task and help towards
Agent X. These results align with the very likely (98%) positive correlation between both
self-reported subjective and observed metrics for benevolence. The subjective metrics of
ability also seem to possibly (only a casual bet) correlate with two of the observed metrics
of ability, such as Moves/Time and Time/Task, although these wouldn’t be very high
correlations. Moves/Task however seems to not correlate at all. It may be that because of
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the nature of the task, Moves/Task is not a good measure of ability. In our task, participants
usually choose to go through all the corridors until they �nd the product they need to
collect. We expected some participants to remember the corridors better than others and
that would di�er them in terms of average Moves/Task. Although we cannot tell based on
this correlation only that the measure did not succeed in capturing participants’ ability, it
probably did not suit our task. Finally, as said before, very few participants lied, it seems
that their self-reported metrics of integrity possibly (87%) correlate with observed metric
Fairness 1 (low correlation). Measures of commitment and fairness w.r.t. commitment
(Fairness 2) do not correlate at all with self-reported Integrity. As we saw in the previous
section almost no participant gave up in the task, which makes it impossible to evaluate
these metrics.

Even though it is possible that most subjective metrics correlate with objective metrics
in the expected direction, most of these correlations are not high. The reasons for this
may be (1) because the self-reported measures do not actually represent the participants’
trustworthiness aspects of ability, benevolence and integrity or (2) because the observed
metrics are not su�cient to capture the participants’ trustworthiness aspects of ability,
benevolence and integrity. Ideally we would compare these with a ground-truth values of
ability, benevolence and integrity, but unfortunately there is no way we can have these.
We can, however, see how the observed metrics of each aspect relate to overall metrics of
trustworthiness.

3.5.3 Correlation between observed trustworthiness and
other observed metrics

The observed metrics for trustworthiness are by de�nition related with the observed metrics
for each of the aspects of ability, benevolence and integrity. For example, the number
of successes (which is taken into account for both absolute and relative trustworthiness,
i.e., TW abs and TW rel, respectively) is related to how fast a participant can do a task
(Time/Task) and also how many times the participant decided to help Agent X instead
of Agent Z (Favouritism), etc. In this subsection we analyse how actually these metrics
correlate (in Table 3.6). We can see that TW rel (which can be interpreted as how likely
it is for the participant to collaborate with Agent X) probably positively correlates with
Moves/Time (95%) and Moves/Task (97%), Favouritism (�100%), Honesty (94%) and Fairness 1
(96%). In particular, the correlation between TW rel and Favouritism is extremely high (0.8),
which is expected given their de�nitions, i.e., percentage of presented tasks by Agent X that
were successful and percentage of all successful tasks that were for Agent X. As for TW abs
(which can be interpreted with how much a participant actually helped Agent X in absolute
terms), we can see that it highly certainly (�100%) highly correlates with Moves/Time and
negatively with Time/Task (�100%, as it shows �0% for positive correlation). There is a high
chance that it slightly correlates with Favouritism (94%) and, not as probable, with Honesty
(88%). Again, commitment and Fairness 2 do not correlate at all, probably given to the
scarcity of these metrics.

3.5.4 Strategy
In Table 3.7 we have reported the results for the question related to strategy. We realized
that many times, strategy was based on the least e�ort for the participant, either by having
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already seen that product icon before or because it was simply closer to them. Supported by
literature [40, 406] and our results, we speculate we should consider human’s cost-bene�t
evaluation, i.e. participants choose whether or not the reward is worth the perceived e�ort,
and this a�ects their decision. In particular, the law of least e�ort plays a central role in
decision-making, i.e. when presented to two tasks with equal rewards, one will choose the
least e�ortful [355]. This may mean that more than paying attention to the task context in
terms of benevolence and integrity, participants might have been in fact playing according
to their own perceived bene�t with the lowest e�ort possible. When determining how
much someone should be trusted, then, it may be more helpful to know what is for them
a risk/e�ort and reward/bene�t. This may also be helpful to predict where the human
teammates may do next, once we detect the strategy they are using (for example, going for
the icons they have already seen before).

3.5.5 Implications for human trustworthiness in human-AI
teams

In this paper, we wanted to study what makes a human trustworthy in a human-AI team
setting, and how could an arti�cial agent observe it, given a speci�c task. Although we
knew we would not be able to prove it (due to lack of ground-truth), we wanted to explore
how cues on ability, benevolence and integrity could be used as observable trustworthiness.
The goal was to take the �rst step towards understanding how an arti�cial agent can form
a belief of trustworthiness regarding its human teammate. In particular, we wanted to
explore how an agent could form beliefs on (1) whether the human could do a task and
on (2) whether they would do it. In light of these results and the main purpose of this
study, we believe that participants’ ability, benevolence and integrity do a�ect their overall
trustworthiness and the direct consequences of it, but may not be the best human’s krypta
in human-AI teamwork scenario, given low correlations and overall �ndings, as we discuss
in this subsection.

In terms of manifesta, the cue of Favouritism highly correlated with whether the human
did the task the agent asked for, and cues of performance (w.r.t. moves) and commitment
seem to have also a�ected this. Similarly, cues of performance w.r.t. to both time and
moves highly correlate with how well they would do it. However, the cues of integrity did
not seem to be suitable for this environment. Although these seem like promising krypta
and manifesta, we suspect that this may not be the best model for this type of task and
environment. In particular, both benevolence and integrity de�nitions and cues may not
be appropriate, as most participants did not feel particularly inclined towards teaming up
with (and helping) one agent or giving up/lying.

From our understanding, there might be better ways of detecting the willingness to
perform a task successfully in human-AI team settings, particularly in short interactions,
such as detecting overall strategy or personal preferences. As we suspected during the
pilot study, participants were mostly paying attention to the task itself and to how to solve
it e�ciently, instead of caring about the interactions with the agents or even getting points
by just lying. Although this may have to do mostly with our setup, we believe that in order
to understand whether a person will do something, we need to understand how, in general,
the person is executing tasks (what is their strategy). This may depend on, for example,
what the execution of the task represents in terms of risk and reward for that person. And,
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of course, risk and reward may be related to a person’s ability, benevolence and integrity.
It may also be related with something else, though, such as a personal preference. After
this experiment, we also consider that di�erent tasks may require di�erent manifesta and
krypta apply. Overall, these measures must be further explored in di�erent scenarios, as
well as compared with other possible trustworthiness models as krypta (and respective
manifesta).

3.5.6 Limitations
The setting in which we ran the experiment presented some technical di�culties. The
server presented a lag for all participants, the higher the further from it they were, which
might have negatively a�ected our results. Moreover, the setting of the experiment might
have made participants feel too �observed", having slightly harmed the ecological validity
of the study (possibly a�ecting the give-ups and lies, as discussed in the beginning of this
section). The task in our experiment was a short one (10min) and did not involve high
interdependence, which may have contributed to the feeling of not being teammates. These
characteristics of the task may also not be the most suitable to benevolence and integrity.
For such tasks, it may be more relevant to look at other models of trust, such as swift
trust, see e.g., [167, 201]. In fact, future research should also consider that if trust changes
overtime, so can trustworthiness.

Overall, It is still an open question how to appropriately model the willingness of the
human teammate to perform an action, as such question is also not yet answered by social
sciences. In particular, it would be interesting to explore measures that do not assume
complete knowledge (i.e., measures that take into account only interactions with one agent).
What’s more, our task did not allow the participants to simply fail due to lack of ability.
This is justi�ed in Section 3.3.2, but it might be interesting to explore a task where it is
possible to (1) lie, (2) give up and (3) fail (due to lack of ability), while being possible to tell
these 3 apart.

Another limitation of our work mentioned before is the fact that there is no ground-
truth or baseline we can compare our results with. As such, we have proposed observed
metrics for the aspects we relate with trustworthiness (ability, benevolence and integrity)
and two observed consequences of trustworthiness metrics (TW rel and TW abs), but
we cannot test them. We can only compare them with subjective metrics which we are
not certain about how well they capture what we want to know (i.e., how trustworthy
someone is), given its dependency on self and context awareness of the participants. We
look forward to exploring human trustworthiness in di�erent scenarios and with di�erent
tasks and more sophisticated agents, in order to compare with and improve our current
model.

3.5.7 Future directions
Our future directions include exploring the manifesta and krypta further, their develop-
ments and context dependencies in time and throughout interactions. We will work on
using arti�cial trust beliefs for decision-making support, both for autonomous decision-
making of the arti�cial teammate and for human support. It is also important to explore
ways of evaluating arti�cial trust models, e.g. by creating test-beds for such experiments.
Further explanation of the next steps of our work can be found in Centeio Jorge et al. (2023)
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[61].
In this work, we see that both benevolence and integrity probably a�ect human actions

in human-AI teamwork and should be taken into account when designing such teams.
However, benevolence and integrity may not be the most direct aspects to either measure
or use for prediction. On the other hand, as we observed, there likely is an in�uence
of participants’ strategy on which task they choose and whether they succeed on it. As
such, we want to work on modelling willingness (i.e., factors other than competence
that contribute to the success of the task) more concretely, e.g., using aspects which are
more task and context dependent, such as possibility, interest in doing a certain type
of task, preference, disposition, etc). We want to use these aspects to build a model
for informed and justi�ed decision-making of the arti�cial teammate, making use of
principles of Interdependence Analysis and Coactive Design [194]. Such tool can also help
human decision-making in human-AI teamwork scenarios, by providing an overview of
the feasibility of di�erent team con�gurations, for example. Furthermore, we want to
update this decision-making model through interaction using existing models such as [16].
In future research, we want to use scenarios where collaboration is more necessary and
explicit. Ideally, these scenarios also provide di�erent levels of interdependence which
allow the teammates to choose whether to engage in certain tasks or whether to help a
teammate, for example, and can include mixed-motives. Such scenarios include search and
rescue tasks [398], moving-out tasks [61], or even cooking tasks [226].

Human’s trust and trustworthiness is also a�ected by the arti�cial teammate’s behaviour,
see e.g., [61]. It would also be interesting to investigate the human’s trustworthiness in
situations where the arti�cial teammate behaves di�erently. For example, situations where
the arti�cial teammate does not obey to its immediate human teammate have been recently
studied, see e.g., [308, 356]. Such situations can have mixed motives and knowledge, e.g., the
human may want to go straight whereas the arti�cial teammate knows that it is dangerous
(e.g., the human does not have the skills required for what’s ahead), so it opposes. We
would like to explore how human’s trust and trustworthiness change in such situations
and how they depend on the outcome, i.e., if it turns out that the agent is right or wrong
has any impact on the collaboration and human trustworthiness (for example, changing
the human’s willingness).

3.6 Conclusion
In this paper, we take a �rst step towards implementing beliefs of arti�cial trust through
interaction. According to the previously presented model of human trustworthiness in
human-AI teams, we proposed a set of metrics for observable human behaviours (manifesta),
representing aspects of their trustworthiness through their krypta (in this case ability,
benevolence and integrity). Both theoretically and empirically, we have explored these
metrics and compared them with self-reported subjective metrics of the same krypta.
We have also compared both observed and self-reported metrics with overall metrics
of trustworthiness (based on absolute and relative task success, from the perspective
of one agent). Results showed that there was a high correlation between the average
of the self-reported subjective metrics and observed metrics of overall trustworthiness.
However, when dividing these metrics into ability, benevolence and integrity, the subjective-
observed pair-wise correlations were not so high, which may mean that although these
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metrics are relevant they may not correspond well to each of the aspects. We can see
that ability, benevolence and integrity do a�ect their overall trustworthiness and the
direct consequences of it, but may not be the best human’s krypta in human-AI teamwork
scenario. On the other hand, we observed that, the human teammate’s decision on whether
to perform a task depended on a strategy, related to participant’s goals and cost-bene�t
analysis. Unfortunately, we cannot have ground-truth or other models to compare our
results with, but these results shed light on how di�erent aspects of trustworthiness can be
used for human behaviour prediction in human-AI teamwork scenario. Although there is a
need for further exploration of these metrics, this paper presents an important step towards
building an intelligent agent capable of building beliefs of trust in human teammates and
therefore capable of making informed decisions to achieve the team’s goal.
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4
Interdependence and Trust
Analysis (ITA): a Framework

for Human-Machine Team
Design

As machines’ autonomy increases, the possibilities for collaboration between a human and a
machine also increase. In particular, tasks may be performed with varying levels of interdepen-
dence, i.e., from independent to joint actions. The feasibility of each type of interdependence
depends on factors that contribute to contextual trustworthiness, such as team members’ com-
petence, willingness, and external factors. In this paper, we present the Interdependence and
Trust Analysis (ITA) framework, which is an extension of Coactive Design’s Interdependence
Analysis framework [2]. By including information on contextual trustworthiness, ITA can
better support the design of human-machine teams, as well as task allocation and selection.
Evaluated through expert interviews and a focus group involving a search and rescue scenario,
ITA shows potential as a decision-making tool and a communication bridge among human
and machine teammates. Our �ndings emphasise the need to de�ne tasks and roles based on
agent characteristics and imply that decision-making models should align with human-centred
objectives. ITA also highlights the trade-o� between utility and e�ort when designing trust-
worthy systems, suggesting that guided conversations could improve the team design process.
Finally, the ITA framework may improve transparency, justi�cation, and interpretability in
decision-making, contributing to appropriate trust among teammates.

This chapter was published as follows:
q Centeio Jorge, C., Jonker, C. M., & Tielman, M. L. (2024). Interdependence and trust analysis (ITA): a framework
for human�machine team design. Behaviour & Information Technology, 1�21. [69].
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4.1 Introduction
In scenarios where humans and machines collaborate, several design decisions have to
be made, such as who does what [16, 25]. In some situations this may be straightforward,
such as when there is no overlap of teammates’ (human’s or machine’s) expertise, e.g.,
imagine a kitchen robot that only works as a pressure cooker and a human (who, of course,
cannot work as pressure cooker) who can prepare the ingredients that go in the machine.
On the other hand, there are situations where both teammates can do certain tasks, for
example a kitchen robot arm that also chops vegetables and a person who can do the
same. Situations like the latter may become more frequent with the advancement of AI,
since machines have the possibility of functioning with higher levels of autonomy. This
opens the door for interdependence between humans and machines, i.e., when two parties
have to rely on each other to perform a joint activity [194]. Growing capabilities and
autonomy mean more possible designs for human-machine collaborations, with di�erent
types of interdependence in the subtasks involved, from full independence to mandatory
joint actions. Finding a good division of labour between machine with variable levels of
autonomy and human teammates is a problem [342] in human-machine team design, which
can be helped with methodological interdependence and trust analysis, as proposed in this
paper.

The design of human-machine interdependent relationships for teamwork involves a
symbiosis between humans and AI that bene�ts humans [390]. In Johnson et al. (2014), the
authors present the Interdependence Analysis table as a framework for Coactive Design
[194], i.e., an approach to addressing the increasingly sophisticated roles that people and
machines play as the use of human-machine teamwork expands into new, complex domains.
The original Interdependence Analysis lists the capacities required for the execution of tasks.
It encourages a comprehensive analysis of which teammate has the required capacities to
be a performer of a certain task and whether the other teammate’s support is mandatory,
not possible, or helpful, i.e., increasing reliability or e�ciency. After �lling in the table,
one should be able to understand the necessary interdependencies for each task, through a
colour code and requirement gathering.

Although a thorough analysis of capacities is an important step, we claim that it
is also important to consider other dimensions that may lead to the success of a task.
Models based on trust and trustworthiness between humans (human-human) have been
developed to formalise the dimensions that may lead arti�cial agents to successfully perform
tasks [122, 126]. Following these models, for a cognitive agent, either human or arti�cial,
to successfully perform a task, they need to have the capacities/capabilities (i.e., �can
they do it?�), the willingness/intention to do it (i.e., �will they do it?�), and to have the
external opportunities/permissions to do it (i.e., �is it possible to do it?�). In other words,
these dimensions can be used to assess the trust that agents have in their teammate(s) to
successfully perform a certain task. Trust in human-machine teams includes natural trust,
i.e., trust beliefs of the human (see e.g. [402]), and arti�cial trust, i.e., trust beliefs of the
machine (see e.g. [68]). What makes a human trustworthy for a task is not necessarily
what makes a machine trustworthy for that task [376], however, to decide who should do it,
we need to consider both. So far, there is no framework supporting human-machine team
design that considers, in a methodological way, both machine and human team members’
contextual trustworthiness (not only capabilities but also willingness and external factors)



4.1 Introduction

4

61

for di�erent interdependent roles and tasks. Johnson et al. (2021), the authors already
propose an extension of the table that includes trust as one extra dimension to consider when
analysing interdependencies [193]. However, this dimension of trust is (1) only considered
for the trust in one of the agents (the performer) involved in the interdependence, and, in
our opinion, it (2) could also be further divided into dimensions that are easier to assess,
update, and use for informed decision-making. As such, we propose to include an analysis
of teammates’ willingness and external factors regarding di�erent team con�gurations in
the process of human-machine team design.

This paper’s contribution is the Interdependence and Trust Analysis (ITA) framework,
centred on an extended new version of Johnson’s Interdependence Analysis tables, the
ITA table. The ITA framework presents the conceptual work�ow of the dynamic infor-
mation used for decision-making in human-machine teams, which serves as input and
output for the ITA table. Additionally, the ITA table analyses three dimensions of a team
member’s trustworthiness, i.e., not only competence (as in the original table in Johnson et
al. (2014) [194]), but also willingness and external factors, for the di�erent tasks involved in
a human-machine shared goal. Our method proposes that human-machine team design
should consider willingness as an important dimension in assessing the feasibility of a
team con�guration in terms of interdependence and task allocation. This implies that we
conceptualise all team members (machines and humans) as agents with intentions (i.e.,
something that [one] wants and plans to do as per the Cambridge Dictionary). They can not
only act, but also choose which possible actions to do. This is in line with frameworks like
[122, 145], used in multiagent systems, but goes beyond the traditional view of machines as
just executioners of an action when interacting with humans. Although this intentionality
is widely accepted for human teammates, there is still a tendency to overlook willingness
even for human team task allocation, and most works consider only capabilities, see e.g.
[16, 194, 326]. Furthermore, the willingness dimension should be considered a task-based
and role-based characteristic, rather than a property of the teammate that is transversal
to all tasks and interdependencies. For example, a human teammate may be willing to
independently carry a light object but not willing to carry it together with a robot. However,
they may be willing to carry an object together with a robot if the object is heavy. This
implies that human-machine team design should also consider that willingness depends
on roles, for example, allocating the task of carrying light objects to the human while
having the robot assist could decrease team performance and the overall human experience.
This is in line with [288, 289], who suggests that a machine should adjust to the human’s
preference of being a leader or a follower on collaborative tasks. However, these works
overlook joint actions and the possibility that capabilities for each role may also di�er (e.g.,
one may not have the strength to carry a heavy object alone, but has some strength to
support another teammate carrying it), which we include in our framework. Additionally,
we suggest that external factors are increasingly relevant to consider in human-machine
teamwork design, as machines become more autonomous and require clearer boundaries
from performing certain actions, such as ethical and moral decisions (e.g., deciding whether
to save someone’s life), or for safety measures (e.g., holding a gun). Some works defend the
development of arti�cial moral agents, i.e., arti�cial agents capable of making ethical and
moral decisions [76], while others defend Meaningful Human Control (MHC), i.e., humans
should ultimately remain in control of, and thus morally responsible for, everyday actions
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[102]. This implies that our human-machine team design allows the human to explicitly
delimit the machine’s permissions and detect situations that require human oversight and
control (aligned with [386]). Finally, our framework implies that human-machine team
design decisions need to be explicit and easily revisited in order to comply with new ethical
guidelines (e.g., transparency and traceability), such as European AI Act, and the IEEE
Ethically Aligned Design. To evaluate the ITA table, we conducted two dyadic interviews
(with two participants each) and one expert focus group with �ve participants. We present
the results through a thematic analysis.

The proposed Interdependence and Trust Analysis framework can be used by a team
designer to make decisions regarding which role each teammate should have in di�erent
tasks. Furthermore, it could be used as a decision-making support system, as well as a shared
mental model [146, 329, 383]. Using the analysis for such cases may increase transparency
among teammates and facilitate justi�cation of one’s actions, and, consequently, appropriate
trust [376, 397].

In Section 4.2 we start by presenting the background concepts and related work that
sustain our work. Then, in Section 4.3 we present the table, and frame it in Section 4.4. We
present the results of the evaluation of the table in Section 4.5 and discuss it in Section 4.7.

4.2 Interdependence and Trust Analysis (ITA)
Human-machine (and human-AI, human-agent, etc) teamwork studies aim at integrating
humans and intelligent machines, rather than deliberately pushing the human out of the
loop [351]. The goal is usually to provide support to the human, avoiding hazardous
consequences [146]. In fact, these teams can be bene�cial for humans, for example in
situations where it can be unsafe to have humans doing everything, e.g., disaster response
[100] and search and rescue [326]. In other cases, these teams can reduce the human’s
workload, e.g., in collaborative cooking [151] and collaborative driving [24] scenarios. These
teams can also be e�ective for tasks that require high precision, e.g. robot-assisted surgeries
[96]. However, the design and implementation of these teams pose challenges [209, 384],
especially when machines start having more autonomy as their range of capabilities
increases. More autonomy allows for di�erent possibilities of interdependence, depending on
the scenario, which may allow for di�erent team designs (who does what, etc). Furthermore,
there are moments when machines should not use their capabilities, in order to comply
with social norms, and ethical principles [31], and always allowing for meaningful human
control [386].

Team members need to cooperate, collaborate and coordinate [194]. This is only
possible with communication, mutual trust and shared mental models [329]. Designing
human-machine teams should ensure these mechanisms, which can be challenging. In
particular, �nding a good division of labour between machine and human teammates is
one such challenge [342]. In the process of task selection or allocation (see e.g. [5, 288]), a
team member or designer, respectively, needs to consider how much they trust di�erent
team members to successfully perform a task within a certain context [16]. In the context
of human-machine teamwork, we see trust as the belief in an entity’s trustworthiness to
perform a task successfully, within a certain context [64]. Trustworthiness is a complex
concept, and following the literature, it can consist of a set of dimensions that range from
the trustee’s competence to its intentions [153, 404]. Depending on the nature of the trustor
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and trustee, the trust and trustworthiness constructs may be more or less adequate. There
are several works studying how humans trust machines (see e.g. [225, 227, 229, 314]), but
not so many showing how machines should trust human partners (see e.g. [402, 403]).
Models in slightly di�erent settings propose that trustworthiness depends on 1) Ability,
Benevolence and Integrity [250] (in human organizations), 2) Willingness, Competence
[59] (in multi-agent systems), and 3) Performance, Process and Purpose [227] (when the
human is the trustor and arti�cial agent is the trustee). For this last case, [163] proposes that
the agent’s characteristics a�ecting trust (i.e., perceived trustworthiness) are performance-
based (such as reliability, failure rate, etc) and attribute-based (such as anthropomorphism,
robot personality, etc).

Although there are several interpretations about what exactly trustworthiness is, we
see a tendency to separate it into two bigger dimensions, i.e., one related to the potential
to execute a task successfully (e.g., ability, competence, performance), and another related
to the behaviour that may in�uence the execution of the task, related to the factors that
contribute to one’s intention of performing a task (e.g., benevolence, integrity, willingness,
process, purpose). In fact, these two main dimensions are used in works such as [377],
where authors divide human trust into performance trust and moral trust. Similarly, [254]
shows how humans, besides competence, also perceive warmth in arti�cial teammates,
which also a�ects their decision-making and collaboration [68]. In summary, to assess an
agent’s trustworthiness to successfully execute a certain task, we need to take into account
the agent’s competence and willingness (following [122]’s nomenclature) for the execution
of that task.

Furthermore, the COM-B model for behaviour change [264] suggests that besides
capability and motivation, which align with the two trustworthiness dimensions explored
in the previous paragraph, a person needs the opportunity to behave in a certain way. In
the context of teamwork, opportunity is only possible when a task is available and possible
[41]. In other words, the execution of a task is in�uenced by external factors, which are
contextual conditions determining the situation in which the task is executed [126, 163],
such as team setting, environmental con�guration, emotional state, workload, etc. As such,
to entrust a task to an agent, one needs to have e positive belief regarding the agent’s
trustworthiness (i.e., competence and willingness), as well as a positive belief that the
external factors allow that agent to execute that task.

When collaborating, humans and machines can take di�erent roles [388], i.e., they can
have di�erent interdependent relationships. Interdependence can be soft or hard [194].
Soft interdependence happens when the collaboration improves the task e�ciency, but it
is not required. On the other hand, hard interdependence happens when the collaboration
is necessary for the task to be successful. In particular, in soft interdependencies there can
be a performer and a supporter [193]. The supporter, a teammate that possibly (necessarily
or not) helps the performer, the main teammate involved in completing a task, to do the
task. As such, when designing a human-machine team, in particular, deciding how to
select or allocate tasks, one can select or allocate a speci�c role to perform a task. What’s
more, the competence and willingness required to be a main performer may di�er from
those of being a supporter [288]. Particularly, human teammates may have more or less
willingness to engage in interdependent relationships with the machine, depending on
the human characteristics or machine’s characteristics. Human factors that contribute to
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one’s attitude towards a machine are related to the personal discomfort and concerns in
various interaction scenarios [283], which tend to a�ect the human trust in the machine.
On the other hand, machine’s characteristics that may a�ect the human’s willingness
to collaborate range from machine’s appearance (see e.g. [358]) to machine’s previous
behaviour, such as failure history [61]. As such, distinguishing the levels of competence
and willingness for the di�erent interdependencies gives more insight about the di�erent
feasible team con�gurations.

In this paper, we aim at providing a structured analysis of the dimensions of a per-
former’s competence, willingness and external factors and evaluate the feasibility of each
possible interdependence relationship. The �nal decision of which interdependence is
better for a certain task is left to the user (and trustor) to decide, as this mainly depends on
their perceived risk [121, 173, 361, 362, 405], of trusting and, sometimes, of not trusting,
see e.g. [260]. This is related to the formal belief of dependence, as in Falcone et al. (2004)
[122], which is how much an agent believes they depend on another entity for a certain
goal.

4.3 Table for ITA
The goal of our proposed analysis through a table is twofold. Firstly, we want a framework
that supports team design by providing a more comprehensive analysis of all possible team
con�gurations based on the feasibility of the interdependencies at the atomic task (i.e., a
task that is not composed of subtasks) level. Moreover, for each of these interdependencies,
we want a framework that analyses the trustworthiness of each teammate for a certain
role. For this, we analyse not only the competence/performance dimension, but also the
willingness/intention dimension, as well as the external factors that may restrain that action.
This explicit information should improve the process of design and decision-making in
human-machine teams for task selection and/or allocation, whether this is to be done by a
team member or for a team designer (i.e., not necessarily involved in performing the tasks).
The table can be found in Fig. 4.1. The parts of the table surrounded by scattered thick
dark-red line are to be �lled in by the users. Besides those, the table is automatically �lled
in. In this section, we present the structure of the table and how it can be used.

4.3.1 Structure of the table
Atomic Tasks
When there is a team goal, this needs to be divided into sub-tasks, which in turn can be
divided into other sub-tasks, repeatedly, until the goal is divided into atomic tasks. We call
atomic tasks the tasks that do not need to be broken down into smaller tasks. The analysis
of interdependence and trust will focus on each of these tasks individually. They are to be
decided by the user (further explained in Section 4.3.2).

Possible Performer(s)
For each atomic task, we need to consider who can perform it. The possibilities of perform-
ing an action are doing it independently, i.e., the human as performer (H independent), or
the machine as performer (M independent) or doing it jointly (Joint), as a hard interdepen-
dence. Each of these three potential performers will be analysed in terms of dimensions of
trustworthiness, for each task.
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Figure 4.1: Interdependence and Trust Analysis Table for several atomic tasks that compose the major task of
making fries. Possible performers are the human (H), the machine (M) or both being co-performers (Joint). To
each of these possibilities, we analyse whether they have the skills and knowledge to do a task (whether that
performer can), whether they have the intention and preference to do the task (the performer will) and, �nally, if
the external factors and permissions allow. We can see the resulting feasibility (F) of each performer option and
the resulting feasible con�gurations that leads to. The last column presents the design choice. The areas that
are within the dark red scattered lines are the ones that can be altered by the user. Column F and Con�guration
Feasibility are automatically calculated.

Dimensions
Based on the literature presented in Section 4.2, we include (1) a belief related to ability,
performance, competence (column can in Figure 4.1), (2) a belief which comprehends ev-
erything besides ability that may contribute to the choice of performing a task successfully,
i.e., willingness, benevolence, integrity, and personal preference/motivation for a certain
task, and (3) the context which comprehends external factors (opportunities, permissions),
in our analysis. We can �nd the columns Can?, Will? and Ext. Factors on the table.

4.3.2 How to use the table
Scenario
The scenario that was used to �ll in this table was inspired by cooking scenarios (used in
human-robot interaction studies [151] and human-AI collaboration studies, such as the
test bed Overcooked-AI [55]) and consisted of making fries with a set of constraints. The
constraints were:

� The machine is not allowed to hold a knife (which impedes chopping).

� The human does not want to fry the potatoes, because they are afraid of getting
burnt.

� The human does not know how to fry potatoes.

� The human does not want to peel potatoes if they are the only one doing it.
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Step 1: Atomic tasks
The �rst step for the interdependence and trust analysis is to know what tasks need to be
done. As such, users of the table must �rst agree on which atomic tasks need to be listed
in the table. Determining the atomic tasks and their level of detail can be challenging,
depending on the scenario. However, the idea is to divide the tasks until the point when it
is clear what Joint, Independent H, and Independent M may look like, so that we can assess
the possible performers’ trustworthiness. We decided that making fries includes the atomic
tasks of washing, peeling, chopping, and frying. After establishing the atomic tasks, the
user should start �lling in the areas of the table that are surrounded by scattered thick
dark-red line (in Fig. 4.1). In particular, the user should �ll in the atomic tasks on the table,
in the �rst column.

Step 2: Assessing Trustworthiness
The second step of the ITA analysis is to assess the trustworthiness of the di�erent possible
performers, for each task, by signing each dimension with a ��� if positive or with �X�
if negative. For example, when we analyse whether the human can perform the task
independently, we should consider whether they can (i.e., have the competences, skills,
knowledge...), whether they will (i.e., want to, would choose to do that task) and, �nally, if
they have the external opportunities and resources to do it (i.e., external factors).

For example, the machine was not allowed to hold a knife, which should make the cells
of external factors negative (X ) both for M (machine) independent and joint in the chopping
task. Also, the human did not want to fry, because they were afraid to do it, but also did not
know how to. This information should make Can? and Will? negative (X ) for H (human)
independent and Joint in Frying. Finally, the human did not want to peel potatoes alone,
which puts an X on Will? for H (human) independent.

Step 3: Interpret Feasibility columns
Performer Feasibility (F) column After �lling in the table with the trustworthiness
information, the column F will present the feasibility of each performer, for each atomic
task. This feasibility is negative (X ) if at least one of the dimensions is not feasible (i.e.,
there is an X in one of the dimensions), and positive (�) otherwise. With the information
of which performers are possible for each atomic task, we can infer which con�gurations
are feasible.

Con�guration Feasibility column The team con�gurations are the combinations
of possible roles that each team member can take for a certain task, i.e., the di�erent
interdependencies that can happen in a task. We consider �ve possible team con�gurations
(under Con�guration Feasibility header) for a team composed of one human and one
machine. If we consider independent con�gurations, we can have either a completely
independent human performer (H), or a completely independent machine performer (M).
There are also two possible soft interdependencies, i.e., human with support (H+), which
happens when the human can be independent, but support is possible to increase e�ciency
or reliability, and machine performer with human support (M+). Finally, there is also a
hard interdependence, i.e., mandatory joint (H+M), where human and machine have to
co-perform the task. The con�gurations’ feasibilities are inferred from the performers’
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Figure 4.2: For each team con�guration to be considered feasible, a set of performers need to be feasible as well.
This table shows which performers need to be feasible (in F column) for a team con�guration to be considered
feasible (in Con�guration Feasibility column).

feasibilities (see Fig. 4.2). For example, we consider that if H independent is feasible, then
the team con�guration human performer + no support (H) is also feasible. Having a feasible
joint performer also leads to a feasible mandatory joint (H+M) con�guration. We infer
the supporting roles given that joint is possible, i.e., if joint is possible, support is also
possible (see the peeling example). In the ITA table (in Fig. 4.1), we can see for each task
which con�gurations are feasible. For example, for washing, all con�gurations are feasible
whereas for chopping only human performer without support seems feasible.

Step 4: Design Choice
Once the user knows what the feasible con�gurations are, they have the basic information
to make a decision. In the Design Choice column, the user can pick one of the con�gurations
for each atomic task. The table does not advise for any design. Depending on the tasks and
scenarios, we believe there will be other things to consider when deciding which of the
feasible con�gurations to pick (e.g., workload, values, time to �nish task). Although that is
out of the scope of this paper, we discuss it further in Section 4.7.1.

4.4 Framework
The interdependence and trust analysis (ITA) framework is the conceptual work�ow of the
dynamic information used for decision-making in human-machine teams, which serves
as input and output for the ITA table. The ITA framework can not only be used by a
team designer, with an overview of all tasks and teammates, but also by the teammates
themselves, either human or arti�cial. We envision the ITA framework to be used in two
main ways, both having similar but potentially slightly di�erent requirements on the ITA
table:

1. ITA for human use: A table for human teammates or human team designers to use,
which includes the assessment of di�erent trustworthiness dimensions (competence
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Figure 4.3: The process of decision-making with the help of the table requires information collection (and updates),
de�ned access permissions, and the processing, application, and communication of the structured information of
the table. All these modules are entirely dependent on the use of the table and also on what the user/designer
prefers.

and willingness), and of one context (external factors) dimension, for di�erent team
con�gurations.

2. ITA for arti�cial use: A computed version of the table (with the same dimensions)
which can be used by an arti�cial teammate or arti�cial team designer.

Independently of being used by a human or arti�cially, the framework that surrounds
the table is conceptually the same. Fig. 4.3 presents the framework, and the modules
that treat the information that goes in and out of the table, in the process of design and
decision-making. The two main modules that need to be speci�ed when used the table are
Information Collection and Access. How the information that goes in the table is collected
is entirely dependent on the table’s use and user. For example, if the table is being used by
an arti�cial agent, the information collection can either be done through sensors and/or
machine learning models, or inputted directly by a human. Similarly, who has access to
which table is decided by the team designer. It can be that all team members have a table
of their own and can also see others’ tables, or just one person has a table, for example the
team designer, and this table is private.

Furthermore, this table can be attached to other modules, to be decided by the user/de-
veloper. In particular, how the information in the table is communicated to other team
members is to be decided by the user, e.g. the user can have explanations generated from
the values of the table. Similarly, the decisions that derive from this analysis, how this
information is processed, and how it is applied, are also up to the user, e.g., there may be a
module that uses the table for task allocation. Finally, the consequences of the applications
of the table should lead to updating the table’s information. This module can be related to
how information is collected, but can also be something di�erent entirely. For example,
the �rst time information is collected it may be from a human source (e.g, a manager), but
during teamwork sessions (or after), this information can be updated automatically by an
algorithm.
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There are several potential uses of the ITA table and framework, depending on which
modules the users wish to add. Primarily, the Interdependence and Trust Analysis frame-
work is suitable for task selection and allocation. For example, a machine can compute
the table and use it to make decisions on whether to support the human or not, or who to
call for help for a certain task (see more in Centeio Jorge et al. (2023) [64]). If it is possible
for the machine to update its beliefs regarding other teammates and itself according to
this structure and representation, this framework can provide transparency and potentiate
justi�cations from the arti�cial teammate. For instance, the machine can explain that it
decided to fry veggies, because it believes that its human teammate is not willing or capable
to do it. This can potentially happen either by presenting the table itself or generating text
from it.

In fact, the table can also be seen as a formalisation of the information collected by team
members and team designers, and it can provide shared mental models and communication
(as per [329]). For example, if teammates can share each other’s tables with each other, or
have a centralised one (at least for certain dimensions), it is possible to see when beliefs are
misaligned. To illustrate, perhaps I believe that the external factors do not allow a certain
performer to execute a task, but my teammate disagrees. This can be perceived through
sharing table information among team members. This being said, this framework also
o�ers a good analysis of dyadic (and possibly team) trust, which can facilitate appropriate
and warranted trust among teammates [231] by guaranteeing that the teammates’ beliefs
are aligned.

4.5 Evaluation
We split the evaluation of the table in two phases. The �rst phase was composed of two
expert interviews with two participants each (dyadic interviews) and was intended to
improve the table. The second phase was one focus group composed of �ve participants,
and was meant to evaluate the �nal version of the table (the one presented in this paper).
Before conducting the experiments, we obtained approval from the ethics team of Delft
University of Technology (ID nr 3488).

4.5.1 First phase of evaluation
Dyadic interviews provide several advantages, such as allowing the interviewer to observe
deeper discussions than in an individual interview [271, 367]. At the same time, it is
easier to �nd available and compatible pairs than groups, which brings an advantage when
comparing to focus groups. We ran two dyadic interviews in person, which lasted one
hour and a half each. They were composed of (1) analysing interdependence and trust of a
collaborative task (to be executed by a team composed of one human and one machine) by
�lling in our proposed table, and (2) answering six open questions. The presented table
was an earlier, extended version of the one presented in this paper (in Appendix A.1).
It included the thorough analysis of all dimensions for all �ve possible interdependence
con�gurations. Furthermore, instead of checkmarks, that version made use of a colour
code for feasibility, and the columns had a slightly di�erent name, while referring to the
same concepts.
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Participants
Each dyadic interview of the �rst phase of evaluation was composed of two experts who
were researchers in the �eld of human-machine interaction and collaboration. They were
two men and two women (one man and one woman in each group), with ages between 25
and 35.

Task
The scenario presented to these two dyadic interviews was very similar to the one presented
in Section 4.3.2. However, instead of making fries, participants were told the scenario was
about frying veggies, which did not include the peeling task (as in Appendix A.1). The set
of constraints were �Both machine (M) and human (H) can wash and are willing to do it.
However, the human is not willing to support, though, as she thinks it is not necessary. For
safety reasons, the machine should not use the knife. Finally, the human does not know how
to fry, and she is scared of it too, but can help, and the machine can only do it with help of
others�. Participants were explained the dimensions and interdependence con�gurations
included in the table and asked to �ll it in together, without being presented with an
example beforehand. Furthermore, the questions (inspired by Krueger et al. (2002) [217])
we asked participants at the end included �What is the one thing you liked best/least?�,
�What would you change/keep in the table?� and �In which situations would you use/not
use the table?�.

Data processing
This �rst phase of evaluation served as a pilot and no structured analysis was made. The
authors went through the experts’ comments during the tasks and their answers to the
open questions, and summarized the most predominant comments. These comments were
then used to improve the table.

4.5.2 Second phase of evaluation
After the �rst phase of evaluation, the table was changed according to the feedback received,
taking the shape that we present in this paper. The second part was aimed at evaluating
the current table’s �nal usability with a use case in the domain of �re�ghting. We opted
to do this evaluation online, through MS Teams, since (1) we included participants from
di�erent physical locations and (2) it was easier to collect and process the transcripts. The
session lasted one hour and a half.

Participants
This focus group counted on �ve participants, three men and two women, with ages
between 25 and 55. Two of the participants were �re�ghters, and the other three were
researchers in the �eld of human-agent teamwork (applied to the �elds of �re�ghting,
military and manufacturing), with backgrounds in Psychology and Computer Science.

Use case
For a more realistic evaluation of the table, we looked for a scenario where a human-
machine team is currently developing. As such, two of the participants worked in a �re
department which has been moving towards more autonomous solutions in recent years.
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In particular, they have a robot, which we will call Rob for simpli�cation, which is capable
of moving, recording in real time, extinguishing �res, among other things. Rob is currently
controlled by another �re�ghter through a tablet. The use case in this focus group was
based on the possibility of having Rob moving autonomously. We believe that people that
are already dealing with the challenges of such teams can give better insight regarding the
usability of our table, including the positive and negative aspects of it.

Task
Participants started by being presented to the main concept of interdependence and the
di�erent interdependence con�gurations in a human-agent team. After this, we presented
our table pre-�lled with the cooking example, which was presented in the �rst phase as the
main activity. Finally, participants were given the use case and twenty minutes to complete
the table together, regarding the presented use case. They were asked to think out loud.

In particular, the participants were told �Let’s say that we have the situation of a building
with �re, and you need, as a team, to locate people inside the building. So the subtasks of this
task are moving in general, which is composed of choosing where to move, i.e., planning the
trajectory, and also the actual movement; and clearing the spaces, i.e. scanning/observing
and processing what is scanned/observed. Imagine that there is a team composed of a
�re�ghter and Rob, the robot. The environment does not allow the human �re�ghters to go
in, you can imagine that it can be for several reasons. Imagine also that Rob can go in and
has autonomy. In particular, Rob can move autonomously, but it can also be teleoperated (i.e.,
the human choses the trajectory). It can also scan the environment around and provide some
analysis into the scans. However, the scans should be checked by the human �re�ghter as
well.� The task and subtasks can be found in Fig. 4.4.

Figure 4.4: Task of �nding people divided into subtasks (which are also atomic tasks).

After twenty minutes, the participants were asked the following questions (inspired by
Krueger et al. (2002) [217]):

Q1 What one thing do you like the best?

Q2 What one thing do you like the least?

Q3 Under what circumstances would you use the table?
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Q4 Under what circumstances would you not use the table?

Data Processing
To analyse this second phase of evaluation, we collected transcripts and ran a thematic
analysis [44]. The transcripts were divided into �ve parts, each originating a di�erent
coding scheme. We divided the transcripts collected during the activity, and then for each
question, Q1-Q4.

The �rst author and a double-coder (non-expert) went through the transcripts and
wrote down some codes that came to mind related to comments or questions that may a�ect
the usability of the table. Both coders met to discuss the codes and reach an agreement on
the coding scheme. After agreeing on the coding scheme, both coders coded the utterances
separately. Both coders met one �nal time to agree on the coding. During this meeting,
some codes were merged.

4.6 Results
4.6.1 First Phase
In the �rst phase of the evaluation, most participants showed great interest in using our table
for their personal research works. Among other things, participants mentioned our table
would be useful in the process of designing their experiments’ tasks, calibrating appropriate
trust between humans and machines, and designing explanations. We received negative
feedback mainly based on the colour code of that version of the table, the ine�ciency related
to �lling in the table, and possible overlapping of dimensions. In particular, it was clear
that �lling in the �rst iteration of the table was quite overwhelming for human participants.
All feedback from this phase is already integrated in the version of the table presented in
this paper. The main change was reducing the size of the table. More concretely, in the
�rst version (in Appendix A.1), we assessed the three dimensions for each possible role
(performer with support, independent performer, co-performer, supporter, not involved)
for both human and machine, which gives a total of 24 cells to �ll in per task. In the second
phase, we assess the dimensions only for the possible performers (human independent,
machine independent, co-performers) and assume the support feasibility (as explained in
Section 4.3.2).

4.6.2 Thematic analysis (Second Phase)
The results of the evaluation of our framework are in the feedback given by the participants
during the second phase of evaluation. All utterances can be found in our dataset [66],
published in 4TU.ResearchData. We structured this feedback through a thematic analysis,
which shows the topics that were brought up throughout the activity and question answer-
ing. We calculated the inter-rater reliability for the thematic analysis, resulting in a Cohen’s
kappa [221] of 0.65 (ran with R package irr[139]). This value can be considered substantial
[221] or moderate [253]. Because the double-coder was non-expert, and we allowed for
more than one code per utterance, this value was considered su�cient to proceed to the
analysis. The coding schemes can be found in Fig. 4.5-4.9, with a respective example of a
selected participant’s quote (all quotes available in the dataset [66]). The respective counts
of each code can be found in Table 4.1.
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Table 4.1: This table shows the number of utterances that were attributed with each of the codes (some utterances
were attributed more than one code), and the number of participants that had utterances related to each code. It
also shows the total number of attribution of codes in utterances of a certain phase (i.e., during activity, Q1, Q2,
Q3 and Q4).

Code ID Code name Code count Phase count Participants
A1 de�nition of dimensions 10

50

4
A2 de�nition of role 23 4
A3 de�nition of subtasks 11 4
B1 decision-making 4 3
C1 answer granularity 2 2
D1 good structure 4

11

3
D3 clarity 1 1
D4 dimension 2 2
D5 role 1 1
D6 level of detail 2 1
D7 agreement with �nal results 1 1
E1 unclear de�nitions 4

9
3

E3 missing evaluation criteria 2 2
E4 context-dependent 3 3
F1 supports planning 5

12
4

F2 discussion starter 3 1
F3 robot design 4 4
G1 rapidly-changing situations 1 4 1
G2 di�erent mindsets 3 2
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Activity

Figure 4.5: The coding scheme related to the transcripts collected during the activity.

During the activity phase, participants were invited to ask questions about the concepts
or instructions they could not understand, while being presented the activity. Predom-
inantly, there were questions and discussion regarding the de�nition of the di�erent
dimensions (10 utterances), the di�erent roles (23 utterances), and the task and its sub-
tasks (11 utterances). These continued after the instructions were given, and when the
participants were �lling the table. All of these codes constitute the theme De�nitions
(A0) (in Fig. 4.5 with respective codes and quotes), which then counts with a total of 34
utterances (as in Table 4.1). In table 4.1, we can also see that each of the codes in theme A
was attributed to at least four of the �ve participants.

In particular, the participants had di�culty analysing dimensions separately, i.e., not
making their analysis of one dimension dependent in another. This can be illustrated by
what P4 said, �I don’t know how the �will�, the intention, if the external factors weren’t there,
then he or she would have the intention to do that, but I don’t know how to understand the �will
have to�, whether they could take external factors into account or not.�. The group also showed
di�culty in distinguishing the di�erent roles, which can be exempli�ed by what P3 said,
i.e., �I think that when Rob drives with the remote controller, that’s joint [performer] and it’s not
human [performer]�. Finally, as P1 said �Yeah, but that’s planning trajectory [and not moving],
turns out.�, the participants showed surprise and di�culty in distinguishing the di�erent
subtasks and what they involved. Often times, confusion regarding subtask de�nition led
to confusion in roles and even dimensions, which meant that several utterances in this
phase were coded with more than one code of theme de�nitions (A0).

Besides verbalizing di�culty with de�nitions, several participants also gave their
opinion on the framework, both while receiving the instructions and �lling in the table,
sometimes adding suggestions and asking deeper questions about the use of the framework.
These were mainly about the decision-making process (theme Decision-making (B0)),
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which re�ected two main concerns from three participants: what information distinguishes
two or more feasible options (to do a certain task) when someone needs to make a decision
using the table, and how to optimize the decisions made, and how to evaluate the decisions
once they are made. Furthermore, two participants suggested that the table could have
higher answer granularity (C0), allowing for answers besides yes or no.

Positives (Q1)

Figure 4.6: The coding scheme related to the transcripts that answer the question �What one thing do you like the
best? � (Q1). The blue speech balloons show an utterance that was coded with the corresponding code.

In Fig. 4.6, we can see the codes and exemplary quotes of the answers to Q1, when we
openly asked participants what they liked the most about our framework. Participants
mainly mentioned elements of table composition (D0), which counted with 10 utterances.
These included compliments to the good structure of the table, the level of detail, and
its clarity. Although in the previous phase, participants showed some di�culty with
the de�nition of the di�erent dimensions and roles, they mentioned these elements as
positives of the framework. One participant also mentioned that they liked that, although
there was a lot of discussion, in the end, they all agreed with the �nal result of the table.

Negatives (Q2)
When questioned about the things they did not like (Q2), participants mentioned the un-
clear de�nitions, which aligns with the results we got in activity phase, where participants
discussed the meaning and distinction of roles, dimensions and subtasks. Furthermore, they
also recalled the need for evaluation criteria, which also re�ects the decision-making (B0)
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Figure 4.7: The coding scheme related to the transcripts that answer the question �What one thing do you like the
least?� (Q2). The blue speech balloons show an utterance that was coded with the corresponding code.

in activity. Lastly, participants also showed concern regarding the context dependence
of the table. All codes and exemplary quotes can be found in Fig. 4.7.

When to use (Q3)

Figure 4.8: The coding scheme related to the transcripts that answer the question �Under what circumstances would
you use the table?� (Q3). The blue speech balloons show an utterance that was coded with the corresponding
code.

Four of the �ve participants verbalized that our framework supports [teamwork and
task] planning and that, similarly, it can be used to design the robot or AI required for
a speci�c human-machine scenario or task. One participant also mentioned that the use of
the framework is a good discussion starter. These codes can be found in Fig. 4.8.

When not to use (Q4)
When asked when they would not use the table, participants were less verbal. However,
one participant referred they would not use the table in rapidly-changing situations
(related to the context-dependency, H0, concerning Q2). Two participants also mentioned
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Figure 4.9: The coding scheme related to the transcripts that answer the question �Under what circumstances would
you not use the table?� (Q4). The blue speech balloons show an utterance that was coded with the corresponding
code.

that it might not be feasible to use with people with di�erent mindsets, meaning that
some workers may not have the capacity to sit down and use such a framework beforehand.
Fig. 4.9 shows the exemplary quotes.

4.6.3 Summary of results
Our results were overall positive, counting with more positive comments than negative in
the open answers. The participants were able to use the table as intended and could agree on
the �nal result (code E0). They found it useful for planning (I0), discussing possibilities (J0),
and designing arti�cial teammates (K0). Participants also extensively complimented the
table composition (D0), including the chosen dimensions (D3) and possible con�gurations
(D5).

However, there were also some persistent concerns re�ected in the participants’ com-
ments and questions. They were mainly concerned with (1) the de�nitions of the dimensions
and interdependencies when related to a certain task, (2) the process of �lling the table,
in particular its (in)e�ciency and comprehensive information, and (3) the use of such
information not being enough to make decisions. We discuss these results in the next
section.

4.7 Discussion
4.7.1 Reflection on results and theoretical implications
External Factors
Our results build on existing evidence (as in Johnson et al. (2014) [194]) that an interdepen-
dence analysis can help human-AI team designers identify interdependence relationships in
a joint activity. Four out of �ve participants mentioned that such a tool supports teamwork
and coordination of o�ine planning. Other works have proposed automatic ad-hoc plan-
ning for human-AI teamwork, based on teammates’ task-based competence [16, 25], and
role preference [288, 289]. Our results defend that environment characteristics (external
factors dimension) should also be included in task-allocation methods as ethical concerns
increase, as well as the appearance of new laws related to these. In particular, machines
should not make all the decisions. This is supported by two of the participants’ interven-
tions, which mentioned that the dimension of the external factors was helpful for task
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planning. P5 said �The very �rst positive thing is that you can have a really detailed plan on
what sub functions are needed in order to accomplish an overall task and based on capacities
or as you called it, external limits or the external environment, you have a good indicator of
where you bet your money on.�. Furthermore, P1 said that �I also like the category of the
external factors, which is really important, I think, as more regulation will come also in terms
of the communication to, for example, people who want to deploy like, see opportunities in
human machine teams, but then due to the AI act, it’s not possible any more.�, corroborating
that this dimension should be included in human-AI teamwork design and planning. This
is aligned with [386], which presents a dynamic moral task allocation method, and implies
that further research on how to integrate ethical and legal boundaries in human-machine
teamwork is required.

Communication
As just seen, it can more and more often happen that an AI teammate is capable and willing,
but not allowed, as P1 said, �It’s a very nice distinction for communicating that, yes, it’s able to,
and it’s willing to, but we just cannot let that AI do that right now�. This brings our attention
to the need to communicate the di�erent dimensions that contribute to a machine not
being able to perform a certain task. Although communication does not appear explicitly
in our codes, it does come implicit in some of them, all of them mentioned as positive
characteristics, such as clarity (D2), agreement with �nal result (E0), and discussion starter
(J0). Although there has been an e�ort to explain the automation’s mental states to the
human during and after collaboration (see e.g. [155, 239, 368]), bidirectional communication
should be explicitly included in teamwork design and task planning methods. Further
research is required to investigate how this can be done naturally between the human and
the machine.

Definitions
Both during the presentation of the table and the activity, participants asked about the
de�nitions of dimensions, roles and subtasks (A0-A3 and F0). In particular, the most
predominant concern was related to the de�nition of a certain role for a certain task. For
example, P1 said, �Teleoperating sounds like human support and not joint.� We recognise
a di�culty in de�ning what support and co-perform means, depending on the task. In
the case of the task movement, the robot can be teleoperated or move autonomously. If
a human teleoperates the robot, does it mean the human and the machine do it jointly
(they’re co-performers)? Or is the human the only one performing this action? Or one
is performing and the other supporting, and if so who is what? We believe this di�culty
comes mainly from a lack of precision on what each task means. In these cases, users should
try to divide the tasks into even smaller subtasks so that the roles become clearer. For
example, perhaps if we were to have an atomic task deciding next movement and another
physically changing positions, it would be clearer that both the robot and the human can
decide the next movement (independently) but only the robot can actually change its own
physical position because the human is not physically there to do it. Our �ndings suggest
that existing human-machine models need to be updated in order to incorporate team
con�gurations that are not binary (e.g., leader vs followed as in Noormohammadi et al.
(2022) [288]). These human-machine models should also account for the fact that team
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members having di�erent natures alters the interpretation and meaning of the task (e.g.,
works that assume the same task de�nition for humans and machines [16, 25, 194]).

Filling in the table
In the famous Technology Acceptance Model (TAM) [99], Davis proposes that perceived
usefulness and perceived ease-of-use are the two main factors that in�uence the actual
use of a technology. The author de�nes perceived usefulness as �the degree to which a
person believes that using a particular system would enhance his or her job performance�
and perceived ease-of-use as �the degree to which a person believes that using a particular
system would be free of e�ort� (p. 320). Our results show that it is not always easy to
increase usefulness without increasing e�ort, and vice versa. In our case, asking the user
for more information to include in the table increases usefulness (as more information
can lead to better decisions), however, more information means that the user needs to �ll
in a higher number of cells in the table, which leads to a higher e�ort to the user, which
decreases the perceived ease-of-use.

In order to increase the perceived ease-of-use, we decided to make the cells binary
(check or cross), mostly because we believed this would be easier for a person than to
come up with a value from a certain range (let’s say from 0 to 5). Interestingly, this was
pointed out by a participant (C0), who felt the need to express something other than the
possible answers (check or cross). However, of course a binary value gives us way less
information than a wider range (which may decrease the perceived usefulness). Similarly,
although participants were generally happy with the level of detail (D5), it was also brought
up, as a negative aspect of the table, that the table is context-dependent (H0), i.e., that
changing the context means changing the values in the table. We understand how a user
can perceive this as a negative point, since they would have to �ll in the table again if
the context changes, decreasing their perceived ease-of-use. However, it is hard to make
the table context-free (which improves the ease-of-use) while not decreasing its perceived
usefulness, i.e., having enough information about team members’ competence, willingness
and external factors, in a speci�c context. For example, a machine may be allowed to hold
a knife if a human is not present, but not otherwise. This means that the value in the
external factors dimension is going to change depending on the context, requiring more
information. Nevertheless, we need that information to know whether we can give the
task of chopping potatoes to the machine.

Actually, the fact that the table is context-dependent increased the perceived usefulness
according to other participants (D3), for example, we have mentioned before that some
participants highly appreciated the external factors dimension of the table. The external
factors dimension is the most context-dependent dimension of the table. Trying to accom-
modate the HO, we believe it is possible to reduce the e�ort from the users in real-time, so
that the users do not to change the values in the table whenever the context changes. This
can be done by discriminating beforehand all possible contexts and including this context
in the atomic tasks. For example, we could have the task holding a knife when a human is
around, which will not change depending on the context (since it is in the description of
the task). However, we still need a way of deciding which atomic tasks are used, which
still depends on the context.

With the two examples given in this subsection, i.e., the level of detail in the cells of the
table and the context-dependence, we realise that some participants may feel like they need
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to put in a lot of work before the table becomes useful. Furthermore, as system designers,
we also need to consider that requiring loads of information from the user does not only
harm the user's perceived e�ort, but it may also decrease the overall e�ciency of the
system (since it may take a lot of time to disclose this information, for example, which may
not be possible in real-time). This poses a challenge to AI designers that need to ensure
the compliance with new regulations of transparency, traceability, and accountability that
are emerging around the world, e.g. the European AI Act1, and the IEEE Ethically Aligned
Design2. If we want to have a reliable and transparent framework, that acknowledges its
context and adapts to the circumstances, we may have to disclose a high load of contexts
and nuances, which require a high e�ort from the user. This information is crucial to
properly explain and justify decisions made by agents that possibly use the framework, such
as explaining that they cannot help with chopping because a human is around, and that in
such cases they are not allowed to hold a knife. We expect these challenges to be more and
more present in the development of human-machine systems and collaboration design, as
regulations become stricter. These �ndings show that there is a need for researching guided
conversation to �ll in these tables (also [193, 194]), making the process of human-machine
team design e�ortless to the human, while guaranteeing ethical compliance.

Making decisions
The �nal topic of concern had to do with decision-making itself. Although participants saw
value in the table to help to make decisions (I0, J0), it was mentioned that an evaluation
criteria was missing. Participants felt the need to have further information about what was
the goal of the task allocation, as well as what each subtask meant for the achievement
of that goal. For example, P5 asked�What is the consequence of allocating now a speci�c
function to a human performer, or to a machine performer?�Indeed, there may be di�erent
objectives when allocating tasks in human-machine teams, including reduction of the
non-ergonomic human task, productivity, and human satisfaction [287]. We believe this
information is important, but we decided to keep it out of this version of the table. The
main reason is that the information that is necessary to make decisions, such as expected
workload for each teammate, or total time per team con�guration, is hard to predict and
obtain. In fact, for the �rst phase of evaluation, we prepared a mock side table with this type
of information, to be used before the decision-making step. We learnt from the participants
that this would be very hard to actually obtain for real-life scenarios, e.g., how to calculate
the workload of a human chopping ten potatoes? As such, this poses entirely di�erent
questions than the ones we are trying to answer in this paper. These �ndings suggest
that existing task allocation and decision models (such as [16, 35, 378]) should include
human-centred factors for optimization and utility calculation (reward and penalty), such
as accounting for the system values (see e.g. [165]) and major risks, which should be
changeable from context to context.

Summary of theoretical implications
Results show that experts value our framework and believe it supports human-machine
teamwork planning, discussion and design. The table is successful in improving commu-
nication and supports the team design with machines (and arti�cial intelligence) with
1https : __artif icialintelligenceact:eu_
2https : __standards:ieee:org_wp*content_uploads_import_documents_other_eadv2:pdf

https://artificialintelligenceact.eu/
https://standards.ieee.org/wp-content/uploads/import/documents/other/ead_v2.pdf
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variable levels of autonomy and permission (which is independent of the machine's capa-
bilities). This suggests that Interdependence and Trust Analysis could bene�t planning
and designing of human-machine teams for di�erent contexts such as disaster response
[100], search and rescue [326], cooking [151], driving [24], and healthcare [96]. However,
we found that the interpretation of the table's roles and subtasks can be challenging and
subjective, which suggests that tasks' and roles' de�nitions should depend on the natures
of the agents involved (e.g. di�erent embodiment and cognitive characteristics lead to
di�erent meanings ofsupport). We also see a trade-o� between e�ciency (e�ortlessness)
and completeness (usefulness), as participants appreciate the level of detail and information
of the table, but are not very happy about having to provide so much information during the
analysis. This suggests a need for more natural communication to �ll in the table (instead
of going through the whole table cell by cell), such as guided dialogues. Finally, the focus
group showed a need to include di�erent optimization human-centred policies, depending
on the context, in existing decision-making models for human-machine collaboration. For
example, in some scenarios it might be important to reward a certain value (e.g. safety)
more than others (e.g. privacy), or simply maximize for user's satisfaction.

4.7.2 Limitations and future work
Our work and method present some limitations that also open ways for improvement
in future work. As we mentioned earlier in this section, there is a trade-o� between
e�ciency (e�ortlessness) and completeness (usefulness), which may impact the reliability
and adaptability of the system. This being said, we had to compromise on the amount
of information included in the table. Such decisions also led to assumptions which may
be seen as limitations. In particular, we had to reduce the rows of the table, which led to
assuming that the feasibility of an agent's support could be inferred from the feasibility
of that agent's independence. Ideally, we would have a separate analysis for support, but
that proved to be overwhelming to participants. However, there may be applications in
which an extended version of the table (as in Appendix A.1) can be more suitable, and
so users can still use a broader version of the table. In fact, in future work, we would
like to implement arti�cial agents that use the table as a support for task selection and
allocation (stage 2 in 4.4). In such cases, the agent needs to form and update beliefs about
all dimensions, all teammates, all tasks, and respective interdependence roles. It is surely
less overwhelming for an arti�cial agent than for a human to deal with a bigger table,
while at the same time more necessary, as that table will explicitly include the important
information. After stage 2, we also want to explore learning algorithms that update the
table automatically throughout interactions. Furthermore, we would also like to implement
an automatic generation of explanations and/or justi�cations for the AI that makes use of
this framework for task allocation or selection.

Another possible limitation is that this interdependence and trust analysis (ITA) table
assumes that an agent that uses it has full knowledge, i.e., enough information regarding
all agents and all dimensions, to �ll in the table. We have not accounted for cases in which
there is no such knowledge, and what that means in terms of feasibility. In future work, we
would like to accommodate this option. It would also be relevant to �nd a way to represent
the accuracy of each cell. For example, perhaps an agent believes that the other can do a
task independently, but is not 100% sure. This may a�ect their future decisions, so it should
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be represented, as it will a�ect the future risk of the decision. Overall, risk is not included
in this analysis. Besides accuracy, we can also see the risk of going for a speci�c design
choice, and even the risk ofnot going for a speci�c design choice. It has been mentioned
that one of the participants' concerns was how to make a decision after knowing which
con�gurations are feasible. We have mentioned that there might be several criteria that
would prioritise some choices over others, and risk is de�nitely one of them. However, risk
is also hard to calculate and assumes there is knowledge for that, so for simpli�cation, we
did not include it.

Finally, the thematic analysis used for evaluating the table has its limitations, such
as possible bias and dialogue manipulation of a more leading or dominating participant
[156]. Although we made sure to ask the questions to each participant, one's answers are
naturally a�ected by the others'. The focus group of the second phase of the analysis was
composed of �ve people, which is considered by some authors to be enough [156], but
some others consider it to be too small of a group [270]. We acknowledge the limitation
of the small sample size of the two dyadic interviews and the focus group. Although
this method gives us an initial understanding of how experts perceive our framework,
further research is necessary to study the extent to which these insights transfer to other
groups of human-machine team designers. The thematic analysis inter reliability was
considered su�cient, as the double coder was not an expert in human-machine teamwork
and utterances allowed multiple codes. Most disagreements were in the cases of multiple
codes, especially in the ones that included de�nitions of dimensions, roles or subtasks
(themede�nitions). For example, in the quote �So in case of or for the subtask peeling, the
human doesn't want to... but how is it then a mandatory joint?�, we see dimensions, tasks
and roles being mentioned. It can be hard to decide what is the most important code(s) for
such utterance. In future work, we want to run a more objective evaluation of the table in
a more involving scenario.

4.8 Conclusion
In this paper, we present an extension of the Interdependence Analysis for human-machine
teams. Our approach includes a discriminated analysis of the trustworthiness dimensions
of competence (i.e., skills, knowledge), willingness (i.e., intention, preference) and external
factors (i.e., opportunity, resources), for each possible team interdependence con�guration,
for each subtask. This table can support the design of human-machine teams, including the
allocation of tasks. In fact, it can also be used for decision-making of team members, either
human or machine, supporting task selection too. By using this table as a shared mental
model, decisions may become more transparent, justi�able and interpretable, which may
lead to an increased and appropriate trust among teammates.
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5
Willingness-based Task

Allocation in
Human-Machine Teams

In human�machine teams, task allocation algorithms typically prioritize competence and
other performance-related factors, overlooking human willingness to perform speci�c tasks. A
recent framework proposed incorporating both competence and willingness into task allocation,
but its e�ects on teamwork outcomes remain untested. This paper investigates the impact
of willingness-based task allocation in a simulated search and rescue (SAR) setting. We
conducted a 2x2 user study (N=72) in a 2D grid-world SAR scenario, where human participants
collaborated with two virtual robots, which either used a willingness-based or a balanced
task allocation strategy. Half the participants were able to change the task allocation, prior
to the start of the mission. Participants preferred robots and plans that accounted for their
preferences, yet willingness-based allocation did not signi�cantly in�uence trust in the robot
or perceived team �uency, as these remained high throughout. Moreover, allowing changes to
task allocation improved human performance. Our �ndings also suggest that the bene�ts of
incorporating willingness may be context-dependent, with greater potential in lower-stakes
tasks and longer-term teams.

This chapter is written in American English and it is partly based on a workshop publication:
q Centeio Jorge, C., de Visser, E. J., Tielman, M. L., Jonker, C. M., & Robert, L. P. (2024). Arti�cial Trust in Mutually
Adaptive Human-Machine Teams. In Proceedings of the AAAI Symposium Series (Vol. 4, No. 1, pp. 18-23).
This chapter is also submitted for publication as follows:
Centeio Jorge, C., Jonker C. M., Robert, L. P. de Visser, E. J. & Tielman, M. L. I know you're capable, but are you
willing? Allocating tasks in human-machine teams. (Under review)
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5.1 Introduction
Imagine a search and rescue (SAR) scenario, where a robot equipped with basic commu-
nication tools and navigation collaborates with a human �re�ghter who can do those
things too. To operate e�ectively as a team, they must coordinate, which includes deciding
on task allocation and interdependencies. TheInterdependence and Trust Analysis(ITA)
framework [69] proposed a way to evaluate the di�erent possible interdependent solutions
in a human-machine team, based on three dimensions: the team members' competence,
the team members' willingness, and external factors (such as permissions or physical
obstacles). ITA is an extension of theInterdependence Analysisby Johnson et al. (2014)
[194], which is based on the dimension of competence (named in the paper as capacity),
and it is motivated by the hypothesis that when working with humans knowing their
competence is not enough. Instead, the authors say that it is necessary to know the human
teammates' preferences and motivations (i.e., willingness) for sustainable teamwork. This
dimension has been overlooked in the task allocation and planning literature in human-
robot collaboration and, while ITA has proposed it, its e�ects on actual teamwork and the
human collaborator have not been empirically tested. This paper investigates the impact
of incorporating a human teammate's willingness into task allocation through a user study
in a 2D SAR simulation.

In human-robot teams, employed in situations ranging from search and rescue [100,326]
to domestic settings [151], each teammate has a set of attributes that make them more or
less suitable for speci�c tasks. Accurately modeling these attributes can improve machine
task selection [85], the overall process of team design [194], and task allocation [16]. One
frequent way of allocating tasks is by focusing on the competence or other performance-
related characteristics of each teammate for the di�erent tasks, maximizing the physical
and cognitive capabilities of team members in relation to task demands [51, 236]. However,
as humans, we choose tasks not only based on our competence to do them, but as a
result of a trade-o� between cost and bene�t [273], such as perceived e�ort and reward
[406], which is intertwined with how we feel [369]. This suggests that, when modeling
task selection and allocation between humans and machines, we should also consider the
human's willingness to do the di�erent tasks. However, although task allocation models in
human-robot collaboration have begun to consider human preference and adaptability (see,
e.g., [107, 427]), the e�ects of these task allocation strategies on the human collaborator
remain unexplored. In addition, when we consider dimensions other than those directly
related to per�rmance, task allocation becomes more complex to calculate and optimize,
and it is nontrivial to decide on the weights for each dimension [85]. This work presents
an e�ort to understand the weight and context-dependence that human task willingness
should have in human-machine task allocation.

The main goal of any team is to be e�cient and driven by trust, communication,
and shared mental models [329]. These driving mechanisms are in�uenced by the ma-
chine teammate's behavior, including its decision-making, and the outcomes of those
decisions [32, 216]. On the one hand, trust and communication a�ect each other, e.g.,
strong communication can build trust, and vice versa [335]. On the other hand, both trust
and communication are shaped by shared mental models, which include an understanding
of each teammate's characteristics and how those characteristics inform their decisions
[77, 199], such as task selection and allocation. The ITA framework [69] suggests that a
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mental model with the human characteristics of competence and willingness for di�erent
tasks is a good basis for a task allocation strategy that potentiates e�ective teamwork. How-
ever, we lack evidence on how willingness-based task allocation a�ects human trust in the
arti�cial teammate, their overall satisfaction with teamwork, and the actual e�ectiveness
of the team.

This paper presents a 2x2 mixed-design user study (N=72) simulating a search and
rescue (SAR) scenario in a 2D grid world, where human participants collaborate with
a virtual robot to transport all victims to a safe zone. Each participant works with two
di�erent robots in separate missions. Before each mission, the robot presents a task
allocation plan, either willingness-based or baseline. After each interaction, participants
report their perceived trust, trustworthiness, and team �uency. The main contributions
are: (1) the design and implementation of a user study on human�robot teamwork, (2) a
quantitative analysis of the e�ects of willingness-based task allocation in trust and team
�uency, and (3) a quantitative and qualitative analysis of the contextual role of willingness
in task allocation. The remainder of the paper is structured as follows: Section 5.2 reviews
the background and related work, Section 5.3 describes the task and study design, Section
5.4 presents the �ndings, Section 5.5 discusses them, and Section 5.6 o�ers concluding
remarks.

5.2 Background
In human social interaction, we often evaluate each other along two key dimensions:
competence (related to ability) and willingness (related to warmth) [133]. These dimensions
help us decide, for example, who to take as partner in collaborations. Similarly, in multi-
agent systems, trust is de�ned as a belief in another agent's competence and willingness
to perform a task [122], or in organizational trust models, as a belief in someone's ability,
benevolence and integrity [250]. How important competence-related characteristics are
compared to warmth-related ones depends on the task and context [177].

Azevedo-Sá et al. (2021) [25] and Ali et al. (2022) [16] propose task allocation models
for human-robot collaboration based on trust modeling. These models focus on match-
ing the team members' capabilities with the task requirements, focusing on expectation
maximization of performance. This is aligned with the classical work of Fitts (1995) [134]
presented the MABA-MABA list (men-are-best-at, machines-are-best-at), which outlined
human and machine strengths across functions such as memory, speed and judgment. This
work set the base for several task allocation methodologies to be competence-driven, with
the main goal of increasing task performance, especially in manufacturing and assembly
line contexts [51, 243, 410]. Furthermore, recent works suggest that task allocation and
planning methods should account for human ergonomics [130, 242, 263], which in�uence
human competence over time, and make dynamic allocation and planning methods to be
necessary [17, 302, 409]. These methods generally keep updating task allocation during the
interaction, based on the perceptions of the robot teammate's competences or capabilities.
Similarly, Ramachandruni et al. (2024) [310] suggests a method for mutually adaptive task
planning, where the robot observes the human and adjusts its plan around what the human
is doing, based on computed capabilities and costs with a hierarchical task network.

The optimal solution in human-robot task allocation, however, may not be the one that
prioritizes competence-related characteristics [370]. In fact, Lohrmann et al. (2024) [236]
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demonstrates that when robots understand human cognitive tendencies and de-emphasize
reward-maximizing behavior, the human-robot collaborative outcomes improve. In this
work we are interested in understanding what makes people willing to take and succeed
at a task, besides their competence. This willingness is often linked to motivation and
to a cost-bene�t trade-o�, i.e., individuals weigh the e�ort required against the reward
o�ered and decide whether that task is worth pursuing [181, 212, 273]. Furthermore, people
compare their cost or bene�ts of actions with those of others and make judgments about
fairness [110]. Although people sometimes engage in unpleasant activities for long-term
bene�ts to support long-term welfare, consistently prioritizing disliked activities without
positive experiences can be demotivating [369]. Motivation, especially when coming
from personal interests and values, leads to task preference, which is also correlated with
higher e�ort and better outcomes [176, 208, 339]. Literature also shows that incorporating
human preferences into planning can improve perceived likability and intelligence [245] of
interactive robots. These �ndings suggest that humans willingness (including preferences
and motivations) to do di�erent tasks should be included in task allocation methods.

Recent studies have begun to incorporate human preferences into task allocation frame-
works. Centeio Jorge et al. 2024 [69] (also found in this dissertation's Chapter 4) proposed
a formal framework that incorporates both competence and willingness dimensions into
task allocation and selection for human-machine team design, but the method does not
provide any �nal solution. Dhanaraj et al. (2024) [107] introduced a method for preference
elicitation to support scheduling algorithms, although they did not evaluate the e�ects on
users, and Zhao et al. (2023) [427] proposed a learning-based approach to infer preferred
tasks during human-robot collaboration. While these methods re�ect an increased promis-
ing focus on preference, they have only been evaluated through simulation, or pilots with
humans. In summary, existing approaches to task allocation in human-robot collaboration
have begun to consider preference and adaptability, but the impact of including human's
task-based willingness on the human collaborator and actual team e�ectiveness remains
underexplored.

Furthermore, e�ective communication is a pillar in teamwork and decision-making [286,
329, 397, 399]. Particularly, [331] calls for ensuring meaningful human control of machine's
decisions in morally-sensitive situations. This suggests task allocation in environments
that may involve human lives (such as search and rescue scenarios), for example, ethically
require human-in-the-loop. Moreover, [370, 371] show that allowing people to in�uence or
participate in task allocation increases perceived autonomy, satisfaction and task identity.
Furthermore, increasing transparency and communication during task allocation has been
shown to improve e�ciency in collaborative work [320]. Similarly, Azhar et al. (2017)
[26] highlight that shared decision-making in human-robot collaboration improves team
performance. Failing to adapt the robot's behavior to the human teammate can deteriorate
trust and satisfaction in human-robot collaborations, even when the robot's goal is to
increase team performance [285]. In fact, [83] shows that decision-making that takes into
account the human's trust dynamics can improve long-term performance. These �ndings
suggest that humans' feedback should be included in task allocation methods, both for
ethical considerations and overall human trust and satisfaction.
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5.3 Method
A 2x2 mixed-design user study was conducted. The study was approved by the research
and ethics committee of TU Delft prior to the start of the experiment (ID No 5121), and it
was preregistered in the Open Science Framework (OSF) [60].

5.3.1 Participants
Seventy-four participants were recruited through the professional network of the re-
searchers. Given technical issues, the �nal participant count is N=72. Participants were
mainly people with technical backgrounds, with ages between 18 and 65, of which 46 were
in the age-group 26-35. Forty identi�ed as male, thirty as female, one as non-binary and
one preferred not to say. Their cultural background was mainly European (44), and Asian
(20). Regarding their video game experience, 21 reported high, 32 average and 19 low.

5.3.2 Materials
Task
To answer our research question, i.e., to explore the e�ect of willingness-based task alloca-
tion on participant's trust and teamwork, we needed a task with the following requirements:

1. The task represents a shared goal, where one human (participant) and one arti�cial
agent need to collaborate to achieve success.

2. The task is composed of sub-tasks with variable characteristics that can elicit di�erent
willingness from the human.

3. The level of competence required for each sub-task is similar.

4. The level of competence of each teammate for each sub-task is similar.

5. There are (at least) two possibilities of task allocation of the sub-tasks between the
arti�cial agent and the human.

6. There is (at least) one plan for task allocation that takes into account the participant's
willingness, and one that does not.

7. The di�erent task allocations should not have a signi�cant di�erence in terms of
e�ciency, e.g., one should not be much faster than the other, for either teammate
and in general.

Environment: With the Matrx [187] package, we built a 2D grid-world that simulates a
search and rescue scenario (see Fig.5.1) in python [305]. The environment presents four
areas A, B, C, and D, with two sub-areas, 1 and 2, each. Areas A and D are on dry ground
whereas C and D are in water. Participants' movement would be laggy in water, and it
would also produce a safety beeping sound.
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Figure 5.1: Environment developed with Matrx [187] to simulate a Search and Rescue scenario for human-robot
collaboration.
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Mission: There are two victims in each area (randomly assigned per mission) that need
to be brought to the safe zone in the center, by either the human participant (wearing
an orange hat in Figure 5.1) or the virtual robot. Participants have full visibility of the
whole grid, and they can move freely, pick up and drop o� any victim, using the keyboard.
Victims need to be brought to the safe zone in a speci�c order: looking at the safe zone,
victims should be brought in line by line, from top left to bottom right, as if one is reading
in English. There is a time limit of �ve minutes per mission to bring all victims to the safe
zone, but this is plenty to complete the mission.

Willingness manipulation: The task is designed to elicit a lower willingness for the
sub-tasks in water. Rooted on the idea that more e�ort and discomfort decrease a person's
motivation towards a task [181, 212, 273], we made the team members' avatars lag when
moving in the water, imitating what happens when we walk in water. In addition, when the
human participant is in the water, there is also a beeping sound, simulating a safety protocol.
This repetitive sound is intended to provoke mild discomfort, also decreasing the willingness
towards going to water. In case the sensory manipulations would not be enough to elicit
willingness variation in a virtual simulation, we explicitly told participants that one of their
personal goals was to keep their time in water as low as possible, increasing the chances
of having willingness variation across tasks, and consequently di�erent task allocation
plans. Participants were told:�Now, imagine that going into the water is something you don't
like doing. You can enter the water, but your avatar will slow down, which is uncomfortable.
Also, you wear a water sensor that beeps for safety purposes. There will be a timer tracking
how long you spend in the water. One of your personal goals is to keep this time as low as
possible.�Although this did not motivate participants to decide on their willingness freely,
they were still presented a trial and asked for their willingness, after interacting with the
environment. Our goal was to manipulate people's willingness, making it decrease towards
tasks in water (i.e., in areas B and C), so that we would ensure di�erent task allocation
plans. We also expected some people to be less willing to do tasks further away (i.e., in
areas 2), as it takes more time, and hence more e�ort.

Score: There is a simple scoring system in place. For each victim dropped in the right
place and order, the participant gets 5 points, while they would receive only 2 points for
victims that were dropped in the right place but out of order (e.g., the participant did not
realize that one of the previous victims was missing).

Trial: There was a trial version of the mission, with only one victim per area (in all areas),
and no virtual robot present. During this trial mission, the participant could get familiarized
with the environment, reducing the learning curve between the within conditions.

Self-reported willingness: After playing a trial version of the mission, participants were
asked to answer how willing (6-point Likert scale willing/unwilling) they were in terms of
the soil and distance characteristics. In particular, they were asked how willing they were
to rescue victims from areas that wereclose, far, in dry soilandin water. Participants were
expected to report a lower willingness to perform tasks in water.
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Virtual robots: Participants were asked to collaborate with two di�erent virtual robots
(one per mission), namely Argo and Bolt. The robots were represented by slightly di�erent
avatars. Each robot, before the start of the mission, suggested their plan for task allocation,
i.e., which areas would be the responsibility of the human participant to rescue victims
from, and which areas would be the responsibility of the robot. The virtual robots had
identical in-game behavior. Once the mission starts, the robot checks which victim needs
to be rescued next (based on the order stated on the safe zone) and that is, in one of
its assigned areas. Then, it moves towards that victim, picks it up, and brings it to the
respective icon on the safe zone. The robot follows the order shown in the safe zone and
only places the victim on its icon if that is the next victim to be placed. Before placing a
victim, the robot checks whether all previous victims in the sequence have been delivered.
If there are missing victims and they are in one of the areas assigned to the human, the
robot waits until that victim is delivered before placing the victim it is carrying. After
delivery, the robot proceeds to the next victim in the safe zone order that is in one of
the robot's assigned areas. The only di�erence between the virtual robots was the task
allocation strategy, and the participants were aware of that. They were told�Argo and Bolt
may have di�erent task allocation strategies�.

Conditions
The two di�erent virtual robots, with distinct task allocation strategies presented two
within-subject conditions, one with willingness-based task allocation (conditionWill ) and
a baseline (conditionnoWill). We also had two between-subject conditions, which di�ered
in terms of communication, i.e., one allowed a closed-loop (conditionComm) and the other
was one-directional (conditionnoComm). In this section, we clarify the di�erences between
the existing conditions.

Task allocation: We developed two di�erent task allocation strategies for the mission:
baseline and willingness-based. The baseline allocation was static and the same for all
participants. It consisted of dividing the tasks equally in terms of e�ort, i.e., areas A1, A2,
B1, and B2 would be assigned to the human and C1, C2, D1 and D2 to the virtual robot. The
willingness-based task allocation, however, was dynamic and maximized the willingness
of the human. If there was any variation on self-reported willingness, we cumulated the
willingness for each pair of characteristics (i.e., dry ground and close by, water and close
by, dry ground and far, water and far), and assigned the four areas corresponding to the
top two pairs. For example, if someone givesVery willing (6)to all characteristics except
water, to which they giveVery not willing (1), they'll be given areas A1, A2, D1 and D2.
In case the human did not show any variation in self-reported willingness across tasks,
the willingness-based task allocation presents the same plan as the baseline. The task
allocation strategy and the name of the �rst and second robot was counterbalanced across
participants to control for order and identity e�ects.

Communication: Teamwork ideally includes a closed-loop communication [329], mean-
ing that the task allocation should incorporate human feedback [370, 371]. However, if we
allow the human to change the task allocation plan, we cannot see the e�ect of willingness-
based task allocation plans, as users may change them. For that reason, we had two between
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conditions: one in which the human was presented the plan for task allocation and could
not change it (noComm), and another condition in which the human could freely alter the
task allocation plan (Comm) presented by the virtual robot, before the start of the mission,
as long as each was assigned the same number of tasks. We expected participants with
stronger preferences for speci�c type of tasks (i.e., di�erent values of willingness across
tasks) to make more changes in the baseline task allocation.

Measures
Co-variates: There are variables external to those manipulated that may a�ect our results.
For example, how one (trustor) trusts another can be in�uenced by the trustor's propensity
to trust[250], which is de�ned before the interaction. Similarly, how one performs in the
simulation may be a�ected by their experience with video games. To avoid biases in our
results, participants were asked to �ll in theirpropensity to trust technology[119], their
video game experience (low, average, high), and other demographics such as age, gender,
and cultural background, before the experiment started.

Self-reported measures: participants were asked to reportteam �uency[149], perceived
trustworthiness[118], andtrust [119]. All these measures were composed of 7-point Likert
scales (agree/disagree). We have removed the original item 7 from team �uency (The human
worker was necessary to the successful completion of the tasks.) since, in this context, it
would mean the same as the original item 8 (I was necessary to the successful completion of
the tasks).

Objective measures: For each mission, we logged several objective measures, including
the total timeand thenumber of victims rescuedper team member, along with the areas
assigned to each member. This allowed us to calculatecompliance, i.e., the number of
victims rescued by the human in human-assigned areas divided by the total number of
victims rescued by the human (in both human-assigned and robot-assigned areas). This
value ranges from 0 to 1; values below 1 indicate that some of the human's rescues occurred
in robot-assigned areas.

Other questions (all with possible open-answer justi�cation of answer): To better
interpret the scale-based responses, we included questions assessing participants' robot
preferences and their awareness of the robot's allocation strategies. We also examined their
views on the importance of incorporating willingness into task allocation, and whether
these views di�er between short, infrequent collaborations and longer-term ones. We
hypothesize that longer collaborations heighten the need to consider human willingness,
as repeatedly assigning disliked tasks without positive counterbalances can be detrimental
[369]. Finally, we sought to understand how to weigh di�erent objectives when optimizing
task allocation, asking participants to rank di�erent objectives, and to identify which
contextual factors might in�uence their answer.

O1: Which robot would you be more likely to collaborate with in the future?(answer
options: Argo, Bolt, both, none, I don't know)
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O2: Do you think that any of the robots took into account your willingness when suggesting
the task allocation?(answer options: Argo, Bolt, both, none, I don't know)

O3: Participants were asked to imagine the following scenarioImagine that you are going
to collaborate with one robot on a search and rescue mission. You know that you will
only collaborate once, and that mission will take at most one day. That robot is in charge
of allocating tasks, i.e., deciding which tasks you have to complete and which tasks it
(the robot) has to complete.followed by the questionHow important would it be for
that robot to know and to consider your willingness when allocating the tasks for this
one mission?(possible to answer in a 7-point Likert scale important/not important).

O4: Participants were also asked to imagine the following scenarioImagine that you are
going to collaborate with one robot on several search and rescue missions. You know that
you will collaborate on several missions, and that there might be up to �ve missions per
week for a whole year. That robot is in charge of allocating the tasks, i.e., deciding which
tasks you have to complete and which tasks it (the robot) has to complete.followed
by the questionHow important would it be for that robot to know and to consider
your willingness when allocating the tasks for these missions?(possible to answer in a
7-point Likert scale important/not important).

O5: Finally, participants were asked to rank factors that are important when doing task
allocation. In particular, they were askedSometimes, to prioritize your willingness in
task allocation, the robot may need to disregard other criteria. Please indicate (rank)
how you think the robot should prioritize the following factors when planning the task
allocation, i.e., deciding which tasks you have to complete and which tasks it (the robot)
has to complete.The factors were:Your willingness (e.g., you have a preference for
certain tasks), E�ciency (e.g., completing task in the lowest amount of time possible),
E�ectiveness (e.g., all goals achieved), andThe robot's willingness (e.g., the robot has
a preference for certain tasks). They were also askedWould you change the ranking
order depending on contextual factors? If so, which ones and why? (Optional).

5.3.3 Procedure
The study took place in person, with a researcher and one participant in the room. Each
participant sat in front of the researcher, facing a monitor, a mouse and a keyboard, all
connected to the researcher's laptop. The researcher could not see the monitor screen
during the experiment. When the participant arrived, there were two tabs open on the
monitor screen: one with the simulated game (with the tutorial version) and another one
with a survey. After a trial mission to familiarize participants with the task and interface,
each participant completed two collaborative missions with each virtual robot. After each
mission, participants completed the self-reported scales of trustworthiness, trust and team
�uency. The experiment concluded with the set of tailored questions about the participant's
experience.
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Figure 5.2: Patterns on willingness values indicated by the participants after the trial mission, across tasks in
water(M=3.75, SD=1.48), indry soil (M=5.78, SD=0.45), inclosedistance (M=5.69, SD=0.55), andfar away (M=4.99,
SD=1.01).

5.4 Results
5.4.1 Willingness across tasks
We started by checking whether participants reported di�erent levels of willingness per
task, when asked about it after the trial. Figure 5.2 shows the patterns of willingness values
for the four possible characteristics of tasks, i.e., close, far, dry and water. Since the shapiro
test [347] showed that the distribution of the willingness values were not normal, we
ran a pairwise Wilcoxon rank-sum test [413] to verify whether the di�erences in average
were statistically signi�cant. Indeed,water's willingness score (M=3.75, SD=1.48) was
signi�cantly lower than dry (M=5.78, SD=0.45), withU = 4607;p < 0:01, signi�cantly lower
than close(M=5.69, SD=0.55) withU = 4531;p < 0:01, and signi�cantly lower thanfar
(M=4.99, SD=1.01) withU = 3873;p < 0:01. Also,far was signi�cantly lower than both
close(U = 3733;p < 0:01) anddry (U = 3886;p < 0:01).

5.4.2 Allocation plan
Changes to the plan Next, a Brunner-Munzel Test [47, 140] test showed that, before the
start of the mission, participants made signi�cantly fewer changes to the task allocation
plan presented by theWill (M=0.37, SD=0.77) agent that to thenoWill agent's (M=1.20,
SD=0.96), with BM(65)=4.01,p < 0:01. During the mission, compliance values were high
throughout and there were no signi�cant di�erences among conditions.

E�ect on e�ciency All participants successfully �nished all the missions, collabora-
tively bringing all the victims to the safe zone within the time limit.Game timewas
signi�cantly shorter in the condition that allowed the participants to change the plan
(Comm), with main e�ect of group Q(1, 40.04) = 8.03, p < 0.01, with an estimated trimmed
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Figure 5.3: Violin plot showing the distribution of changes made by the participant across robots. The plot
illustrates the density, median, and variability within each group.

di�erence of 18:8seconds. The robust between-subjects e�ect test (sppba ) also supported
this di�erence (p = 0.014).

5.4.3 Self-reported trust and preferences
Robot preference and perception To analyze the di�erence between the two types
of task allocation (Will or noWill), we investigated the self-reported measures of those
participants who showed a variation in willingness across tasks (N=64, with 35 participants
in the comm condition). Table 5.2 shows that when asked which virtual robot they would
more likely collaborate with in the future (question O1), 56.3% of the participants said the
name of the one that implemented a will-based task allocation, while 25% said the name of
the baseline one, 14% said both, and 4.7% said they don't know. Similarly, when asked if any
of the virtual robots took their will into account (question O2), 62.5% of the participants
said the name of the one that implemented a will-based task allocation, while only 6.25%
said the name of the baseline one, 7.8% said both, 20.3% said they don't know, and 3.1% said
none of the virtual robots took their willingness into account. We can also see that 42.19%
of the participants that recognized correctly which robot included their willingness in the
task allocation, also preferred the robot. However, 14% of the participants still preferred the
robot that did not base the task allocation on their willingness, although they recognized
that.

Trust, trustworthiness and team �uency We ran robust mixed-ANOVA (with the R
package WRS2[241]) to investigate both main and interaction e�ects on the self-reported
metrics (see Table 5.1). The averages of trust, perceived trustworthiness (including its
sub-metrics of ability, benevolence, and integrity), and team �uency were high across all
conditions and showed no statistically signi�cant (p < 0:05) di�erences. This means that
none of our initial hypothesis was proven.
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Table 5.1: Means (M) and Standard Deviations (SD) for trust, trustworthiness (and sub-metrics), and team �uency.

Comm noComm

Will noWill Will noWill

Trust M = 5.04,
SD = 1.43

M = 4.82,
SD = 1.26

M = 5.03,
SD = 1.50

M = 5.06,
SD = 1.30

Trustworthiness M = 5.31,
SD = 1.01

M = 5.05,
SD = 0.78

M = 5.21,
SD = 0.79

M = 5.16,
SD = 0.78

Ability M = 5.75,
SD = 1.27

M = 5.33,
SD = 1.13

M = 5.73,
SD = 0.82

M = 5.71,
SD = 0.92

Benevolence M = 4.53,
SD = 1.46

M = 4.24,
SD = 1.38

M = 4.30,
SD = 1.75

M = 4.09,
SD = 1.56

Integrity M = 5.66,
SD = 1.13

M = 5.57,
SD = 0.87

M = 5.60,
SD = 0.83

M = 5.69,
SD = 0.77

Team �uency M = 5.18,
SD = 0.76

M = 4.90,
SD = 0.96

M = 4.74,
SD = 0.92

M = 4.83,
SD = 0.97

5.4.4Contextual importance of willingness-based task allo-
cation

Relative importance of willingness When asked to rank their willingness importance
relatively to other objectives (question O5), most participants rankede�ectivenessas the
�rst (N=48) objective to optimize for when planning task allocation. After that, most ranked
e�ciency as the second (N=37) objective, and human's willingness as thethird (N=44).
Finally, the robot's willingness was ranked by most (N=67) as the last objective to lead the
optimization. Figure 5.4 shows the heatmap and counts of each objective and each position
in the rank.

Importance of willingness in short-term vs long-term collaboration Figure 5.5
shows the di�erence betwee O3 and O4, i.e., the reported importance of willingness in
short-term collaboration (M=3.4, SD=1.12) vs long-term (M=4.1, SD=1.04). A Wilcoxon
rank-sum test showed these answers were signi�cantly di�erent (U = 1643:5, p < 0:01).

Contextual factors that shape willingness importance All the data (N=74) justifying
the relative importance of willingness (O5) was used for a thematic analysis [44], since
the technical problems are unlikely to a�ect what a person values in task allocation. Our
dataset [63] can be found in 4TU.ResearchData. This analysis followed the question�Which
contextual factors may in�uence the importance of willingness as an objective in human-
robot task allocation?�The �rst author and a double-coder (non-expert) went through the
answers and wrote down some codes that came to mind related to the question posed.
Both coders met to discuss the codes and reach an agreement on the coding scheme. After
agreeing on the coding scheme, both coders coded the utterances separately. Both coders
met one �nal time to agree on the coding. We calculated the inter-rater reliability for the



5

98 Chapter 5

Figure 5.4: This heatmap shows how participants prioritized the di�erent objectives for task allocation. It shows
how many participants placed each objective in each rank. Rank 1 is highest priority, rank 4 lowest.

Figure 5.5: Counts on answers to O3 and O4. This plot shows how participants believe it is important to consider
their willingness when allocating tasks for short (O3) and long (O4) collaborations.
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Table 5.2: Percentage of response combinations between preferred robot (rows) and perceived willingness-based
task allocation in robot (columns). For example, while62:50~correctly detected which robot incorporated their
willingness into task allocation (Will), only42:19~ of the participants preferred that robot knowing that said
robot incorporated their willingness. Overall,56:25~of the participants preferred the Will robot, whether they
realized it was taking into account their willingness or not.

`̀ Which robot took into account your willingness?�

will no-will both none don't know Total
Preferred robot

will 42.19 1.56 3.12 1.56 7.81 56.25
no-will 14.06 1.56 4.69 0.00 4.6925.00
both 6.25 3.12 0.00 1.56 3.1214.06
none 0.00 0.00 0.00 0.00 0.00 0.00
don't know 0.00 0.00 0.00 0.00 4.69 4.69

Total 62.50 6.24 7.81 3.12 20.31 100.00

thematic analysis, resulting in a Cohen's kappa [221] of 0.93(ran with R packageirr [139]),
which is consideredalmost perfect[221].

Table 5.3: This table presents the results of a thematic analysis on question O5. Participants were asked to point
out which (if any) contextual factors might change their ranking of important factors. This analysis was made
with the question in mindWhich contextual factors might change the importance of willingness in task allocation?

Theme 1 Theme 2 Code ID Count

Team

Human
Human's strong willingness (+) H1+ 7
Impact on human's integrity (+) H2+ 4

Robot
Robot's strong willingness (-) R1- 5
Impact on robot's integrity (-) R2- 2

Collaboration Teamwork duration C1+ 3

Task NA

Importance (+) T1+ 1
Importance (-) T1- 21
Importance (N/D) T1X 1
Urgency (-) T2- 8
Urgency (N/D) T2X 1
No N 6

The �nal themes, codes and respective counts can be found in Table 5.3. Participants
mentioned contextual factors either related to the human team member, the robot team
member, their collaboration, or the task itself. These factors were also coded in terms
of how they may a�ect willingness's importance, whether positively (+), negatively (-),
or unde�ned by the participant (N/D). The answer to this question was not mandatory
and no-answers were counted asNo, as well as those that explicitly said �No�. Besides,
�ve participants participants gave answers that were unclear (U), and six participants
mentioned contextual factors that explicitly did not relate to willingness (O), but instead
related to some of the other objectives in the ranking (e.g., e�ciency).
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The description of the codes is as follows:

ˆ Human's strong willingness (+)Participant says that if their/the human shows a
strong(er) willingness or preferences (reasonably justi�ed or not), they would rank
human willingness higher (or vice versa: poor or no justi�cation leads to lower
ranking).

ˆ Impact on human's integrity (-)Participant says that if their/the human's physical
or mental integrity is at stake, they would rank human willingness higher (or vice
versa: if health is not at stake, willingness ranks lower).

ˆ Robot's strong willingness (-)Participant says that if the robot shows a strong(er) will-
ingness or preferences (reasonably justi�ed or not), human willingness should rank
lower (or vice versa: unjusti�ed robot preferences lead to higher human willingness).

ˆ Impact on robot's integrity (-)Participant says that if their/the robot's physical in-
tegrity is at stake, human willingness should rank lower (or vice versa: unjusti�ed
robot preferences lead to higher human willingness).

ˆ Teamwork durationParticipant says that if collaboration is expected to last longer or
happen more frequently, human willingness should be ranked higher.

ˆ Importance (+)Participant says that if the situation is critical or severe (e.g. real lives
or other serious consequences are at stake), human willingness should be ranked
higher (or vice versa: less critical situations decrease willingness ranking).

ˆ Importance (-)Participant says that if the situation is critical or severe (e.g. real lives
or other serious consequences are at stake), human willingness should be ranked
lower (or vice versa: less critical situations increase willingness ranking).

ˆ Importance (N/D)Participant says that if the situation is critical or severe (e.g. real
lives or other serious consequences are at stake), the ranking may change (potentially
a�ecting willingness), but they don't specify how.

ˆ Urgency (-)Participant says that if there's limited time (speci�cally time) to complete
the goal, human willingness should be ranked lower (or vice versa: more time
increases willingness ranking).

ˆ Urgency (N/D)Participant says that the time (they speci�cally say time) to complete
the goal can a�ect the ranking (potentially impacting willingness), but they don't
specify how.

5.5 Discussion
In this section we �rst discuss our results, then their theoretical implications, and �nally
the limitations of our work and options for future work.
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5.5.1 Results
Willingness across tasks The �rst thing to notice is that our manipulation worked
and participants showed less willing to go into water (see Section 5.4.1), but also to go far.
This aligns with the works that argue that people make decisions based on a cost�bene�t
analysis, leading to the selection of tasks with lower perceived e�ort or discomfort (see
e.g., [181, 212, 273]).

Changes to the plan Participants made less changes to the allocation plan of the robot
that considered their willingness (Will), suggesting participants preferred plans that took
into account their willingness. This may also suggest that preference integration can reduce
the need for human correction in task planning. Further, overall task completion time was
shorter than in the noComm condition. This suggests that when given the opportunity to
change the plan, participants may perform better. This �nding is consistent with Tausch
et al. (2022) [371], which shows that when users have more control over task allocation,
their perceived autonomy also increases, as well as earlier shared-control literature by
Azhar et al. (2017) [26], that highlights that collaborative decision-making in human-robot
collaboration improves team performance.

Trust and preferences Participants preferred the virtual robot that included their will-
ingness in the task allocation plan (see Section 5.4.3), and several correctly noticed a
willingness-based allocation in their preferred robot. This is in line with prior research
showing that incorporating human preferences into planning can improve perceived likabil-
ity and intelligence [245]. Although willingness seems to be important for allocation, it did
not impact perceptions of trust, trustworthiness, or team �uency. Also the communication
condition did not signi�cantly a�ect any of the three metrics, contrary to what is showed
by Tausch's works [370, 371]. All trust, trustworthiness and team �uency remained high
across all conditions, probably due to the context presented in the experiment, as explored
in the next section.

Contextual importance of willingness-based task allocation As shown in Section
5.4.4, most participants prioritized e�ectiveness and e�ciency over willingness. In the
thematic analysis, we see that a third of the participants explicitly stated that a di�erent task
could increase the importance of willingness More concretely, tasks that are less important
(twenty-one participants), i.e., lower stakes or criticality, or less urgent (eight participants)
increase the human's willingness importance in task allocation. Our search and rescue
(SAR) scenario could convey both the feeling of importance and urgency to save lives, which
potentiated e�ectiveness and e�ciency to be prioritized by participants. Research indeed
shows that people prioritize performance in high-stakes environments (such as SAR) [339]
over other other social attributes, such as etiquette [159], or even some discomfort [369].
This aligns with the �ndings by Correia et al. (2019) [93] where participants chose, between
two robots, the one that was on the team that won a competitive team game. Furthermore,
Inzlicht et al. (2018) [184] shows how actions that demand more e�ort (such as going into
water) can also be perceived as more rewarding. In our SAR experiment, the human-robot
teams performed well across all task plans, which may explain the high trust and team
�uency across conditions. Nevertheless, participants appeared to �nd willingness-based
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task allocation important in other situations, such as in extended collaborations, or in
situations where they feel stronger about their own willingness (see Section 5.4.4).

5.5.2 Theoretical Implications
Willingness-based task allocation Our �ndings have several theoretical implications
for research on human�machine teamwork. The main implication is that task allocation
models (such as [51, 194, 243, 410]), should incorporate human willingness alongside more
traditional variables such as skill and availability, while taking task criticality, task urgency,
and the length of the collaboration as boundary conditions that determine how much
human's willingness should be accommodated. Less critical and urgent tasks (e.g., cooking
with �exible time), or long collaborations, require human willingness and preferences to
be taken into account for task allocation, as in Zhao et al. (2023) [427] and Dhanaraj et
al. (2024) [107]. This challenges optimization frameworks (such as [16, 25]) that focus
purely on maximizing objective performance and extends them to account for the human
partner's subjective state. Our results also suggest that in high-stakes tasks, trust in machine
partners and perceived team �uency may be mainly anchored in observed e�ectiveness
and e�ciency, and so, in such situations, performance should be the priority of the system.

Implications on ITA This work was partially inspired by the Interdependence and
Trust Analysis (ITA) framework [69]. The framework proposes a method for designing
human�machine team con�gurations across tasks, extending the original Interdependence
Analysis [194]. It does so by also considering potential performers' willingness and contex-
tual factors, in addition to their competence (referred to as capacities in the original paper
[194]). Beyond the uncertainty of the e�ects of including willingness in task allocation, we
also lacked clarity on how much weight willingness should carry compared to competence.
Our results suggest that willingness is less relevant in critical situations, and that only very
low levels of willingness should be factored into such contexts. This indicates that the orig-
inal table [194] may be su�cient in high-stakes environments. Similarly, when estimating
overall performance, a team con�guration where the human shows low willingness but
also leads to lower overall performance may reasonably be disregarded. This suggests that
expectation maximization based on performance, as in Azevedo-Sá et al. (2021) and Ali
et al. (2022) [16, 25], is also likely to be su�cient in high-stakes environments. However,
we suspect that willingness becomes more important (potentially even more than overall
performance) in non-critical tasks or in settings with sustained interaction, where ignoring
preferences could result in fatigue or burnout [263, 369]. This aligns with literature that
show that a robot that makes decisions based on human's trust and preferred strategy, can
improve performance long-term, even if the immediate goal is not maximizing e�ciency
[83, 285]. Most importantly, any decision must be clearly communicated and remain open
to human intervention.

Communicating and deciding task allocation Regarding communication, the fact
that participants performed better when given the opportunity to modify the plan reinforces
the view that human agency is an important driver [26, 371] of e�ective collaboration. Task
allocation models should therefore place greater emphasis on opportunities for meaningful
human intervention within shared control systems, adapting the principles of Meaningful
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Human Control [331]. Finally, the fact that participants prioritized di�erent optimization
objectives (i.e., e�ciency, e�ectiveness, willingness) and that these depend on contextual
factors (e.g., task importance), suggests that models of task-allocation should account for
human performance heuristics and perceptions, not only actual system outcomes. As such,
systems should remain transparent [320], and could present contextual and contrastive
explanations (e.g., as in Verhagen et al. (2025) [399]) as to why one plan may be better than
another (e.g., in terms of performance or predicted satisfaction), in a given situation.

5.5.3 Limitations and Future Work
Our experiment focused on a simulated high-stakes task with short duration and low
frequency of collaboration. The results indicate a need for further research on willingness-
based task allocation in scenarios that are less urgent and critical (e.g., meal preparation
with �exible timing) and in teams with longer or more frequent collaborations (e.g., cooking
daily with the same robot over a year). In our study, we attempted to elicit participant
preferences by adding discomfort or higher e�ort to the task of rescuing victims from water.
However, because the task was simulated, participants might have been indi�erent to these
factors. Also, results may di�er in environments where people have inherent di�erences in
willingness and preference, such as some preferring to wash dishes while others prefer
chopping ingredients. Future studies should incorporate greater variation in willingness
levels across di�erent tasks.

Going further, algorithms are needed to model willingness dynamically through in-
teraction and observation, so that robots can be proactive and collaborative during the
task, as suggested by Ramachandruni wt al. (2024) [310]. At the same time, it is necessary
to develop e�ective multi-objective optimization strategies that account for competence,
willingness, and context factors, such as task criticality and urgency, to allow robots and
AI collaborators to do appropriate task selection and allocation. Furthermore, the fact that
we experimented in a 2D grid-world allowed us to simulate a whole environment and task,
where humans and robots have the same competence. Although this was highly important
to answer our research question, we still need further investigation to see the e�ects of
willingness-based task allocation when the robots have di�erent embodiments. Finally, this
experiment focused on dyadic interactions, and further studies are required to investigate
the e�ect of willingness-based task allocation in teams bigger than two elements, using a
task such as the one proposed by Jung et al. (2021) [203].

5.6 Conclusion
This paper reported the results of a 2x2 user study examining the e�ect of willingness-based
task allocation in human�robot collaboration. While existing algorithms focus mainly on
performance-related goals, such as maximizing competence and skills, we assessed the
impact of incorporating human task preferences. Our study (N=72) involved a simulated
search and rescue scenario in a 2D grid world. Participants preferred robots and plans
that considered their preferences, but this did not signi�cantly a�ect trust in the robot
or perceived team �uency. The �ndings suggest that consistent team performance, task
type, and the limited duration of the task may have constrained these e�ects. Our data
suggests that for lower-stakes tasks and longer-lived teams, willingness may have a greater
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in�uence on human collaborators. Finally, we observed that allowing changes in task
allocation improved human performance. Further research across varied task types and
team durations is needed to determine the appropriate role of human willingness in robot
task selection and allocation.
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6
Multidisciplinary Theory

Building for Human-AI Team
Trust

As AI becomes increasingly integrated into complex sociotechnical systems, understanding the
dynamics of trust between human and AI team members is essential for e�ective collaboration.
This chapter presents our interdisciplinary collaboration for developing a comprehensive
theory of team trust in human-AI teams. Our team, representing diverse �elds such as
organizational psychology and computer science, worked together to bridge disciplinary
gaps and create a multidisciplinary framework for human-AI team trust. This framework
delineates trust relationships within teams, addressing challenges like di�ering terminologies
and conceptualizations. We highlight the need for a nuanced, multidisciplinary and multilevel
approach to trust theory in human-AI teamwork, paving the way for future research and
practical applications in human-AI collaborative environments.

This chapter is based on the following handbook chapter:
q Centeio Jorge, C., Ulfert, A. S., Georganta, E., Mehrotra, S., Tielman, M. L., & Jonker, C. M. (2021). Multidisciplinary
Theory Building for Human-AI Team Trust. In The Oxford Handbook of Computational Group and Team Dynamics.
Oxford University Press (In press)
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6.1 Introduction
As technology becomes a teammate, and humans collaborate with Arti�cial Intelligence
(AI) to solve tasks required for a joint goal, new dynamics appear that a�ect the humans
involved and the systems of which they are part. In particular, the dynamics of trust
within human-AI teams, meaning teams composed of both humans and AI, are distinct
from trust in only-human environments, given the di�erent nature and interaction of
machines. Teamwork and trust within teams are topics originally studied by organizational
psychology, as they initially concerned human-only environments. However, AI has been
partially developed by emulating human phenomena and behavior [323], and this is no
exception for the study of trust and teamwork. These topics have been used by computer
scientists to develop arti�cial systems, as a way to model arti�cially intelligent agents'
behavior and collective behaviors (see e.g., [57]). Still, the de�nitions and approaches used
in the both disciplines di�er. When these arti�cially intelligent agents start integrating
human systems, the study of teamwork and trust needs to �nd a middle ground between
the two disciplines. Advancing theories in human-AI teamwork calls for a multidisciplinary
collaboration between at least the two �elds, i.e., organizational psychology and computer
science, for the study of human-AI team trust. These collaborations have a set of outputs,
challenges and particularities, which we describe in this chapter.

Although it may not be obvious, AI is a multidisciplinary �eld in its roots. De�ned as
�the study of computations that make it possible to perceive, reason and act� ([419], p. 5),
AI came from a fantasy of having machines doing what humans can do [315]. As such,
the �rst decades of this emerging discipline focused on mathematically emulating human
intelligence and behavior, inspired by various disciplines [323]. Even the most popular
idea related to AI nowadays, neural networks, was inspired by the study of the human
brain and �ndings in the �eld of neuroscience [323]. Similarly, robotics often strives to
create systems that resemble humans in their morphology (e.g., having arms and legs) and
in their behavior (e.g., taking over tasks from humans) [275]. Although the origins of AI
are multidisciplinary and built on other sciences' knowledge (from psychology, biology,
neuroscience, mathematics, logic, linguistics, etc.), as it developed, this became less and less
the case. With the increasing availability of data sources to train AI (e.g., on the internet)
and increasing computational power, AI has moved towards a more computer-science-
oriented discipline [275]. As such, AI became a data-driven science [323], which makes
today's AI research and theory often mono-disciplinary in focus.

Besides these highly technical developments within the AI research community, we
have seen an increase in humans collaboratively working together with AI across various
application settings, such as in manufacturing [330], healthcare [407], search and rescue
[340], and others. Consequently, modern AI systems typically do not exist in isolation but
rather as part of complex sociotechnical systems, which depend on human social elements,
such as social norms, communication, and trust [10]. These continuous developments
have also given rise to the need for hybrid intelligence [11], that is, combining machine
intelligence with human intelligence instead of trying to substitute and surpass it. With
intelligence and autonomy of machines and the implementation of such systems in new
environments, the direct interaction between humans and machines becomes complex.
In particular, AI can take over a variety of roles as highly competent tools or even as a
counterpart or teammate [183]. To fully address this complexity, the AI system should be
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understood within its context of use, that is, how it is directly or indirectly interacting
with and a�ecting humans within a speci�c environment (e.g., at work). Yet, to study
and develop these modern systems while considering the overall sociotechnical systems,
multidisciplinary approaches are needed.

This chapter is about how �ve human-AI team trust researchers who come from di�erent
backgrounds joined e�orts to build a multidisciplinary theory on human-AI team trust. We
are a team composed of computer scientists, organizational psychologists, and a cognitive
AI scientist. Our journeys led us to meet each other unexpectedly at a conference workshop
(a day of short talks) on group and team dynamics, which welcomed multidisciplinary
contributions. With the goal of establishing a common ground between our di�erent
perspectives, we wrote a paper calledShaping a multidisciplinary understanding of team
trust in human-AI teams: a theoretical framework[376]. This paper was the starting point for
collaborative activities, funding opportunities, and workshops. Through our collaboration,
we strengthened multidisciplinary research and expanded our research skills, methods,
and knowledge of the literature. Most importantly, we contributed to building a larger
community with similar research goals (see e.g., [74]). In this chapter, we present our
journey in developing and publishing a multidisciplinary theory on team trust in human-AI
teams, and its subsequent outcomes.

6.2 �Our Background�: Existing perspectives on team-
work and trust

A human-AI team can be de�ned as one or more human individuals and one or more
AI agents [384], where an AI agent is a computer entity that perceives and acts in an
environment [323] and possesses �a partial or high degree of self-governance with respect
to decision-making, adaptation, and communication� ([297], p. 904). With the continu-
ous development of such technologies, AI agents take over increasingly complex tasks,
increasing the interdependence between them and their human team members [343], thus
requiring trust between them for e�ective teamwork [329]. This trust becomes crucial as
humans and AI collaborate on high-stakes projects where errors could have signi�cant
consequences [301]. As such, we had to �rst understand the role and dynamics of trust in
human-AI teamwork.

Trust describes the willingness to rely on and be vulnerable to another party � a central
prerequisite for e�ective collaboration between users and AI agents as well as between
human team members [45,101,332,348]. For instance, distrust, over-trust, or under-trust in
human-AI teamwork can critically hinder team e�ectiveness [103, 148]. Furthermore, trust
among humans has also inspired computer scientists, who have been modeling trust for
the decision process of AI agents [57, 58, 125, 127]. These models are used mainly to decide
with which other AI agents one AI agent should interact [328], and are composed ofbeliefs.
For AI agents, beliefs are formed based on the environment in which they are embedded in.
According to the Belief-Desire-Intention (BDI) architecture [145], a belief is the informative
component of the system state, that is, an AI agent's perception about the world at that
speci�c point in time (including itself and other entities involved), for example, �the human
team member is able to perform its task�. These beliefs can determine the �degree of trust�
towards another entity. These models from computer science literature traditionally tend
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to focus on trust as a relation between di�erent AI agents (e.g., in multi-agent systems).
By the time our team (i.e., the authors of this chapter) met, the computer scientists

among us were exploring not only how to model a trustworthy AI agent team member
[260] that fosters appropriate trust, but also how to model the AI agent's trust towards
a human team member [68]. From the opposite perspective, however, the psychologists
among us were exploring how a human operator (trustor) builds trust towards an AI team
member (trustee), and perceives the AI agent's trustworthiness [375]. However, until this
point, our approaches were missing a combination of the others' existing trust perspectives,
both from psychology and computer science, acknowledging both human and AI agents as
team members that may be enabled to evaluate each other's trustworthiness, making them
both trustors and trustees. What's more, we were all mainly working on teams composed
of a single human and a single AI. We realized that such a multidisciplinary approach
would we be crucial to explore human-AI team trust dynamics in bigger teams, which
involve several humans' and several AI teammate's trust and trustworthiness.

Starting working together and sharing the current state of our disciplines made it
clear that human-AI teams encounter several trust-related challenges that can impact
their e�ectiveness. We realized that trust must be cultivated at multiple levels, including
between individual members (human-human, human-AI, AI-AI) and the team as a whole,
requiring a nuanced understanding of these dynamics [376]. Furthermore, as AI agents
assume roles previously held by humans, rede�ning some of the well-established team
and trust dynamics became essential. For example, humans may �nd it di�cult to view AI
as similar or integral to the team, hindering trust development [143]. Establishing trust,
and ensuring that team members feel secure in taking risks and managing trust variability
among members, is crucial for fostering e�ective collaboration in human-AI teams [162].

6.3 �Method�: the collaboration
After meeting (online) a few times, we started developing ideas for merging our views
on trust and teamwork in human-AI teams. Initially without any funding, we started
working towards our �rst major goal, which was writing our �rst paper together. The goal
of this paper was to �nd a theoretical common ground that would combine our di�erent
perspectives and approaches on the topic. In order to do that, we realized that the main
challenge would be to �nd a way to communicate our ideas to each other. Departing from
a multidisciplinary literature review on the term �team trust" in human-AI contexts, we
quickly realized that while trust literature across disciplines was abundant, there was a
limited focus on human-AI teams. Due to this lack of literature at the time, we started
working on a set of propositions that integrated both our computer science and psychology
perspectives. In the process of writing these propositions, we learned about our disciplinary
di�erences in each other's de�nitions, ways of thinking, and ways of working (e.g., how
we write de�nitions or how we represent ideas in �gures).

Particularly, there was terminology that we had believed was consistent across dis-
ciplines but turned out to mean di�erent things. For example, the vocabulary used by
the organizational psychologists of our team in their paper, [375] (presented at the work-
shop where we �rst met), triggered misunderstandings and discussions. Speci�cally, not
everyone understoodantecedentsin trust theory, which is a term commonly used in organi-
zational psychology. From a functional mathematical perspective (as inf .x1;x2; :::;xn/ = y),



6.3 �Method�: the collaboration

6

109

trust is a relation or expression involving one or more variablesx1;x2; :::;xn (in this case,
factors a�ecting trust), such as ability or propensity to trust. For this reason, it did not make
sense to some of us that some factors such as ability, benevolence, and integrity were seen
asantecedents, i.e., colloquially happening before theoutput valueof trust. This confusion
was ampli�ed by the fact that other variables, such as propensity to trust, were di�erent
in�uencing factors(i.e., so-called moderators instead of antecedents), which were proposed
to shape the relationship between antecedents and the output of trust (e.g. changing the
strength or the type of their relationship). In fact, proposing that a variable a�ects a rela-
tionship (i.e., moderation), instead of directly a�ecting another variable, is not a common
practice in mathematical and formal models, often used in computer science.

Similarly, the papers written by the computer scientists in our team (see e.g., [71]) also
caused new discussions. For example, not everyone initially understood the meaning of
beliefsas a multi-agent concept, which is a commonly used term in computer science. In
psychology, particularly in learning science,beliefscan be seen as �psychologically held
understanding, premises, or propositions about the world that are felt to be true� (Richard-
son et al. (1996) [317], p. 103). These beliefs are not necessarily based on evidence, nor
require a truth condition, and they may be interpretations and speculations of individuals
[317, 346]. At the same time, in computer science, a belief (as in the BDI architecture
of [145]) is a representation of something in the world for an agent, which can include
inference rules, possibly leading to other beliefs. However, they do not represent a feeling,
faith, or judgment. Instead, they are an objective �picture� that the agent has of the system
it is part of, which can be true or false, at a given point in time. Beliefs in computer science
are more comparable to the concept ofknowledgein learning sciences (see e.g., [346]). Just
like knowledge in leaning science, beliefs in computer science are updated through direct
perception or communication of the world and they depend upon a truth condition.

This way, we learned several terms and concepts that we did not even consider as a
knowledge gap before starting the multidisciplinary collaboration. Besides de�nitions,
what we consider as a contribution and the type of papers we write in our disciplines can
di�er greatly. For example, in organizational psychology, it is common practice to write a
journal paper that introduces di�erent theories and concludes with narrative propositions
that present the outcome of the paper, on which future research can build on. However, in
computer science, it is more common to use mathematical formalizations (or algorithms)
to introduce the proposed relationships asmethodology, which then have to be tested with
di�erent inputs, producing theresultsof the paper. These mathematical formalizations (or
algorithms) are often motivated by existing theories or formalizations. However, they are
rarely considered su�cient contribution without being tested, either through simulations
(see e.g., [25]), datasets (see e.g., [393]), or user studies (see e.g., [260]).

These di�erences created many discussions and explanations of the propositions'
meaning, relevance, and contribution while drafting the paper. To tackle these misunder-
standings, we often divided the parts to be written per �eld and collectively discussed
them. For example, the ones more comfortable with computer science literature and pub-
lications wrote the computer-science-related theoretical and methodological parts. On
the other hand, the psychology-based parts were written by researchers with psychology
backgrounds. Then, we would read each other's parts and meet to discuss any part we did
not all fully understand. The goal was for everyone to build an understanding of every
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part of the paper and collectively decide how we can bring those together. Also, since we
picked a work and organizational psychology journal, the researchers with the correspond-
ing backgrounds guided the structure and methodology of the manuscript. That is how
we �nally managed to submit a manuscript that included multidisciplinary propositions
re�ecting theoretical assumptions and mathematical formalizations for di�erent disciplines
to use.

By the time we submitted the paper, we could communicate reasonably well among
ourselves, understanding the di�erent de�nitions, concepts, and ways of describing them.
At the time, however, we did not consider how to communicate these multidisciplinary
discussions to a speci�c audience, in this case, the readership of a work and organizational
psychology journal. Consequently, we faced some unexpected initial reviews, as, to our
surprise, the reviewers did not understand our core ideas. For example, we used the
term (arti�cial) �agent� lightly, as it is used largely in computer science and interaction
sciences. However, one reviewer asked us whether being an agent implied agency, which
then implied free will. Another reviewer suggested that the mathematical formulations
were not helpful, disregarding their usefulness for multidisciplinary understanding and
collaboration. There were several questions/implications we had to rebut, given our very
di�erent standpoints in terms of discipline, that we did not expect. We understood that,
depending on the readership, we needed to express our ideas in di�erent ways . Particularly,
we had to explain, de�ne, and support the smallest of the concepts that we initially had
assumed to be common knowledge. We also had to explicitly motivate the choice to
have di�erent �languages� on the paper, i.e., so that the paper can be read and used by
both organizational psychologists and computer scientists. The paper went through three
revisions, two of them major, before it was �nally accepted for publication.

6.4 �Results�: Human-AI team trust theory building
6.4.1 Theory building
To comprehensively describe trust in human-AI teams and to overcome the limitations of
prior theories (e.g., the focus on bilateral relations), we aimed to move towards a multidis-
ciplinary and multilevel conceptualization of team trust in human-AI teams, considering
the di�erences and commonalities in building trust towards human and AI team members.
To do so, we developed a multidisciplinary framework of team trust in human-AI teams by
integrating literature on psychological trust, teamwork, HCI, and computer science. This
framework is detail inShaping a multidisciplinary understanding of team trust in human-AI
teams: a theoretical framework[376].

An important step in creating the theoretical framework was to de�ne the entities that
are important objects of study for human-AI team trust theory building. We de�ned that,
in a human-AI team, trust develops towards three entities: individual team members (either
human or arti�cial), dyads, and the team (in this case, bigger than a dyad). While some
of us had not considered that arti�cial teammates could be trustors, some others had not
considered that non-individual entities could be trustors too, i.e., that there was such a
thing as the value of trust for a team or a dyad. After agreeing that each of these entities
can be either a trustor or a trustee, we had to de�ne the directional trust between each
of these entities, with the additional factor that the nature of the trustee and trustor also
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dictates the trust de�nition. At this point, we tried to make a generalization that suited
both the computation of such trust (to be used in computer science) and the Psychological
foundations of the trust constructs, in an attempt to reduce the level of complexity we had
found ourselves in. We decided to use the computer science concept ofbelief and follow
Centeio Jorge et al. (2021)'s de�nition that one entity's trust (in another) is their belief in
the other's trustworthiness [71]. However, we had to �rst agree that, depending on the
nature of the individual, i.e., human or arti�cial, the constitution of such belief and the
nature of the trustworthiness di�er.

Then, we had to disassemble the concept of an entity's trust when such an entity is
not an individual, i.e., dyad or team. We said before that trust is directional and requires a
trustor and a trustee, so who is the trustor and trustee when we say �team A has high team
trust�? The organizational psychologists of the team said this is an emerging construct of
the team that continuously changes based on other characteristics, such asantecedents, etc.
If the computer scientists had to compute this, it sounded like it could be a belief based
on those characteristics (e.g., di�erent antecedents). However, in human teams, whose
belief is being described? And whose trustworthiness is it? After further consideration, we
agreed that, abstractly, an entity's trust in itself is its own belief in its own trustworthiness.
Nevertheless, when specifying a belief, it is typically on the individual level, which means
that we had to break team trust down into the aggregation of the beliefs of individual
members of an entity (e.g., in a dyad, this would be the two team members that are part
of it). With this in mind, we de�ned dyadic trust as the trust of each member (human or
arti�cial) in each other and in the dyad itself. Finally, we could de�ne team trust as the
aggregation of all possible dyads, and individual team member's trust in other dyads (that
they are not part of) and in the team itself.

6.4.2 Additional outputs
Once we published our theory in human-AI team trust, it became clear that there was a lack
of common ground, transversal de�nitions, and, in general, people to discuss human-AI
team trust. This led us to make e�orts towards exploring our proposed theory further and
building a community. Funding received by some of the authors of this chapter and other
collaborators enabled us to �nally spend a day together, meeting in person for the �rst time,
after a year and a half of several online meetings and a paper submitted together. During
that day, we shared our recent work, we explored new ideas and directions, and hang out
together. Spending that amount of time together gave room for more social interactions
and inspiration. We got to know each other better personally and professionally, which
strengthened our collaboration and improved our communication. More than meeting in
person, this funding allowed some of us to allocate full days to brainstorm together and
discuss our future work (both separately and together).

In discussing our research further, we realized that central questions with regard to
the meaning of trust in human-AI collaboration were still unresolved. This led to the
organization of the MultiTTrust workshop [74], which counted with the participation of
around twenty people. MultiTTrust was a conference workshop that o�ered a day full
of short talks, keynotes, and discussions focused on multidisciplinary perspectives on
human-AI team trust. The main takeaway of this workshop, besides the creation of a
wonderful community, was that we need to concretely de�ne the meaning of the terms
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we use (especially the term trust) while, at the same time, being accepting when others
use the same term with di�erent de�nitions. Otherwise, we may never pass the phase of
discussing terms, and that is not where most of the challenges are. The workshop took o�,
and by the time we were writing this chapter, the third edition had already happened, and
a special issue resulted from the second edition.

After all the e�orts we made to understand each other, we also �nd it important to
make our work understandable for our original communities. For this reason, we have
participated in events of the original communities regarding human-AI teams, organized
either by organizational psychology or computer science committees, where we try to
bridge this gap by introducing the di�erent de�nitions and methods used in each other's
disciplines.

We have certainly come a long way in building multidisciplinary theory for human-AI
team trust. We keep establishing multidisciplinary common ground and learning which of
us knows what (transactive memory as per [411]) and has which skills. This helps each of
us to know who to ask for certain knowledge (from other disciplines), necessary to answer
our individual research questions. Along the way, we have learned that collaboration across
disciplines can be challenging but that the merging of such di�erent perspectives can enrich
the theory building, making it more transversal and useful for di�erent researchers.

6.5 �Discussion�: Lessons learned from multidisci-
plinary collaboration

Figure 6.1: The image shows the several steps towards collaborating in new multidisciplinary �elds. Steps include
re�ection, connection and collaboration. All these are connected to the establishing common ground block.

Working on this chapter showed us that we improved our Methodology when working
together in a multidisciplinary team. We have realized that collaboration becomes easier
and more e�ective when we follow speci�c steps. The �rst step is to establish common
ground by pinpointing the important concepts we need to de�ne, which may be di�erent in
each discipline. Once we have the terms, we dig into the literature, looking for de�nitions
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within our communities. Then, we share the most important papers and de�nitions from
each other's disciplines. Finally, we meet to discuss and to see if we share an understanding
of the de�nitions of the important concepts in the di�erent disciplines. We question each
other until everyone has a clear view of the di�erences and similarities, and start theorizing.

To summarize the di�erent parts of multidisciplinary collaboration, Fig. 6.1 presents
an overview of the important steps and points to keep in mind, which anyone can follow
to create smoother collaborations. What led us, in the �rst place, to understand the need
to collaborate with each other was to re�ect on what skills we needed that might be in
other disciplines and communities and also which skills we already had that might be
helpful to such communities. Then, we looked for the researchers who had the skills we
needed and needed the skills we could share in events that may welcome such people.
Once we discovered people that shared our interests, we collaborated to understand how
our di�erent research perspectives could complement each other and address our existing
questions. When the link was created, it was important to keep in contact, which was
done by, for example, updating each other every second month with what we had been
researching on.

For collaborating with each other, brainstorming sessions, especially in person, were a
great source of new ideas, which sooner or later became collaborative research outputs. At
each meeting, we would schedule a next meeting, plan small goals for the next meeting,
and discuss steps towards the next major goal of our collaboration. The small goals can be
de�nitions to look into, literature that might be helpful for each other, etc. The major goal
can be to collaboratively write a paper, submit a grant application, organize a workshop, etc.
In parallel, we kept building our new community together, either by organizing workshops
(for example, the above-mentioned MultiTTust workshop) or special issues that brought to
us researchers with similar interests. Also, it was important to keep updating our original
communities about our progress in bridging with other disciplines. We became connection
points with each other's disciplines for our colleagues. This has brought us to new members
of our new community.

It can be helpful to acquire funding together, to facilitate in-person meetings and
run further studies, but it is not required. In fact, our manuscript was submitted before
some of the members applied for a grant together. During the whole process, the most
important thing has been to establish common ground. It is important to keep checking
other communities' papers and events, to clarify all concepts, even when they seem �basic�.
Similarly, we cannot be afraid to ask questions about established constructs/methodologies
in each other's �elds and should motivate others to ask their questions too. Embracing
our di�erences in skills and methods makes the team and collaboration stronger. At some
point, we realized who knows what (transactive memory) and how we could bring our
skills together: and we make use of it!

6.6 Conclusion
In this chapter, we describe how our collaboration emerged in a new multidisciplinary
�eld. To address the evolving role of AI agents as team members rather than merely
technological tools, we developed a framework for deeper understanding of team trust in
human-AI collaboration. This framework integrates insights from organizational psychol-
ogy and computer science to conceptualize team trust in these novel team con�gurations.
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It emphasizes the multilevel nature of team trust, encompassing individual, dyadic, and
team-level relationships, while recognizing AI agents as team members capable of both
trustor and trustee roles. Throughout our collaborative process, we worked to overcome
limitations inherent in each of our disciplines and challenges in translating concepts and
methods between �elds. We accomplished this by providing theoretical and mathemati-
cal de�nitions of trust components and o�ering a comprehensive analysis of team trust
dynamics in human-AI teams. Our framework aims to enhance the understanding and
implementation of human-AI teams in organizational contexts, particularly addressing
challenges like distrust and ine�ective teamwork. By being sensitive to the di�erences
between disciplines, we seek to contribute and motivate the interdisciplinary investigation
of human-AI teamwork and trust. Moreover, we hope our multidisciplinary approach
serves as a model for future research initiatives that bridge two or more �elds of study.
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7
Conclusion

In this dissertation, we addressed the question:How can an arti�cial agent model arti�-
cial trust in its human teammates for e�ective human�machine teamwork?. We break this
question down into �ve sub-questions, each examined in a separate chapter. This section
summarises the conclusions of each chapter and highlights contributions and answers to
the research questions. It also considers the limitations of this work and outlines possible di-
rections for future research. Finally, it discusses the broader societal implications, including
both the potential bene�ts and risks of using and misusing collaborative technologies.

7.1 Scientific contributions per chapter
7.1.1 Chapter 2
Chapter 2 addresses the questionHow can we conceptualise arti�cial trust beliefs in hu-
man�agent teams?. We answer this by formalising trust as a belief in trustworthiness that
is context-sensitive and applicable to di�erent team entities. This formalisation provides
a foundation for computing beliefs about internal characteristics identi�ed in the social
sciences as key aspects of trustworthiness. We also present a taxonomy of task and team
characteristics required to determine the appropriate belief of trustworthiness in a given
situation, including, for example, task's nature, criticality, potential consequences, and
team's lifespan, composition, and hierarchy. Furthermore, we propose that arti�cial trust
(AT) is to a�ect and be a�ected by other team dynamics and trust relationships, implying
that it cannot be modelled in isolation from the other teammates mental models. Finally,
at the end of the second chapter, we discuss how, on the one hand, the development of
AT-based decision-making models requires investigating which internal features (i.e., the
krypta) give away a human teammate's trustworthiness, and how these can be observed
(i.e., the manifesta). This step is required to build beliefs of trust and trustworthiness, as
formalised in Chapter 2. On the other hand, further work is required to develop algorithms
that make use of the formalised beliefs and, taking into account the context and the range
of action options (e.g., selecting a task, requesting help), enable the arti�cial teammate
to make an e�ective decision. Similarly, we discuss that the main challenges involved in
developing trust-based decision-making are the lack of data to construct both theoretically
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sound and robust arti�cial trust models and, closely related, the absence of systematic
methods to evaluate these models.

7.1.2 Chapter 3
Diving deeper into the representation of human trustworthiness, Chapter 3's research
question isHow can we assess the trustworthiness of a human teammate, given a task?.
Inspired by the works of Rino Falcone and Cristiano Castelfranchi [59, 122, 124], we
investigate how to build beliefs that can translate human competence and willingness in
a teamwork scenario. We explore how the components of the famousABI model [250],
i.e., ability, benevolence, and integrity, can be used to predict the trustworthiness of the
human toward di�erent tasks, through a user study. The task was set in a 2D grid-world
supermarket scenario, inspired by the click&collect services that boomed during the 2020
pandemic, where participants had to collaborate with arti�cial agents to retrieve items
from the supermarket aisles to complete customers' orders. Our results show that while
the ABI dimensions describe aspects of human behaviour, they are not su�cient to predict
which task a person will choose next or how well they will perform it. We �nd that ability
can be directly associated with the belief in a person's competence. However, predicting
willingness appears to depend more on an individual's subjective cost-bene�t assessment of
taking on a task. In other words, it may be possible to estimate a person's trustworthiness
to perform a speci�c task if we understand how they perceive the relative costs and bene�ts
of the available task options. For example, it may be important to understand which tasks
one �nds easier or more ful�lling and how this in�uences their intentions and motivations
and, consequently, an overall value for willingness [208]. This suggests that willingness
is insu�ciently modelled if only linked to benevolence and integrity. Nevertheless, it is
still likely that the way people evaluate these costs and bene�ts is in�uenced by theirABI
characteristics, i.e., their ability, benevolence, and integrity.

7.1.3 Chapter 4
In Chapter 3, our goal was to explore which human characteristics and respective be-
havioural cues could be used to form beliefs of arti�cial trust in the human teammate,
such as beliefs in the trustworthiness dimensions of willingness and competence [122]. In
Chapter 4, we moved from exploring how to form the arti�cial trust beliefs to exploring
how to use these beliefs for decision-making. Particularly, Chapter 4 focusses on answering
the questionHow can we use teammates' (human or arti�cial) trustworthiness for the design
of human-machine teamwork?. To answer this question, we proposed the Interdependence
and Trust Analysis (ITA) framework. ITA extends Johnson's Interdependence Analysis
table [194], which relied on the capabilities of the teammate, by integrating the willingness
dimension of trustworthiness and contextual factors. We evaluated this with a focus group
with experts both from academia and �re�ghters in which they applied the framework
to a search and rescue scenario where there is a �re. Our results showed that using the
dimensions of competence, willingness, and external factors (i.e., the dimensions proposed
by Falcone et al. (2004) [122] to assess another agent's trustworthiness) is promising for
transparently designing teams and collaborative technology. The ITA's external factors
dimension (related to permissions and opportunities) was considered especially relevant to
ensure compliance with ethical restrictions that come into place, such as the EU AI Act
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[1]. Having this dimension explicitly can help ensure that the machine does not perform
tasks it does not have the permission for (e.g., because there is a high risk to the humans
involved) and improve the teammate's understanding of why the machine is not performing
those tasks. Furthermore, our results brought up a trade-o� between perceived e�ort and
perceived utility of frameworks that intend to make technology human-centred and mean-
ingfully controlled by the humans involved. Participant statements suggest that although
our aim is to make semi-autonomous systems meaningfully controlled, that may require
an amount of e�ort from the user, such as disclosing extra information, that they may not
be interested or available to give. Finally, participants showed concern and curiosity about
the criteria to be used in deciding the �nal con�guration of the team. This highlighted the
need for further work to investigate which set of di�erent team con�gurations is more
e�ective when several are available.

7.1.4 Chapter 5

After integrating willingness belief into human-machine team design, we wanted to test the
e�ects of doing willingness-based task allocation. As such, Chapter 5 tackles the question
�How does using human willingness for task allocation a�ect human-AI teamwork?�. We
conducted a user study where participants collaborated with virtual robots on a simulated
search and rescue scenario, and the task allocation strategy was di�erent across conditions.
The scenario was designed in such a way that it elicited willingness variation across
tasks and that these could be distributed in di�erent ways between the human and the
virtual collaborative robot. We analysed the e�ects in the human performance, trust, and
satisfaction of including willingness and human control in the task allocation process.
The study suggests that although participants prefer robots and plans that consider their
preferences, this does not a�ect their trust or team �uency when the task is quick, critical,
and the robot is e�cient. Our data suggests that for lower stakes tasks and longer-lived
teams, willingness may have a greater in�uence on human collaborators, and, as such,
should be considered for task allocation.

7.1.5 Chapter 6

Finally, the last content chapter of this dissertation, Chapter 6, is dedicated to answer
the questionHow to build multidisciplinary theory for human-AI team trust?. This ques-
tion is answered with guidelines for an e�ective multidisciplinary collaboration based
on our own experience of building theory with researchers from other disciplines. We
propose that e�ective multidisciplinary collaboration begins with recognising which skills
are needed from other disciplines and which expertise (e.g., programming, experimental
design, theoretical knowledge) can be o�ered in return. After connecting with researchers
who may have the necessary skills, collaboration should be sustained through regular
meetings, small shared tasks, and long-term goals such as the organisation of papers or
workshops. Furthermore, building community, both within the collaboration and across
home disciplines, is necessary as it helps attract new members and maintain momentum. In
general, the most important factor is establishing common ground, asking open questions
and accepting di�erences in skills and methods as strengths.
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7.2Answering the overarching research �estion
To help us summarise the answer to our main research question, i.e.,How can an arti�cial
agent model arti�cial trust in its human teammates for e�ective human�machine teamwork?,
we present Figure 7.1. The answer to this overarching question lies in treating arti�cial trust
as a dynamic context-aware process that connects information, beliefs, decisions, outcomes,
and communication. More concretely, the chapters' contributions suggest that an arti�cial
agent can model arti�cial trust through a layered process: (1) formalising trust as context-
sensitive beliefs about teammate trustworthiness; (2) assessing human trustworthiness
by combining internal characteristics with cost�bene�t reasoning; (3) embedding these
assessments in team design frameworks that balance competence and willingness; (4)
adapting task allocation and coordination strategies to re�ect human preferences and
behaviours; and (5) grounding the entire modelling process in multidisciplinary theory
building.

In the centre of Figure 7.1, we have the beliefs of arti�cial trust (AT), explored across
the chapters. Although arti�cial trust can be composed of di�erent beliefs, it is recurrent
in this dissertation that we need to assess internal characteristics related to the human's
competence in the task and willingness towards a task (Chapters 4 and 5). Chapter 2
showed that these beliefs need to be modelled according to the context, such as the team,
its dynamics, and task characteristics, while Chapter 3 adds that they are also in�uenced
by the user's cost�bene�t reasoning that underlies human choices. To form these beliefs,
the arti�cial agent should then collect necessary and available information such as the
task environment, human behaviour cues (as in Chapter 2), and explicit preferences (as in
Chapters 3 and 4). These beliefs can guide the arti�cial teammate's decision-making, as well
as human-centred team design with the ITA framework (Chapter 4). Although in this �gure
focusses mainly on the perspective of the arti�cial agent's decision-making, this scheme
can be added to di�erent decision-making strategies in human-machine teams, such as joint
decision-making [36, 142, 312]. In fact, ITA shows potential as a decision-making tool and
as a communication bridge among human and machine teammates. Given the promising yet
untested results of Chapter 4 in human-machine collaboration, in Chapter 5 we evaluated
the e�ects of using willingness in task allocation. Our results showed that people prefer
arti�cial teammates that use willingness-based task allocation. Even if immediate trust
levels remain stable, Chapter 5 points to the importance of aligning arti�cial agent behaviour
with human preferences for long-term collaboration. We pinpoint throughout that the
arti�cial agent's arti�cial trust, decisions, and how both are communicated may impact
the human-machine relationship. This relationship, including the human's trust in the
machine teammate, can a�ect the human's behaviour and, consequently, this should a�ect
the machine's perception of their trustworthiness.

In summary, an arti�cial agent can model arti�cial trust by continuously collecting
multifaceted information, updating beliefs about competence and willingness, using those
beliefs to guide team decisions, and sustaining reciprocity through communication. This
dynamic and adaptive process allows arti�cial trust to support e�ective, cooperative, and
resilient human-machine teamwork.
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Figure 7.1: This diagram shows di�erent components that are relevant for AT-based decision-making in a team
composed of one human and one agent. It includes the di�erent phases of information collection, the modelling
of arti�cial trust (AT), the decision-making based on AT, the e�ect of the outcome on the system, and the
communication as a means of both output and input for the di�erent phases of the process. The diagram also
shows how the outcome and communication may a�ect the human teammate (which is a black box for the
machine), in particular their trust, and how this may, in turn, a�ect their behaviour (which will then a�ect the AT
model, etc).

7.3 Scientific implications

7.3.1 Assessing contextual human trustworthiness

This work supports the idea that arti�cial trust is not a static variable, but a process that
adapts to task context and interaction. Chapter 2 defends that trustworthiness beliefs
should not be inferred from static traits alone but through task-speci�c cues, highlighting
the importance of situational context in team design frameworks such as Interdependence
Analysis [194]. This a�ects how classical trustworthiness models, such asABI [250] can
be used, in the sense that the internal characteristics that are relevant to computationally
infer human reliance for a certain task, and how those characteristics can be observed,
depend on the context. For example, benevolence may not be relevant for all tasks, or
the relevant related behavioural cues may di�er. This means that the trustworthiness
dimensions must be de�ned and weighed in terms of task and team, and in a way they can
be computed, e.g., by de�ning the related. Furthermore, our empirical �ndings in Chapter
3 suggest that integrity and benevolence-related cues were weak predictors in short-term
problem solving tasks. Instead, behavioural strategies appear to be stronger indicators of
which task the human teammate is going to perform. This implies that scienti�c work on
arti�cial trust should expand beyondABI to include cost�bene�t reasoning [40, 355, 406]
and preference-based cues [107, 427] in di�erent task and team scenarios, which better
capture the dynamics of human�machine interaction in collaborative contexts.
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7.3.2 Willingness in team design and decision-making

Chapter 4 shows that willingness should be considered alongside competence when design-
ing human�machine teams. This improves our understanding of shared mental models and
decision-making within such teams. Furthermore, Chapter 5 shows that the role of willing-
ness in task allocation depends on the task itself. For non-critical or long-term tasks, people
want their willingness to be taken into account, supporting decision-making methods that
already take some preferences into account [107, 427]. These results align with Rosalind
Picard's argument that emotions are integral to human reasoning and interaction, and
that ignoring them in machine design leads to alienation and failure in human�computer
interaction [303]. Other literature also suggests that ignoring user preferences can lead to
fatigue and burnout [263, 369]. These perspectives also align with the literature on team
resilience, which proposes that human-machine teamwork should be designed to ensure
team adaptability to unexpected changes [349]. Our results, together with the literature,
challenge approaches that focus only on performance measures [16, 25, 51, 194, 243, 410].
However, for high-stakes tasks, competence and e�ciency remain more important, and
performance-focused methods remain relevant. This suggests that models of team design
and task allocation intended for use across di�erent tasks and contexts should include both
competence and willingness, with rules for when each matters most. These contributions
highlight the importance of considering the long-term robustness and sustainability of
collaboration, rather than immediate e�ciency, when designing human�machine teams
and task allocation models.

7.3.3 Meaningful human control vs user effort

Chapter 4 presents a trade-o� between meaningful control and user e�ort in designing
human�machine systems. Although experts and legislators emphasise that humans should
retain meaningful control over autonomous agents [1,2,331], this control often comes at the
cost of user e�ort. For instance, requiring users to provide detailed contextual information
in frameworks such as the IA table [193, 194] or the ITA table (presented in Chapter 4) can
make the system more transparent and explainable, but can also increase user workload
and reduce e�ciency in real-time scenarios. From our understanding, it is likely that users
may not be interested or even able to put in the necessary e�ort. This may mean that
we (experts, practitioners, developers, designers) need to better explain the advantages of
keeping in control of the system. In any case, minimising user e�ort, e.g., through guided
dialogues or semi-automated input collection, while still supporting ethical compliance,
context-sensitive adaptation, and meaningful human control, could help keeping the
user in control. This also emphasises the importance of adequate communication design
for e�ective human-machine teamwork, as suggested by [396, 397]. Salas et al. [329]
suggest that closed-loop communication is a driving mechanism for e�ective teamwork
in human teams. However, the aim of teamwork design should not just be e�ectiveness,
but also meaningful human control. More research is required to understand exactly how
communication can not only drive e�ective teamwork, but also facilitate this meaningful
human control.
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7.3.4 Multidisciplinary integration of trust research
Finally, the dissertation shows that modelling arti�cial trust requires drawing from sev-
eral research �elds, including organisational psychology [144, 249, 250, 376], multiagent
systems[49, 124], decision theory [40, 355, 406], preference learning [107, 427], team design
[194], and wellbeing research [263, 369]. The implication is that trust in human�machine
teams cannot be advanced within a single discipline. It requires integrated theoretical
frameworks that connect robotics, AI, psychology, human�computer interaction, and
related �elds. Computer scientists, for instance, focus on how models can be e�cient, accu-
rate, and integrated into software, as well as on what inputs they require and what outputs
are possible. Psychologists, on the other hand, focus on human behaviour, combining large
bodies of theoretical and empirical work into new models that can then be tested through
observation. In fact, AI has historically been multidisciplinary, drawing inspiration from
biology and human behaviour [323].

Academia, however, often rewards researchers for becoming specialists in narrow �elds
[4, 21]. This encourages us to dig deeper into our own areas of expertise, ideally without
running into someone else's line of work. But human�machine collaboration cannot be
solved by tunnelling further into isolated disciplines. We need computer scientists to
learn from psychologists which human characteristics can serve as model dimensions,
which behaviours matter as inputs, and which algorithmic outputs are required by people.
Likewise, psychologists need to understand how algorithms function, their applications,
and their limitations, so they can study how people perceive machines, how behaviour
changes in response, and how new models may then feed back into computational research.
Working in isolation reduces the relevance of advances in all �elds that mean to be applied
to society [206]. Bridging methods, de�nitions, and models across disciplines requires
persistence, humility, and a willingness to sacri�ce some of the obvious academic rewards
such as commendations and promotions. Our experience highlights the need to build
common ground, which means being open to questions across disciplines while respecting
their di�erences.

7.4 Limitations & Future Directions
While this dissertation addresses several research questions, many remain open. In this
subsection we highlight limitations that were prevalent across the course of this dissertation,
from information collection, to decision-making, outcome and communication model, as
shown in the modules in Figure 7.1. At the end, we also re�ect on the evaluation and
scalability of our work.

7.4.1 Information collection
While Chapters 3 and 5 discuss behavioural cues and preference-detection measures (e.g.,
[107,289,427]), these approaches do not provide concrete metrics for modelling willingness.
To simplify the connection between willingness and all the plethora of characteristics that
can in�uence it across di�erent tasks and contexts, this work often generalises these char-
acteristics into e�ort-related and reward-related factors. However, there may be theories
that would model willingness better for certain scenarios. For example, work motivation
theories (e.g., [105, 161, 325]) identify mechanisms such as autonomy, intrinsic interest,
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or social obligation. Future work could model these and other mechanisms explicitly,
identify observable proxies, and examine their impact on willingness and trustworthiness
in di�erent contexts. Finally, in the context of teamwork, willingness may also be shaped
by perceptions of other teammates' competence and willingness. Although Chapters 2,
3, and 5 touch on this issue implicitly, this dissertation focused solely on task-related
willingness and did not investigate how teammate characteristics in�uence willingness
or task selection decisions. Future research could explore how interdependencies among
teammates a�ect individual willingness and task allocation.

7.4.2 AT-based decision-making
Di�erent combinations of beliefs could lead to the same overall trust value [122, 125, 380].
For instance, high competence paired with low willingness could yield the same score as
low competence paired with high willingness. In such cases, an arti�cial agent may face
several possible actions and it has to decide which one is the best [49]. Learning which
decision is best for each situation matters because willingness may be more important than
competence in some scenarios but less important in others. For example, if the goal is to
help a human teammate improve competence, then it may be better to choose tasks where
competence is low but willingness to learn is high. Chapter 2 discusses how the weight
of each belief may depend on the task, though this was not tested empirically. Even with
assigned weights, ties can still occur, especially when multiple teammates are capable of
and willing to perform several tasks. In such cases, more information is needed to guide
task allocation, selection, or overall team design (as discussed in Chapter 4). Future research
should explore how to resolve these ties. One approach to improve tie-breaking could be
to extend calculations of expected team performance to include additional factors such as
workload. In addition, future work could further develop the formal framework of trust
and trustworthiness beliefs within the context of human-agent teamwork. Particularly,
the logical representation introduced in Chapter 2 could be extended to support formal
analysis, e.g., through formal semantics and a complete axiomatisation, as in [189].

7.4.3 Outcome conse�ences
In Figure 7.1 we see AT-based decision-making as part of a closed loop. This is supported
by the literature and mentioned throughout this dissertation [16, 376]. However, the actual
e�ects of ad hoc trust-based decisions and how these are shaped by task outcomes are not
well understood. Chapter 5 looks at this issue by investigating the e�ects of willingness-
based task allocation, but further work is needed. In particular, future studies could examine
how human trust in an arti�cial teammate changes depending on the consequences of
allocated tasks and roles, as in [25, 288]. Communication appears important in this loop, as
it makes the arti�cial agent's reasoning clearer and allows human feedback, which supports
mutual adaptation.

7.4.4 Communication module
In all user studies presented in this dissertation, communication channels between the
human and the arti�cial teammate were included. However, these did not cover how to
share the arti�cial agent's formed trust beliefs. Communication, including an arti�cial
agent's transparency and explainability, is important to guarantee human trust, shared
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understanding, ensuring alignment with the human and avoiding possible accidents [81,
175, 231, 418, 424]. Centeio Jorge et al. [62] suggest ways of doing this, by experimenting
with di�erent communication styles. Communication between humans and machines
can be done in several ways, varying in modalities [12, 23, 318], levels of explanation
[88, 297, 397], and timings [80, 424], among others. Centeio Jorge et al. [62] takes a �rst
step toward exploring which styles work best for communicating arti�cial trust in di�erent
teamwork scenarios, but more work is needed. Speci�cally, it is necessary to explore the
e�ects of expressing negative trust [214, 237]. For example, it is not clear how people would
react if an arti�cial teammate signalled that it did not trust them, and in what situations
this could be a problem.

7.4.5 Updating artificial trust beliefs
Trust dynamics can happen over longer time intervals than the ones presented in our
studies. Although it is argued that arti�cial trust beliefs showed in this dissertation should
change over time to allow adaptation, no method for updating them was formalised or
tested. The paper by Centeio Jorge et al. [62] proposes such methods, but they were not
applied in this dissertation. Methods for updating beliefs of trust through interaction and
building memory presented in literature [25, 49, 82, 157, 180, 230, 345] should be adapted
to our frameworks in future research. Furthermore, as an agent gathers more information,
its beliefs may become more certain, but how this certainty should a�ect decision-making
is still unclear. As such, future work should investigate how to update arti�cial beliefs and
how to include memory and certainty in decision-making methods for human-machine
teamwork.

7.4.6 Evaluating artificial trust models
Evaluating how well arti�cial trust models represent human trustworthiness is di�cult
since they represent human internal characteristics that can only be inferred indirectly
from observable behaviour. Which behavioural cues relate to which of the internal charac-
teristics is also something that is not exact or well established. This means that there is
no objective ground truth for judging the relevance of the chosen characteristics, or the
connection between the represented characteristics and the behaviour observed. Unlike
most machine learning problems, knowledge-based models cannot be evaluated through
sets of input�output, which make them also harder to being compared against other models
of the same kind [180, 248]. They are, however, important to maintain transparency and
meaningful control [30, 109, 248]. In Chapter 3, we relied on self-reports of trustworthi-
ness to assess the relevance of our model's dimensions. Although useful, these measures
introduce subjectivity and cannot be assumed to re�ect an objective truth. Ultimately, we
consider a good model as one that supports e�ective teamwork and leaves humans satis�ed
with the interaction, as in Chapter 5. However, our experimental setups, such as the user
studies in Chapters 3 and 5, have their own limitations.

While useful for controlled testing [400], these environments may not re�ect how
people behave in real settings, reducing their ecological validity. Running studies with non-
physical arti�cial agents provide a cheaper, more controlled and faster to implement way
to study concepts [117]. However, this is often pointed out by researchers as a limitation,
since virtual or online studies may not provide the same level of engagement, or elicit the
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same feelings and emotions, which are indeed important to study the interaction, including
trust dynamics [117, 234]. The main trade-o� is that the more realistic the study setup is,
the harder is it to isolate the object of study and obtain clear results [174]. The choices of
task, participant pool, agent embodiment, and environment can all impact the results of the
study, so ideally these studies are to be repeated with variations across these dimensions
[234].

7.4.7 From dyads to groups
Although this dissertation frames arti�cial trust as relevant to teams involving multi-
ple humans and/or machines, most of our work focused on individual beliefs for dyadic
interactions. Even at the dyadic level, these interactions are not fully captured, as many in-
terpersonal factors, such as mutual perceptions, interdependencies, and context-dependent
behaviours, remain unexplored. It is our understanding that a detailed understanding of
these dyadic dynamics is a necessary precursor before investigating group-level trust and
its e�ects on individual behaviour. Chapter 3 examined a human working with two arti�cial
agents, but did not address team-level trust dynamics. Studying trust in teams introduces
challenges beyond those in dyads, as it requires modelling beliefs about multiple teammates,
the di�erent relationships between them, and the layered structure of team trust [144, 376].
It also requires taking into account team characteristics such as composition, hierarchy, or
shared knowledge [300], as included in Chapter 2's taxonomy. Studying groups demands
bigger and more expensive experimental setups, usually technically more complex (e.g.,
several robots, or a server allowing several people at the same time), with more metrics,
and more participants [92, 97, 240, 274]. Finally, thinking beyond the dyad inevitably
brings focus to the role of reputation and communicated experiences [166, 327, 328] in the
modelling of arti�cial trust, which should be explored in future work.

Our choice to focus on dyads was deliberate. Although team dynamics is an important
part of the arti�cial trust when a team is bigger than two, we �rst need a solid understanding
of how it should form between two entities. However, extending our work to groups will
require capturing how multiple dyads interact and form the broader structure of team
trust and other dynamics [297]. Therefore, progress on modelling arti�cial trust in teams
will depend on �rst having a solid grasp of how trust operates within dyads, while also
extending the frameworks to account for the complexity of larger and more diverse groups.

7.5 Societal contributions
This dissertation makes several contributions with relevance beyond academia, shaping
human�machine teamwork for societal bene�t. Understanding how humans behave to-
wards collaborative technology, as well as how to make such collaborations sustainable
and trustworthy, adds to society in several areas, ranging from rescuing scenarios to daily
chores. In this section, we highlight some of the contributions we believe this dissertation
can bring to society.

7.5.1 Safety and effectiveness in high-risk environments
In domains such as �re�ghting, disaster response, and nuclear decontamination, humans
face tasks that can be harmful or fatal, such as reaching victims through �ames or cleaning
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areas with lethal radiation. Machines, on the contrary, could perform some of these tasks,
improving human well-being, both of practitioners (e.g., �re�ghters, possible workers
that need to clean those radioactive areas), and potential civilians involved (e.g., victims
of a �re, people living near those radioactive areas) [11, 18, 132, 416]. However, sending
those machines to working stations raises several challenges [191]. For example, machines
should not perform certain tasks that involve moral deliberation, such as deciding which
victim to prioritise, when resources are scarce, as these should remain under human control
[331]. Coordinating this collaboration requires the ability to determine which tasks are
better suited for the machine, which tasks humans can safely perform, and which the
interdependence level each task requires (i.e., assisted, independent, joint) [194, 232].

This dissertation helps this societal problem by presenting the framework in Chapter 4,
which provides a method to analyse the competence, willingness, and in�uencing factors
(permissions, constraints) of all teammates for di�erent tasks, supporting transparent and
informed team design and task allocation. Our work also identi�es the characteristics of the
task and the team (Chapter 2), such as the nature of the task and its criticality, that in�uence
the human traits most relevant to assess in each context. Finally, the results in Chapter
5 suggest that in high-risk environments, people prefer task allocations optimised for
e�ciency and e�ectiveness rather than for individual preferences. These �ndings support
the improvement of the safety of human teammates, potential victims of the situation (such
as in a �re), and e�ectiveness of teams in high-risk environments.

7.5.2 Work �ality
Work occupies a large part of daily life, and lack of enjoyment or persistent discomfort
can have serious consequences such as burnout, depression, and chronic pain [8, 263, 292,
344, 412]. Machines could help with this problem by taking on physically demanding or
psychologically taxing tasks [11]. Unfortunately, the logics of automation that originated
in the Industrial Revolution, namely displacement of labour, standardisation of work, and
reduction of human agency, still shape technology design today, often at the expense of
worker well-being [34, 366]. Poorly integrated human�machine teams could reinforce
these patterns by lowering autonomy, potentially creating social detachment, reducing
motivation, and even productivity [75, 120, 233, 244].

A recent case in Amazon, a highly performance-orientated company [158] where robots
almost outnumber human workers [169], shows how even in the most ambitious places
there is a need to step back and focus on human factors. Amazon's newest fully autonomous
robot Proteus, shows expressive features such as eyes and mouth-like indicators, making
its intentions understandable while avoiding frightening or annoying human colleagues
[19, 152]. This aligns with our argument that focussing on performance measures, without
caring about human well-being and needs, may undermine productivity in the long run. In
any case, this dissertation focusses on advancing collaborative technologies that improve
well-being and work quality, despite corporative productivity. The contributions of Chapter
4 and Chapter 5 provide guidance for this societal dimension. By integrating willingness into
transparent team design and task allocation, machines can be directed towards tasks people
would rather avoid, leaving humans with those they value. This has the potential to improve
job satisfaction, preserve health and dignity, and make human�machine collaboration more
sustainable.
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7.5.3 Calibrating trust and responsibility
Although machines have great potential to be our counterparts in several collaborative
scenarios, humans do not necessarily understand them when interacting [56, 426]. This
can become a problem when people assign wrong trustworthiness characteristics, leading
to mistrust (when they trust more than they should) or distrust (when they trust less than
they should) [232]. The �rst can cause harm, loss of control, and sense of responsibility,
whereas the second can lead to ine�ciencies, which can indirectly bring harm as well
[48, 261]. Chapter 2 re�ects on how arti�cial trust can a�ect human trust, proposing that
it can help calibrate human trust. Similarly, chapter 4's framework's transparency can help
regulate the understanding of the machine's capabilities and permissions, which can also
calibrate human's trust and sense of responsibility. This helps address societal concerns
about accountability and ethical responsibility in the deployment of autonomous systems.

7.5.4 Developing technology with people in the loop
Developing computational models without considering their implications in the real-world
systems where they will be deployed can lead to failure in achieving intended goals. In
particular, developing and evaluating collaborative agents without involving humans limits
its potential social bene�t, as it can overlook the impact on the human teammate, who is a
central part of the system [150, 207, 272, 313]. Not focussing on the human throughout the
di�erent stages of technology cannot guarantee alignment with society and user needs and
values, and can even lead to harmful physical and psychological consequences [34, 172].
Throughout our work, we draw on literature from multiple disciplines and evaluate our
contributions using methods that always incorporate human input, doing our best to align
our advancements with potential users.

In order to receive feedback from potential users, we conducted focus groups (Chapter
4) and user studies (Chapters 3 and 5). In fact, in Chapter 4 we adapt our method to a
potential use case, search and rescue, and invite �re�ghters to participate in the focus group
and evaluate our framework. This made the evaluation of the framework more realistic
and aligned with the needs of the practitioners. Furthermore, we collected qualitative data
in all user studies (Chapters 3 and 5), to ensure that we better understand the needs and
interpretations of the users.

Finally, we also collaborated with researchers from the social sciences and human factors
to better propose the role of arti�cial trust in teams (Chapter 2) and in task allocation
(Chapter 5). The goal was again to better align our methodology with real-world teams and
human behaviour. This work demonstrates how e�ective collaboration across disciplines,
such as computer science and social sciences, can produce models and methods that are
both computationally feasible and socially grounded. This type of collaboration is essential
for building systems that are trustworthy, acceptable, and aligned with societal values
[112, 268, 284].

7.5.5 Designing ethical AI systems
Safely and responsibly integrating autonomous systems (such as AI teammates) into critical
infrastructures and services is a challenge, as it touches on ethical and legal constraints
[172,319]. Our methods supporting team design (Chapter 4) propose the analysis of possible
interdependences given the external factors, explicitly pointing at possible AI legislation
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and ethical considerations. This provides a lens for policy makers and practitioners to
evaluate when and how to integrate autonomous teammates into critical infrastructures
and services. It also highlights the need for governance structures that ensure arti�cial
trust mechanisms to ensure that the e�ort required from the users does not undermine
their willingness to responsibly use autonomy.

7.6 Potential risks for society
Although we built this work focussing on the positive contributions it could bring to
society and science, it is necessary to acknowledge the potential risks of enabling arti�cial
agents to build models of human trustworthiness. In particular, we re�ect on the undesired
consequences and possible unethical usage of our work.

7.6.1 Reducing human involvement in decision-making
Delegating trust-based decisions to machines may pose some unwanted risks. For example,
it may distance humans from accountability for the outcomes of those decisions, such as
assignment of tasks [290]. In critical domains, this could make it unclear who is responsible
for errors or harm, raising ethical and legal concerns [222]. Furthermore, if machines
dominate task allocation or collaboration design, humans may feel disadvantaged or
marginalised in teams [78, 120, 203]. This risks lowering human motivation, engagement,
and satisfaction with tasks and collaborations [213,382]. These limitations can be addressed
by ensuring that AI recommendations are transparent and adjustable, so humans can retain
control and accountability, and by de�ning clear rules for which decisions remain under
human responsibility while collecting feedback to maintain engagement and trust.

7.6.2 Inappropriately trusting the human teammate
As mentioned above, both under-trust and over-trust can harm performance [232]. Surely,
miscalibrated arti�cial trust, such as overestimating human willingness or underestimating
human competence, could also lead to poor coordination, accidents, or loss of e�ectiveness
in high-stakes scenarios [232, 261, 404]. Furthermore, when a machine consistently allo-
cates tasks away from someone it considers less trustworthy, it may strip that person of
agency, responsibility, or opportunities for growth. Over time, this could damage morale,
create perceptions of unfairness, and erode human dignity in collaborative settings. These
limitations can be addressed by improving communication and changing belief formation
from exploration to exploitation from time to time [220, 228]. However, the risks of using
arti�cial agents to decide who is trustworthy for what go beyond that.

7.6.3 Social exclusion and ine�ality
Arti�cial trust models may inadvertently disadvantage certain individuals or groups of
people [319]. This can happen if there is a problem with the model, if the trustworthiness
criteria re�ect generic or biased assumptions, or if the models are used for something other
than e�ective teamwork. For example, if willingness is inferred from observable behaviour,
people with disabilities, atypical communication styles, or cultural di�erences could be
excluded from meaningful roles. This risks reinforcing inequalities in work and society.
Furthermore, the outcomes of the model can be used to classify someone as generally
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more or less trustworthy, removing them from the speci�c context of decision-making,
which can harm people in di�erent ways [138]. These risks can be mitigated [84] by using
inclusive, context-speci�c trust criteria, bias monitoring, and maintaining human oversight
to prevent unfair exclusion or generalised judgements.

7.6.4 Mutual distrust between humans and machines
As mentioned before, arti�cial trust may have an impact on human trust in the arti�cial
agent. This means that arti�cial trust can irreparably damage human trust in technology. If
a machine repeatedly judges humans as untrustworthy and withholds tasks or information,
and the human considers this to be wrong, humans may start distrusting the machine
in return [89]. This breakdown in mutual trust could reduce team cohesion, undermine
cooperation, and even cause humans to bypass or sabotage the system [61, 216]. In
addition, if certain people experience repeated exclusion or marginalisation by autonomous
systems, while others do not, this can create unnecessary tension and division in society
[113, 168, 423]. This can be addressed by activating mechanisms to, for example, ensure
no individual is consistently left out certain tasks without explicit consent, or allowing
humans to signal when they feel unfairly treated or misjudged.

7.6.5Reflection on human-machine collaboration for defence
Military institutions are currently among the largest sponsors of research and development
in autonomous and collaborative robotics. In the United States, for example, the Depart-
ment of Defense has directed hundreds of millions of dollars to AI, robotics, and autonomy
programmes [374]. Similarly, in the Netherlands, the Ministry of Defence collaborates
extensively with the Netherlands Organisation for Applied Scienti�c Research (TNO) in
human-machine teamwork. TNO runs a dedicated Human�Machine Teaming unit, de-
velops Defence roadmaps, and has proposed frameworks such as DASH (Delegation to
Autonomous Systems within Human�Machine Teams) to balance autonomy and meaning-
ful human control in military operations [372, 387]. The 2022 TNO Defence Programme
�yer says �Future military operations will increasingly involve humans and intelligent
technologies working together closely as human-machine teams (HMTs)� [372].

These investments show that the most mature and best-funded human-machine teaming
applications are likely to be used in warfare. This changes the nature of war and brings new
societal risks [182]. One central concern is escalation. When a human pilot is involved, the
personal risk and moral judgement function as natural brakes on engagement. In contrast,
unmanned or autonomous systems reduce the perceived costs of initiating strikes, which
can make military action more frequent and increase the likelihood of escalation of the
con�ict [ 334, 352]. Furthermore, autonomous systems making life-and-death decisions
with limited oversight raise questions about accountability, compliance with international
humanitarian law, and responsibility gaps [182].

Both countries shown as an example in this section have programmes to also re�ect on
and institute ethical and legal boundaries on the use of semi-autonomous technology. The
Netherlands presents ELSA Lab Defence [114], led by TNO, and the US presents ASIMOV
(Autonomy Standards and Ideals with Military Operational Values) [98], led by DARPA.
Although this is an important step in the development of such technologies, it does not
ensure anyone that the future of war will not escalate more easily given the already existing
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and under-development tools.
It is important to stress that this dissertation does not seek to contribute to the escalation

of war through human-machine teaming. Our motivation and focus are on civilian contexts,
where collaboration between humans and machines should serve human well-being, safety,
and meaningful work. Military research provides a cautionary reminder: without careful
governance and human-centred design, collaborative technologies risk being deployed in
ways that accelerate violence rather than support societal resilience.

7.7 Take-away message
The central message of this dissertation is that arti�cial trust can be used and designed
for decision-making as a dynamic, context-aware process that goes beyond competence
to include human willingness, such as preferences and cost�bene�t reasoning. It has the
potential to make human-machine teamwork not only e�cient but also sustainable and
meaningful for the humans involved. On the positive side, the work shows how modelling
arti�cial trust can improve collaboration, ensure more human-centred technology, and
create systems that align with user needs. On the cautionary side, it highlights that these
same mechanisms, if misapplied, risk reinforcing exclusion, eroding human autonomy, or
being used for military escalation. Therefore, the broader takeaway is that the purpose of
building arti�cial trust is not to maximise e�ciency at all costs, but to create collaborative
systems that enhance human well-being, resilience, safety, and dignity. This requires tech-
nical advances, multidisciplinary collaboration, and continuous re�ection on the societal
contexts in which these technologies are deployed.
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A.1 Interdependence and Trust Analysis Table (Version 1)

Figure A.1: First version of the Interdependence and Trust Analysis (ITA) table, presented in Chapter 4, which was evaluated in the �rst phase of evaluation. It includes an
extensive distinction among all the �ve possible roles each teammate can play when performing a task in a team composed of one human (H) and one machine (M). The
table assesses the feasibility of each teammate individually, through their dimensions of competence (C), possibility (P, which included the external factors), and intention
(I). Each �llable cell (the dimensions) could be �lled with green (g) or red (r) colours. This automatically �lls in the overall feasibility of the teammate for that role (M
column for machine's feasibility and H for human's). The feasibility columns can be (1) green if all three dimensions are green, (2) yellow if intention is red and all others
are green, (3) orange if competence is red, or (4) red if another combination of red occurs. The �nal feasibility column can be (1) green if both feasibilities are green, (2)
yellow if one is yellow and the other is green or yellow, (3) orange if one is orange and the other is green or orange, and (4) red if another combination occurs. Grey is
ignored when calculating feasibility.
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Glossary

ABI Arti�cial, Benevolence and Integrity model of trust as in Mayer et al. (1995) [250].
AI Arti�cial Intelligence.
AT Arti�cial Trust: a belief of trust where the trustor is an arti�cial agent (as ex-

plained in Chapters 1 and 2).
ITA Interdependence and Trust Analysis framework, described in Chapter 4.
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