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Human-AI teamwork is no longer a topic of the future. Given the 
importance of trust in human teams, the question arises how trust functions 
in human-AI teams. Although trust has long been studied from a human-
centred perspective (e.g. in psychology and philosophy), a computational 
perspective and from the perspective of human trust in AI (e.g. in human-
computer interaction), the study of trust in human-AI interaction in a team 
setting is still a novel field. For this reason, the MULTITTRUST 
(Multidisciplinary perspectives on Human-AI Team Trust) workshop series 
was founded. In this paper, we present the main outcomes after three 
editions. Our contributions are: an overview of the shared language of 
concepts and definitions; an outline of the main open research challenges; 
and methodological guidelines for further studies in meaningful human-AI 
team trust. These three contributions form a foundational roadmap towards 
a better understanding of trust in human-AI team interactions. 
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1. Introduction 

In the years 2023 and 2024, three editions of the multidisciplinary workshop on 
trust in hybrid human-AI1 teams2 took place (MULTITTRUST) (Jorge and Ulfert-
Blank, 2023, Brandizzi et al., 2023, Tielman et al., 2024). In the course of the var
ious keynote lectures, presentations and discussions, several converging concepts 
and definitions, as well as multiple research challenges for this field emerged. In 
this paper, we present the foundational concepts to the field, the main research 
challenges which were identified, and guidelines on methodology to start address
ing these, which all arose from the discussions held during the workshops. 

The study of trust dynamics in Human-AI Teams (HAT) is an increasingly 
relevant area of research as human-AI collaboration becomes more prevalent 
across industries such as healthcare (Huber et al., 2025), logistics (Kahr et al., 
2025), and safety (Seraj and Gombolay, 2020). Human-AI teamwork is no longer 
a topic of the future, but a pressing issue in today’s technological landscape 
(Brynjolfsson and Mitchell, 2017, Zhang et al., 2022). The types of AI systems in 
this context is diverse, from decision support algorithms to physical robots (Duan 
et al., 2025). As these teams evolve, addressing the unique challenges of trust 
between human and artificial agents becomes critical for ensuring effective col
laboration and decision-making (Visser et al., 2020, Glikson and Woolley, 2020, 
Kaur et al., 2023). Trust has been a well-established area of inquiry across multi
ple disciplines, including human-computer interaction (HCI) (Bach et al., 2024, 
Hoff and Bashir, 2015, Riegelsberger et al., 2005), and Philosophy (Baier, 1986, 
Pouryousefi and Tallant, 2023). Many slightly different definitions for trust exist, 
which (Lee and See, 2004) distilled into “the attitude that an agent will help 
achieve an individual’s goals in a situation characterized by uncertainty and vul
nerability”. 

In human teams, trust is fundamental for cooperative behaviour, as it under
pins decisionmaking and the willingness of team members to rely on one another 
(Costa et al., 2018, Sapp et al., 2019). This same concept has been used within 
multi-agent systems (MAS),3 where agents use mechanisms inspired by human 

1. In this work, we will use the term “AI” to refer to artificially intelligent agents, which repre
sent agency as the behaviour of and interaction among independent and concurrent AI systems. 
We will sometimes use the terms “AI” and (artificial) “agent” interchangeably. 
2. We follow (Rix, 2022, Berretta et al., 2023) in their conceptualisation of a human-AI team as 
having at least one human and one AI agent working towards some shared goal, which both 
have unique roles/functions and some form of interdependence. 
3. With the term ’multi-agent system’, we specifically refer to a system with multiple artificial 
agents, but no humans in the loop 
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trust to assess and make decisions about the reliability of other agents (Burnett 
et al., 2011, Ramchurn et al., 2004). Additionally, recent research has shifted 
towards understanding how humans trust AI systems and, conversely, how these 
systems can be designed to be trustworthy (Kaur et al., 2023, Li et al., 2023). How
ever, there is a gap in in understanding how trust dynamics function within HATs, 
where human and AI agents interact in complex, recurrent, and diverse team set
tings (Rix, 2022). Work on trust in teams exists both from a purely human per
spective (e.g. Costa et al., 2018, Sapp et al., 2019), which doesn’t account for the 
presence of a non-human agent; or from a AI agent perspective (e.g. Burnett et al., 
2011, Ramchurn et al., 2004), without a human in the loop. Many studies into 
trust in teamwork do include both a human and artificial agent (e.g. Lee and 
See, 2004, Duan et al., 2025, Campagna and Rehm, 2025), however, these typi
cally focus purely on human trust in AI systems, which doesn’t fully account for 
the mutual nature of trust necessary in a teamwork setting (Ulfert et al., 2024). 
We additionally identify that these three different research perspectives originate 
in distinct research fields (organisational psychology, multi-agent systems and 
human-computer interaction respectively) which often don’t communicate with 
each-other. We aregue that an integrative approach could be highly beneficial, 
given that our focus lies on HAT trust: the mutual trust relationships and dynam
ics between a least one human and at least one artificial agent who are working 
together in a team towards a shared goal. 

In summary, we identify a lack of integrative approaches that bridge the the
oretical and practical insights on HAT trust from various disciplines. While some 
reviews related to human-AI team trust exist, these are often focused exclusively 
on human trust in AI rather than all agents in the team (e.g. Campagna and 
Rehm, 2025, Zerilli et al., 2022), focused on specific types of AI (e.g. robots) only 
(e.g. Campagna and Rehm, 2025), focused on trustworthiness rather than trust 
(e.g. Ramchurn et al., 2021), or focused on factors in teamwork, but more than 
just trust (e.g. Schmutz et al., 2024, Kolomaznik et al., 2024, Kumar et al., 2021). 
Moreover, their focus typically lies on understanding current literature rather 
than on identifying research challenges. Developing comprehensive models of 
trust in HATs is essential to inform both the design and deployment of these sys
tems, ensuring their effectiveness and reliability across real-world applications. 
Therefore, this paper presents a research agenda highlighting central challenges 
for research on trust in human-AI teams based on the multi-disciplinary perspec
tives gained through MULTITTRUST workshops. 

The MULTITTRUST workshop series arose from this need to create a mul
tidisciplinary research community focused on studying the different perspectives 
and layers of trust dynamics in human-AI teams. Therefore, one of the primary 
objectives of the workshop was to ignite constructive discussions and debates 
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among participants from different backgrounds to leverage diverse information 
and insights. Contributions and presentations from students and researchers with 
diverse disciplinary backgrounds, such as Computer Science, Artificial Intelli
gence, Sociology, Philosophy, Psychology, and Human-Computer Interaction, 
were welcomed. During the workshops, a combination of lightning talks, 
keynotes, and interactive discussion sessions were organized. More details on 
the organisation and structure of the workshops can be found in the workshop 
proceedings (Jorge and Ulfert-Blank, 2023, Brandizzi et al., 2023, Tielman et al., 
2024). 

The interdisciplinary setting of the workshops allowed for productive discus
sions on the topic, but also necessitated a strong focus on shared language. Ini
tial discussions highlighted this need via recurring discussions around definitions 
and meanings of concepts like trust. Through the course of three workshops, we 
moved closer to an understanding of the concepts and definitions involved, and 
what they mean for the different disciplines. Therefore, our first contribution in 
this paper is an overview of these concepts. 

During the workshops, the focus lay on interactive sessions. This process 
involved dividing the participants into several groups, around different discussion 
topics, as further detailed in (Jorge and Ulfert-Blank, 2023, Brandizzi et al., 2023, 
Tielman et al., 2024). Aside from discussions on concepts and definitions, 
research challenges for human-AI team trust were identified. After the group dis
cussions, plenary discussions helped to clarify these open challenges. The second 
contribution of this paper is to present these core challenges in human-AI team 
trust research. 

Finally, the third edition of the workshop included a discussion group on the 
important elements of meaningful human-AI teamwork studies. To start address
ing the important challenges in the field, we do not only need to understand the 
concepts involved, but also the teamwork settings in which trust becomes rele
vant. Therefore, the final contribution of this paper is a discussion on the impor
tant elements of meaningful studies on human-AI team trust. 

After the 2024 workshop, notes from all discussion groups were saved, which 
served as a foundation for this paper. All discussion groups had at least one author 
present, who contributed to the related sections in this paper. Additionally, orga
nizers involved with the first and second edition of the workshop were invited to 
contribute to fill potential gaps in perspectives from those editions. 

In the remainder of this paper, we will address the three main contributions 
listed above. In Section 2 we will start with an overview of the important concepts 
and definitions in the field of human-AI team trust, and the insights gained from 
the workshop discussions. Next, we will present the main open challenges in the 
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field in Section 3. Finally, in Section 4 we will present the important components 
of meaningful human-AI team trust studies aimed at addressing the challenges. 

2. Concepts and definitions 

The need for convergence on key concepts and their definitions quickly became 
clear from the workshop discussions. Given the interdisciplinary nature of the 
topic of human-AI team trust, people with diverse backgrounds are actively 
involved. This is crucial for the field, but also creates a challenge around shared 
language. Even the core concept of trust is perceived very differently by a psychol
ogist, philosopher, computer scientist and others. The goal of the discussions was 
not convergence to a single shared definition, but rather a shared understanding 
of the different nuances and perspectives. In this section, we present this under
standing on the key concepts which arose from the discussions namely: Trust, 
Trustworthiness, Trust Calibration, Artificial Trust and Team Trust. In Figure 1 
we represent these concepts and how they relate to each-other. Broadly, we iden
tify three possible trustor and trustees: a human, an agent, or a team. For each, we 
have their trust as a trustor, and their trustworthiness as a trustee. Trustworthi
ness of a trustee influences trust of the trustor, and when human (natural) trust in 
an agent and agent trustworthiness are aligned, we talk about trust calibration. 

2.1 Trust 

We start with trust where a human is the trustor, or natural trust, as this is present 
in all research communities and domains. We can contrast this with trust where 
an artificial agent is a trustor, which we will call artificial trust, and return to in 
Section 3.2. 

Trust as a concept has been evading a single shared definition for decades 
(McKnight and Chervany, 1996). However, there are some common factors that 
we want to outline. Firstly, trust exists between two entities, namely one that trusts 
another one (trustor) and the one that is being trusted (trustee) (Mayer et al., 
1995). Naturally, trust may exist between two human beings, but also between a 
human trustor and a synthetic or artificial trusted entity (software agent or robot). 
The entity involved is often an individual, but can also be a social entity consist
ing of multiple agents itself such as an institution or a team. Secondly, in order 
for trust to even be considered, there needs to be a certain risk that the trustor 
perceives from the behaviour of the trustee. The trustor should be vulnerable to 
the trustee’s decisions and actions (Jacovi et al., 2021, Duarte et al., 2023, Rousseau 
et al., 1998, Mayer et al., 1995). Related to this, trust is argued to only be relevant 
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Figure 1. A schematic representation of the core concepts described in this section. We 
identify three possible trustor and trustees: A human (blue), an agent (red), or a team 
(purple). For each, we have their trust as a trustor, and their trustworthiness as a trustee. 
Trustworthiness of a trustee influences trust of the trustor, and when human (natural) 
trust in an agent and agent trustworthiness are aligned, we talk about trust calibration. 
The numbers represent the corresponding sections 

in situations with uncertainty (Lascaux, 2008). In case of perfect knowledge of 
the other, one can act based on this knowledge, and does not need trust. Trust 
only comes into play when we do not know exactly what will happen (Lewis and 
Weigert, 1985). Thirdly, trust is typically characterised as a mental attitude, or a 
belief (Mayer et al., 1995), although some also allow trust to be a behaviour (Lee 
and See, 2004). However, in most conceptualisations trust and reliance are sepa
rated, where trust is the mental attitude or intention, and reliance the behavioural 
outcome. Although reliance is largely determined by trust, trust is not the only 
factor determining reliance. Finally, the mutual expectations and dependencies 
between trustor and trustee can be formalised in contracts. Contractual trust is 
achieved when a trustor has a belief that the trustee will stick to a specific contract 
(Jacovi et al., 2021, Duarte et al., 2023). For example, mutually agreed require
ments can be used to specify the subject-matter of a contract, such as the vari
ous definitions of factors in the European Guidelines for Trustworthy AI Models 
(Directorate-General for Communications Networks, 2019). Contracts for differ
ent factors can be agreed upon, reflecting various dimensions of trust. Conse
quently, contracts specify the behaviour of the trustee to be anticipated and trust 
is the belief that a set of contracts will be upheld. In the case of an AI system, the 
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contracts imply an obligation by the AI developer to carry out a prior or expected 
agreement. 

In cases of uncertainty and risk, a trustor needs to decide on whether they 
can rely on the trustee and their trustworthiness (Degli-Esposti and Arroyo, 2021). 
From this perspective, trust can be considered as the trustor’s perception of the 
trustee’s trustworthiness. There are different characterisations of how this per
ception is shaped, but one common perspective is that it can be divided into a 
belief of a trustee’s ability, integrity, and benevolence (see ABI model in Figure 2 
Mayer et al., 1995, Jorge et al., 2021). This conceptualisation of trustworthiness 
goes beyond the ability of the trustor to perform a task. In automation, many stud
ies on trust in the past have focused purely on whether the system is trustworthy 
in the sense that it is able to do a job. However, a common notion of trust is that 
to trust means that a trustor must believe that the trustee has the intention to act 
in her best interest (Mayer et al., 1995). Intentions and interest go beyond simple 
capability, a trustee’s personal choices also matter. 

On the opposite, distrust is trust in the negative sense. A trustor A distrusts a 
trustee B, if A does not accept the vulnerability to B’s actions, because A believes 
that B may not act in A’s best interest (Jacovi et al., 2021). Distrust is not equal to 
the absence of trust, which might occur if the trust belief is not very strong, or not 
fully formed at all. In this case, a trustee might simply not know whether to trust 
or distrust. 

In order to have the ability to anticipate the impact of the trustee’s actions, 
determine their trustworthiness and form trust or distrust, a trustor must have 
experience with the trustee’s behaviour or understand its functioning and motiva
tion. In the case of a human’s trust in an AI system, transparency and explainabil
ity are often mentioned as prerequisites. Another contributing factor to building 
trust involves an agent’s reputation, i.e. what a social entity says about an agent 
regarding their behaviour. (Mui et al., 2003, Fullam et al., 2005, Herzig et al., 
2009, Sabater-Mir and Vercouter, 2013, Pinyol and Sabater-Mir, 2013). Reputation 
is relevant particularly when direct experiences with a trustee are lacking. 

Trust is not a homogeneous concept, but has multiple dimensions. As Mayer 
et al. (Mayer et al., 1995) explain, it is necessary to differentiate between trust 
itself, factors that contribute to trust and outcomes of trust. In dyadic trust among 
two specific parties, there are a few factors to consider, and multiple different the
oretical models. Firstly, there are characteristics of the trustor itself, such as the 
trustor’s propensity to trust (Mayer et al., 1995). Secondly, there are characteris
tics of the trustworthiness of the trustee as perceived by a trustor. Different per
spectives on which characteristics exist, but one common model identifies ability, 
benevolence and integrity (ABI model, see Figure 2, Mayer et al., 1995). Ability is 
the set of skills and competencies in a specific domain. Benevolence is the level at 
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which a trustee is believed to benefit the trustor. Integrity refers the trustor’s per
ception whether a trustee adheres to a set of personal or moral principles that the 
trustor identifies with. 

Although there are different models of trustor’s characteristics beyond the 
ABI model, most share a distinction between more functional aspects and more 
intentional aspects. In line with this, Malle and Ullman (Malle and Ullman, 2023), 
identify two main classes of trust, each with their characteristics: 

– Performance 
– Reliability: are outputs coherent and consistent? 
– Competence: what is the quality and appropriateness of the output? 

– Morality 
– Transparency: are functions and results understandable and repro

ducible? 
– Ethics: are values and norms respected? 
– Benevolence: does the trustee act in good faith and for the benefit of the 

trustor? 

2.1.1 Trust across disciplines 
As already introduced, the concept of trust has been studied in different disci
plines. The general purpose of trust converges as: a way of facilitating collabo
ration in environments of uncertainty, allowing individuals to decide whether or 
not to rely on others. Despite that, there are also differences, mainly related to how 
trust is studied. From a sociological point of view, trust is viewed as a mechanism 
that reduces social complexity by means of shared social norms, institutions, and 
roles (Luhmann, 2018). Psychology distinguishes between cognitive trust, which 
is based on rational assessment of competence and reliability, and affective trust, 
which is grounded on emotional bonds and subjective factors such as personal 
connections (McAllister, 1995). Philosophy is primarily concerned with the onto
logical and normative conditions that trust must meet to be meaningful, which 
also include moral responsibilities and ethical obligations (Baier, 1986). Finally, 
disciplines such as AI, robotics, and computer science view trust as a variable that 
could be modelled and calibrated through features of the system (Castelfranchi 
and Falcone, 2010). 
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Figure 2. ABI model of trust (Mayer et al., 1995) 

2.2 Trustworthiness 

Trust comes from a perception by one entity of how worthy another entity is of 
being trusted. This worthiness, i.e. trustworthiness, can be seen as the property 
of an agent which determines whether they will uphold the trust contract (Jacovi 
et al., 2021). However, often definitions of trustworthiness will also attempt to 
define what it means to be worthy, or what contracts we should be able to expect 
a trustee to uphold. This means that definitions of trustworthiness of AI are often 
different from those of humans, for instance involving security, accountability and 
privacy, along with more common human factors such as reliability and fairness 
(Directorate-General for Communications Networks, 2019, Mattioli et al., 2023). 

Beyond the fundamental requirements of being lawful, ethical and robust, 
the “European Guidelines for Trustworthy AI Models” (Directorate-General for 
Communications Networks, 2019) require AI systems to comply with a variety of 
principles: 

1. Human agency and oversight. 
2. Technical robustness and safety. 
3. Privacy and data governance. 
4. Transparency. 
5. Diversity, non-discrimination and fairness. 
6. Societal and environmental well-being. 
7. Accountability. 
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While some of these principles reflect quantitatively measurable characteristics of 
an AI system,4 many are of a qualitative nature. This is similar to the distinction 
between performative and moral trustworthiness above. 

In a technical sense, an AI system is worthy of trust to a certain degree when 
it operates according to its specifications and requirements. Accordingly, actual 
trustworthiness can be measured by its performance characteristics, such as accu
racy, resilience, robustness, etc. with regard to formal and functional require
ments specifications. However, other elements are more difficult to objectively 
measure, such as fairness, societal well-being and accountability. Moreover, trust
worthiness also depends on a given context, which includes the trustor, a physical 
or virtual environment and purpose. Given that trust can be seen as someone’s 
belief on someone else’s trustworthiness (Jorge et al., 2021), trustworthiness of the 
trustee can also depend on who the trustor is, making it more than an objective 
property of an agent. For example, benevolence of a trustee depends on shared 
values and familiarity of acquaintances, and will be different depending on the 
trustor. 

2.3 Trust calibration 

Trust calibration is the process of adjusting and aligning actual and perceived 
trustworthiness (see Figure 3 Okamura and Yamada, 2020, Visser et al., 2020, 
Visser et al., 2023, Chi and Malle, 2023). Actual trustworthiness (Trustworthiness) 
is the degree to which a system or actor complies with its required or promised 
expectations and performance, as defined above in Section 2.2. Perceived trust
worthiness is the main antecedent to Trust as experienced by the trustor, as 
defined above in Section 2.1, and what we wish to adjust to match actual trustwor
thiness. 

The level of perceived trustworthiness of an AI system is not necessarily equal 
to the actual objective trustworthiness. If the perceived trustworthiness is higher 
than the actual trustworthiness, the system will be over-trusted. This can lead to 
misuse of the system, because it can be used in cases where it does not perform 
sufficiently, according to exaggerated expectations (Parasuraman and Riley, 1997). 
Unjustified trust should be dampened to adjust the high perception to the actual 
level of trustworthiness. On the other hand, if the perceived trustworthiness is 
lower than the actual trustworthiness, the system will be under-trusted. This can 
lead to disuse of the system, because it will not be used in cases where it does per
form well according to its specifications (Parasuraman and Riley, 1997). 

4. https://oecd.ai/en/catalogue/metrics 
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Both trust repair and trust dampening refer to strategies to adjust human 
trust, typically to ensure better trust calibration. Trust repair occurs after a trust 
failure, and attempts to regain some of the trust which was lost (Kox et al., 2021, 
Tolmeijer et al., 2020, Tomlinson and Mayer, 2009, Visser et al., 2018). Trust 
dampening refers to the conscious lowering of trust in cases where trust is too 
high (Visser et al., 2020, Jensen and Khan, 2022). 

Many different terms exist in the literature to refer to this concept of calibrated 
trust. Appropriate trust, warranted trust, responsible trust, etc. Following a litera
ture review, Mehrotra et al. (2024) identify the most common terms, and suggest 
a conceptual mapping which defines whether the term is addressing calibrated 
beliefs, intentions or actions. In the case of calibrated trust, there is an implicit 
understanding that this is not just a state, but rather the result of a trust calibra
tion process (Mehrotra et al., 2024). In Figure 1 we conceptualize this process of 
trust calibration as attempting to align natural trust with agent trustworthiness. 

2.4 Artificial trust 

We define artificial trust as trust by an artificial entity, such as an AI agent. This 
term is agnostic about how this is implemented, but this could for instance be as 
an internal variable representing a trust belief which is updated based on infor
mation about a trustee’s trustworthiness and influences the agent’s behaviour. 

Figure 3. Trust Calibration (Visser et al., 2020, Visser et al., 2023) 
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Although the concept of having artificial agents with the ability to trust has 
been around for a while in multiagent systems (e.g. Falcone and Castelfranchi, 
2004, Falcone et al., 2002, Sabater-Mir and Vercouter, 2013), only recently has 
there been an interest for an artificial agent to trust a human (e.g. Surendran 
and Wagner, 2019, Vinanzi et al., 2018). This interest raises as artificial agents 
become teammates, as they need to make decisions taking into account their 
teammates’ ability and willingness for certain tasks. Before this recent interest, 
most works suggesting trust constructs for artificial agents to be trustors consid
ered the trustee to be an artificial agent, too. Works such as (Jorge et al., 2021) 
suggest that trust can be a belief in the human teammate’s trustworthiness to per
form a task successfully. Thus, this belief can be used for an artificial teammate 
to calculate the teammates’ reliability, similar to the way it was used in multia
gent systems. However, saying that an artificial agent is enabled to trust a human 
is controversial for several reasons, including the fact that it worries people that 
they may be classified as untrustworthy. Some researchers also defend that trust 
is a human-only phenomenon and, as such, artificial agents could never trust. 
These researchers believe that trust cannot truly be modelled, and that artificial 
agent developers should instead focus on terms such as expectation, reliability, 
etc, which are already accepted in humanagent interaction. Potentially alleviat
ing these worries, Azevedo-Sa et al. (2021) introduced the term artificial trust as a 
trust relationship where the trustor is an artificial agent (Azevedo-Sa et al., 2021). 
The authors distinguish this concept from natural trust, i.e., a trusting relation
ship where the trustor is a human, and open the road for an independent investi
gation of artificial trust, where models and definitions used on artificial agents do 
not have to align with the existing theories from social sciences. Artificial trust fol
lows the definition 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” (Kok and Soh, 2020). Departing from 
this notion, several works have advanced research on artificial trust for human-AI 
teams, such as exploring how it can be modelled (Jorge et al., 2024), how it can be 
used for decision-making (Jorge et al., 2022) or task allocation (Ali et al., 2022). 

We distinguish artificial trust, i.e. the trust of an artificial trustor, from com
putational trust. Computational trust can be defined as the formal modelling of 
trust beliefs and dynamics into algorithms, representing either natural or artificial 
trust (Urbano et al., 2011). Computational trust models often collect information 
such as direct experiences, reputation, or recommendations to assess the trust or 
trustworthiness of agents, whether they represent individuals, organizations, or 
artificial entities (Sabater et al., 2005, Braga et al., 2018, Youssef et al., 2015). As 
seen in the previous paragraphs, when these beliefs are used to translate trust, 
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and the trustor is artificial, then we are talking about artificial 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 calibrat
ing trust in teams, and assessing team trust. 

2.5 Team trust 

The term team trust stems originally from social sciences (e.g., organisational psy
chology) and is generally defined as the shared belief among human team mem
bers that they can rely on each other to fulfil their roles and responsibilities within 
the team and that team members will act in a dependable, honest, and cooperative 
manner (Fulmer and Gelfand, 2012, Mayer et al., 1995). It encompasses confidence 
in teammates’ intentions and competencies, facilitating collaboration under con
ditions of interdependence and uncertainty (Costa et al., 2018). Team trust plays a 
critical role in team effectiveness by fostering open communication, coordination, 
and resilience (Jong and Elfring, 2010). At the team level, trust is recognised as a 
complex construct consisting of multiple dimensions and layers (Castaldo et al., 
2010). Conceptually, team trust integrates both individual and team-level perspec
tives, assuming a similarity in how trust beliefs of individual team members are 
shaped (Fulmer and Ostroff, 2021). Recently, these definitions have been further 
extended, suggesting team trust to be an emergent and dynamic state at the team 
level (Feitosa et al., 2020). 

In human-AI teaming research, some initial work highlights that team trust 
may also have a substantial impact on team performance in human-AI teams 
(Georganta and Ulfert, 2024). Yet, conceptualisations of team trust in human-AI 
teams often do not follow the definitions proposed within organisational psychol
ogy but focus more on individual trust beliefs (Ulfert et al., 2024). 

3. Research challenges 

The previous section gives an overview of the core concepts in HAT trust. Based 
on this shared understanding, it is possible to now discuss the main open research 
challenges to achieving appropriate human-AI team trust. We can divide these 
challenges into three main groups. Firstly, we have natural trust calibration. This 
challenge is about ensuring calibrated trust from a human in the team and (AI) 
teammates. Secondly, we have artificial trust. This challenge is about ensuring 
appropriate trust from an AI agent in the team and the (human) teammates. 
Thirdly, we have team trust. This challenge is about re-defining what team trust 
means, how we achieve it and what its goals should be in a context where AI 
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becomes a team mate. These research challenges should be seen as first steps. 
Challenges around the influence of specific team settings still need more explor
ing. 

3.1 Trust calibration 

In Section 2.3 we describe the concept of Trust Calibration: the notion that trust 
needs to evolve and adjust to the trustee’s trustworthiness to avoid under and over 
trust. There is a broad agreement that human trust in AI needs to be calibrated 
in this way (Lee and See, 2004, Winikoff, 2017, Bobko et al., 2022, Mehrotra et al., 
2024). However, how to actually achieve this calibrated natural trust in human-
AI teams is an open research question. In achieving calibrated trust in AI and 
human-AI teams, we focus on how to develop the AI with this goal in mind. This 
focus stems from the fact that these are the team members which we are actively 
designing and building, whereas we can only try to understand the human. Con
sequently, we identify two sub-challenges. 

Challenge. How can AI understand a human’s trust? 
Firstly, we have the challenge of ensuring that the AI agent understands a human’s 
trust. In order to calibrate trust, it is important to know whether there is over or 
under trust in the first place. An AI agent could only identify this, if it has some 
perception of the human’s trust. Initial work in this direction has been done (Guo 
and Yang, 2020), but given the subjective nature of trust, automatic recognition of 
trust remains an open challenge. 

Challenge. How can AI influence a human’s trust? 
Secondly, once under or over trust is recognised, the challenge is to influence 
the human’s trust to combat this. What can the AI system do, in order to either 
dampen trust (in the case of over trust), or improve it (in the case of under trust)? 
Although there is quite a bit of work on improving trust (e.g. Kox et al., 2021, 
Tolmeijer et al., 2020, Tomlinson and Mayer, 2009), trust dampening is still an 
under-studied field (Visser et al., 2020, Jensen and Khan, 2022, Aroyo et al., 2021). 

To tackle the first challenge, we can build on research into what influences 
trust of humans and AI. Studies show that trust in AI systems emerges from 
insight into and experience from using the systems, where commonly found char
acteristics that contribute to the emergence of trust are capability, explainability, 
integrity, reliability and anthropomorphism (Cabiddu et al., 2022, Glikson and 
Woolley, 2020). However, some of these characteristics can be difficult to quantify, 
and will affect different people in different ways (Küper and Krämer, 2023, Riedl, 
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2022). Therefore, just knowing how trustworthy these systems are with respect to 
those characteristics will not be enough. 

Challenge. How do we deal with the subjective and dynamic nature of trust 
when trying to observe it? 
Some efforts have been made to estimate human trust based on what they observe 
about agent performance (Guo and Yang, 2020). However, a remaining issue is 
that reliance behaviour isn’t always sufficient to estimate trust, as hypothesised 
by theoretical models and supported by deviating measures of trust and reliance 
in experimental work (Mayer et al., 1995, Lee and See, 2004, Zhang et al., 2022). 
With constant trust questionnaires also not being a viable option, the best way to 
flexibly and dynamically estimate human trust remains an open challenge. 

Challenge. Can we separate trust in an agent from trust in the humans behind 
it? 
An additional difficulty when estimating trust in AI systems specifically, is that 
these systems usually do not operate in isolation. As much as an employee repre
sents a company, so do most AI systems represent the company which builds or 
provides them. With the increasing power and concerns over big-tech, the influ
ence of their reputation on the trust people have in their AI systems should not be 
under-estimated. However, the influence of trust in the developer on trust in the 
AI system is still an under-studied topic. Moreover, when AI is integrated in pro
fessional teams, the person behind the AI’s introduction will also play a big role. 
Does trust in the manager influence trust in the AI team mate that they introduce? 
These additional players play a role which should be taken into account by any AI 
system estimating human trust (Cameron et al., 2024). 

Challenge. Can we quantify how much trust is appropriate in a given 
situation? 
Much of the current work on trust has focused on increasing trust (e.g. Nam and 
Lyons, 2020, Tucci et al., 2022, Kox et al., 2021), but as we want to avoid over-trust 
in teams, just increasing trust endlessly is not the goal. But how can an AI agent 
determine when trust is ’too high’? The first part of the answer lies in the first chal
lenge described: knowing what a human’s trust level is. The second part of the 
answer lies in determining what the trust level should be in a given situation, for a 
given agent, in order to be able to compare the two. However, selecting this level 
is not straightforward. Some situational aspects might play a role, for instance the 
interdependencies involved might influence this (Johnson and Bradshaw, 2021, 
Verhagen et al., 2024). Some studies look at situations in which over-reliance is 
easily established, for instance when monitoring fails or a choice needs to be made 
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which is clearly correct or not (Vasconcelos et al., 2023). However, there is also an 
argument that the trust level should depend on the agent’s inherent trustworthi
ness, and not only on human behaviour, as it has been shown that these do not 
always align (Lee and Chew, 2023, Zhang et al., 2020). 

Challenge. How can we compare human trust to an agent’s trustworthiness in 
a meaningful way? 
Following this argument, when trust is calibrated, the actual and perceived trust
worthiness should align (Visser et al., 2020, Visser et al., 2023, Verhagen et al., 
2022). This means that some form of comparison between a human’s trust and the 
agent’s trustworthiness should occur. This brings it’s own challenges, firstly how 
to quantify an agent’s trustworthiness. This seems inherently context-dependent 
and, some have even argued, dependent on the trustee (Jorge et al., 2021). How
ever, even if a solid representation of trustworthiness can be achieved, there is still 
an open question of how to compare this to a human’s trust. If trust is measured 
subjectively, for instance, does it truly make sense to compare a ’trustworthiness’ 
number with questionnaire outcomes? How to make such a comparison between 
human trust and the agent’s trustworthiness is very much still an open question. 

Challenge. What strategies should AI systems use to increase or dampen 
trust? 
When under- or over-trust has been established, the second challenge is to influ
ence trust to either decrease or increase. Most work has focused on trying to 
increase trust, for instance after trust violations have reduced it (Tolmeijer et al., 
2020, Kox et al., 2021). Less work has been done on trying to dampen trust, 
despite work showing the danger of over-trust (Robinette et al., 2016, Vasconcelos 
et al., 2023). In cases of over-trust, the AI should try to lower expectations of a 
human (Wagner et al., 2018). Despite the large body of work studying antecedents 
of trust, a lot more is still necessary to determine the correct strategies in cases of 
under- and over-trust. 

Challenge. Are there trade-offs to more calibrated trust, which might not be 
worth it? 
More work on calibrated trust might also shed light on the trade-offs of trying to 
achieve it. Teamwork often has some goals for efficiency and speed. Spending a lot 
of time on trust calibration might not always be worth it, given the mental effort 
which can be involved (Vasconcelos et al., 2023). Which settings would allow for 
less calibration is still an open question, as is more research into what the exact 
trade-offs would be. 

Multidisciplinary perspectives on human-AI team trust 179



Challenge. How can trust calibration take into account changing contexts as 
AI itself evolves? 
Finally, AI is moving increasingly from a simple tool, to a more sophisticated 
teammate. When designing for trust calibration in human-AI teams, it is impor
tant to realise that at least one of the teammates is constantly changing and 
evolving, and probably becoming increasingly autonomous. This might, in turn, 
influence both human trust in the AI and the amount of risk involved in team
work. How this evolution will influence trust calibration is still very much an 
open question. 

3.2 Artificial trust 

The counterpoint to calibrated trust, i.e. appropriate natural trust of a human in 
their team members, is artificial trust, i.e. appropriate trust of an artificial agent 
in their team members. In human-human teams, mutual trust is an antecedent of 
good team work (Salas et al., 2005), but for human-AI teams this is not as com
monly accepted. Firstly, there is the justified question whether agents can trust 
as humans do, and if not, whether it makes sense to talk about mutual trust at 
all. Secondly, there is a concern that if agents are allowed to distrust humans, 
they might ignore or overrule humans in situations where this is not appropriate. 
Although discourse on both these questions is on-going, in this paper we follow 
the following premises. Firstly, as described in Section 3.2, we use artificial trust 
for agents using internal models of another’s trustworthiness in their decision 
making on whether to rely on them in uncertain circumstances. We argue that 
this term makes it clear that we are referring to mechanisms inspired by human 
trust, yet which aren’t necessarily the same. Secondly, we note that artificial trust 
should always aim to be appropriate, i.e. there should be no under trust, but also 
no over trust in a human. The boundaries for these might be different in situations 
with an agent trusting a human than vice versa, as we might want to err on the 
side of trusting the human too much, and the agent too little, especially in morally 
sensitive situations (Sio and Hoven, 2018, Waa et al., 2020, Verhagen et al., 2024). 
However, in many situations, it does make sense for an agent team mate to have 
a realistic estimation of human team mates’ trustworthiness, even if this results in 
distrust. A simple example would be a task where an agent can ask two different 
humans for help. In this situation, distrusting the one who is busy and far away 
makes sense, as does trusting the one who is close by and idle. This also relates 
to work on “disobedient AI”, where the case is made that in some cases, it is in a 
human’s best interest to not do as they say, for instance if they don’t have all infor
mation (Briggs et al., 2024, Briggs et al., 2022). 
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Challenge. What can we observe to base artificial trust on? 
At its core, artificial trust is an internal model or variable of the agent. This can be 
based on previous knowledge and observations in the environment. These obser
vations are crucial if we want artificial trust to adapt to the situation and specific 
team mates the agent is interacting with. Ideally, these observations say something 
about the trustworthiness of the trustee. This means that a central challenge in 
artificial trust is about how an AI can observe cues of trustworthiness (Jorge et al., 
2024). This is challenging for several reasons. Firstly, what constitutes as trustwor
thy behaviour will differ per situation. In some situations, it is more important 
to do something quickly, and in others precision matters more. Understanding 
this situational context is crucial. Secondly, agents rarely exist in an environment 
with perfect observability. Some actions might not be observable at all, while oth
ers might not be interpretable until later. Examples are tasks that happen out of 
sight, where it might only be seen later whether they were completed; or a mes
sage of which the truthfulness cannot be determined until later. Finally, common 
antecedents of trust in humans are often not observable from a single action at 
all. Integrity and benevolence for instance, while well understood in human trust 
literature (Mayer et al., 1995, Breakey et al., 2015, Colquitt and Salam, 2009), are 
difficult to reduce to single actions. What an AI agent can actively observe which 
is meaningful to trust, and how to interpret those cues into larger constructs is a 
big open question. 

Challenge. How do we deal with the lack of ground truth? 
Artificial trust is essentially a model of trustworthiness, in the case of HAT often 
of a human. Ideally, such a model is evaluated, where we see how well it matches 
its real world counterpart. However, trustworthiness of a human is not something 
we can easily measure, or even define. This means that evaluating artificial trust 
on the basis of how well it represents actual trustworthiness is nearly impossible 
to do. There is no easy ground truth to compare to, which leads to the question of 
how we should be evaluating artificial trust instead? 

Challenge. How do we determine the right goal of artificial trust? 
The lack of ground truth to evaluate artificial trust in humans is a hurdle, but also 
serves to re-evaluate the goal of artificial trust. Often, the goal is not truly to per
fectly model how humans would trust. Rather, the goal is to improve teamwork 
by allowing the agent to make better decisions using artificial trust. This means 
that there are potential alternative ways to evaluate which look at the result of an 
agent’s behaviour, rather than its internal state. However, which evaluation met
rics to use is still an open question. Some models look at improving appropri
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ate reliance (Vasconcelos et al., 2023, Schemmer et al., 2023), and another option 
would be to consider the result of task allocation. This does also raise the ques
tion of whether it always makes sense to equate good behaviour with a good trust 
model, if it is even possible to define good behavioural outcomes. How to prop
erly and consistently evaluate artificial trust in a way which allows for comparison 
between models is an open question. 

Challenge. How do we make an agent transparent about artificial trust? 
Finally, a related question is how humans will respond to agents which can trust 
and distrust them. There is a broad push for transparent and explainable AI 
(Felzmann et al., 2020, Miller, 2019, IEEE, 2018), and ideally human team mates 
will know that agents can have a trust model which applies to them. However, how 
an agent should express such models is still very much under-studied. Despite the 
large body on explainable AI (Anjomshoae et al., 2019, Adadi and Berrada, 2018, 
Arrieta et al., 2020), very rarely does this involve an AI explaining what it thinks 
about the one it is explaining to. One can imagine that an agent stating ’I don’t 
trust you’ might have averse effects. How to balance the need for transparency 
with the need for a good working relationship in teams is very much unexplored. 

3.3 Team trust 

Depending on whether trust is conceptualised as a belief that only humans pos
sess and how it is precisely defined, new challenges also arise in terms of under
standing human-AI team trust. 

Challenge. How do human trust and artificial trust differ, and how can they 
be compared and integrated in team trust? 
Although humans and agents are likely to evaluate their team members in differ
ent ways, following the propositions by Ulfert and colleagues (Ulfert et al., 2024), 
it is important to note that all team members will form some form of belief about 
their team members and the team as a whole. The difficulty will lie in compar
ing these beliefs within team settings. For example, is it comparable when, within 
a team, a human or an AI agent makes an evaluation of a new team member 
based on information from a newspaper article? While the evaluation is mainly 
based on the same information (i.e., the newspaper article) and might result in 
the same outcome (e.g., a specific assessment of the new team member’s ability), 
prior knowledge, biases, or the way the information is assessed may fundamen
tally differ between team members. For instance, the human team member may 
connect the information included in the article to prior knowledge or beliefs of 
individuals resembling the descriptions, whereas the AI agent’s knowledge base 
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may be fundamentally different. At present, we lack methods to make a statement 
about how these team member evaluations could be compared or even combined. 

Challenge. Do beliefs exist that are shared between humans and AI? 
Although first approaches have been proposed to conceptually integrate artificial 
and human trust at the team level (e.g., Ulfert et al., 2024), it is unclear how and 
to what extent trust by the different team members would and should contribute 
to a shared belief. This is also related to the question of the extent to which con
cepts, such as trust, should be emulated in AI agents. 

Challenge. Should we strive to model human-AI team trust after team trust 
in humans, or is it something completely new? 
Even though modelling concepts after theories from other disciplines such as psy
chology has been a successful approach for the development of AI, it remains 
unclear to what extent human behaviour should be emulated. The same question 
should be posed in the context of trust in human-AI teaming. When would a 
shared trust belief be helpful for collaboration and when would it be detrimental? 

4. Measures and methods 

The previous section identifies some of the main research challenges in the field 
of human-AI team trust. When starting to address these challenges, we pose that 
there are important methodological questions to consider. From the workshop 
discussions, two main themes arose: measures and research environments. In 
this section, we present a reflection on potential measures for trust in human-AI 
teams, as well as requirements for valid research environments to study trust in 
teamwork. 

4.1 Trust measures 

Most studies on trust in HAT are experimental in nature; they investigate how 
human trust is influenced by different settings or agent behaviour (e.g. Verhagen 
et al., 2022, Esterwood, 2023, Hannibal et al., 2022). This setting necessarily 
means that natural trust needs to be observed or measured in some form or way. 
As seen in Section 2.1, trust is conceptualised in different ways, although com
monalities exist. We pose that in experimental work on natural trust, the measure
ments of trust should match with the definitions that are used in the paper. 

One important distinction to make here is between measures of behaviour 
and measures of an internal state. Most often, trust is conceptualised as an attitude 
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or belief (Mehrotra et al., 2024, Lee and See, 2004, Castelfranchi and Falcone, 
2010). This means that the measures for trust need to be inherently subjective. 
The participants should be asked about their attitudes and beliefs. Most studies, 
therefore, take the route of questionnaires to measure trust. However, often some 
behavioural measures are included, which observe the actions of the individual, 
for instance the reliance behaviour. Such measures can be valuable, however, it is 
important to not equate reliance behaviour with trust unless one explicitly defines 
trust as a behaviour. There are studies which talk about trust as an attitude while 
measuring behaviour, which we would advice against. 

Many different questionnaires on trust have been designed and validated, 
both originally for trust in other humans, and for trust in different types of sys
tems (e.g. Lewicki and Brinsfield, 2015, Malle and Ullman, 2023, Gulati et al., 2019, 
Adams et al., 2008, Spain et al., 2008). Although one could wonder if we really 
require so many different scales, it makes sense when one considers that these 
questionnaires usually define what it means to be trustworthy in a given setting. 
Rather than asking directly about trust, they ask whether the trustor believes the 
trustee is e.g. capable, honest, etc. What defines trustworthiness in an interaction 
is, however, dependent on both contextual factors and the nature of the trustee. 
This legitimises the existence of many different questionnaires. 

Most questionnaires for natural trust adopt the notion of different dimensions 
of trust. Different dimensions exist, for instance Ability, Benevolence, Integrity, 
following (Mayer et al., 1995), Competence and Willingness, following (Falcone 
and Castelfranchi, 2004), or Reliable, Competent, Ethical, Sincere (Ullman and 
Malle, 2018). These last factors appear in the Multi-Dimensional Measure of 
Trust, which was developed specifically for robots (Ullman and Malle, 2018, Malle 
and Ullman, 2023). Based on words which in some way describe trustworthiness, 
this questionnaire identified these four categories bottom-up, through an analy
sis of the relationships between the words. Although it might not always make 
sense to talk about an AI agent as ’sincere’ or ’ethical’, this questionnaire shows 
that people do often think about artificial agents in these terms. With the increase 
of AI systems which make decisions with moral impact, this trust in the ethi
cal aspects of AI might be increasingly important. In general, despite their dif
ferences, trust scales distinguish between more performance/capability/reliability 
based trust (i.e. can the system do the thing), and more benevolence/moral/will
ingness related trust (i.e. will the system want to do the right thing). Which exact 
questionnaire suits HAT studies is dependent on which dimensions make sense in 
the specific teamwork settings and application domain. 

Although less common than questionnaires, studies also attempt to measure 
or approximate trust through looking at user behaviour (Mehrotra et al., 2024). 
How exactly this is done typically depends on the type of task and in which ways 
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the user can rely on the system. Agreement percentage, which defines how often 
the user agrees with an AI’s prediction is one method, but which only works in 
tasks where a clear single choice needs to be made. A related measure is switch 
percentage, how often people switch to an agent’s choice for a final decision. Both 
these measures only work in tasks where there is a binary choice to rely on the 
system or not, and a clear binary judgement on whether a task (or choice) is done 
correctly or not. This means there is currently a quite limited view on measuring 
reliance behaviour related to trust. 

4.2 Research setting 

During the workshop’s group discussions, some of the crucial components for 
meaningful studies into human-AI team trust were identified. In this section, we 
will describe these components. These research settings are the choices we make 
when we design the teamwork between humans and AI in studies, i.e. how the 
team members can work together and what the settings of the task are. 

Risk: Trust is critical in all circumstances where people are in any way depen
dent on others’ actions, and thus, it is more relevant in high-risk situations. More 
specifically, more trust is required when the perceived risk of relying on someone 
or something else is higher (Mayer et al., 1995), and one could argue that when 
there is no risk, trust is fully irrelevant (Stuck et al., 2021). For this reason, there 
needs to be some risk of the trustor relying on the trustee in order to meaningfully 
talk about trust. For example, an AI support system for logistics decisions would 
have risk associated with wrong decisions, e.g. a loss in revenue. In studies this 
could be translated as points lost on wrong decisions. Or a manufacturing human-
robot team would have risks in the form of efficiency loss, which could be trans
lated into penalty scores in an experiment. Experimental settings need to balance 
between the necessity to keep risks for human participants to a minimum, and 
the necessity of some risk in order to meaningfully study trust. 

Dyadic 1-1 or 1-team: Much of the literature on human-AI team trust revolves 
around dyadic trust, i.e. trust between two parties. An example would be a single 
image classification algorithm working together with a medical professional. 
However, this may be an oversimplification, especially in bigger teams in which 
there are more agents (artificial or human). In such cases, trust could be com
puted with respect to a team of agents instead of a single individual. For example, 
when a search-rescue ground robot operates in a larger team with multiple pro
fessionals and a drone. In any case, the content of the team should always be well-
described, and there is a current lack in studies considering teams larger than two 
agents. 
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Goal of the team: Within a specific team, the goals of different members 
must be aligned (Hoff and Bashir, 2015). Misaligned goals between different par
ticipants may lead to distrust since trust is also described as the attitude that an 
agent will help achieve an individual’s goals in a situation characterised by uncer
tainty and vulnerability (Lee and See, 2004). In designing studies on team-trust, 
care should be taken that goals are explicitly defined on a team level, and aligned 
among team members. An example would be a waiter robot working with a team 
of human waiters. It should be clear beforehand whether the robot is there to 
assist a specific human with their tables, or whether the robot has it’s own tables 
to take care of. 

Interdependencies: Interdependence refers to the mutual reliance between 
humans and AI systems in completing a task. Tasks with high level of interdepen
dence requires human and AI agents to work closely and rely on each other. For 
example, a firefighting human-robot team where the robot relies on the human for 
decision making, and the human on the robot for going into unstable buildings. 
Factors influencing interdependence deal with the design of shared goals, divi
sion of labour and coordination/collaboration. Coactive Design (Johnson et al., 
2014) is a tool to help designers identify interdependence relationships in a joint 
activity, so they can design systems that support these relationships, thus enabling 
designers to achieve the objectives of coordination, collaboration, and teamwork 
(Johnson et al., 2018). In studies on team trust, interdependence relationships 
should be realistic, and well-described. 

Tool vs teammate: If an agent is seen merely as a tool, trust may be trans
actional and only dependent on performance. For instance, using an LLM to 
summarize a paper and speed up academic reading. However, if the agent takes 
on a more teammate-like role, deeper trust may be required. For instance, if the 
LLM becomes an academic assistant used for mutual brainstorming on hypothe
ses. Further, as artificial agents become more complex and go beyond tools, sup
porters (augmenting human capability), or performers (autonomously executing 
tasks), the importance of trust increases (Kox et al., 2021). A good understanding 
of the role of AI as tool or teammate is important for interpreting the results of 
trust studies. 

Trust Calibration and Experiment: The length and continuity of interactions 
plays a significant role in trust development. Trust in human-AI teams is not sta
tic; it evolves based on the frequency and duration of collaborative experiences. 
Lengthier, ongoing engagements often allow for the gradual calibration of trust 
as users can evaluate the agent’s performance over time. This continuous engage
ment gives the human partner the opportunity to refine their expectations, adjust 
reliance levels, and assess the agent’s reliability. For example, an app giving rec
ommendations on healthy eating over the course of weeks and aligning with user 
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expectations would give users the opportunity to calibrate trust over many ses
sions, while an app used for a single recommendation for a meal would not. 
Therefore, experiments should take this into account, monitoring and evaluating 
the values of trust over time. 

Human Control, Transparency and Adaptability: Discussions around the 
topic of human control are also relevant for trust in HAT. There is a common 
agreement that a system must always have the ability to be stopped by a human, 
even when the human’s condition may be clouded by stress or anxiety (Sio and 
Hoven, 2018). This is particularly relevant in situations where morally relevant 
decisions are being made, such as in security (search-rescue, firefighting) or 
healthcare (clinical decision support, surgical robot). Furthermore, a trustworthy 
agent should be somewhat predictable or at least transparent, providing on-
demand explanations for its choices or reasoning (IEEE, 2018). Depending on the 
context, explanations should be adapted to the level of expertise of the human 
teammate and allow for meaningful human control. These factors should be taken 
into account when designing good AI teammates for human-AI team studies. 

Stakeholder Involvement and Realism: Including stakeholders from various 
levels, such as users, developers, and decision-makers, in the design and evalua
tion phases of human-AI teams is essential for designing ecologically valid studies. 
Many current studies are done in dummy environments, which makes it difficult 
to see how results translate to real-world settings. More realism in the types of 
tasks, interactions, risks and timelines would benefit research into HATs. 

5. Conclusions 

In this paper, we present the results of three editions of the MULTITTRUST 
workshop on trust in human-AI teams. The workshop took an multidisciplinary 
approach to this research field, which requires an understanding of mutual trust 
relationships in a teamwork context. In this paper, we present a shared under
standing of the key concepts in this research field, namely Trust, Trustworthiness, 
Trust Calibration, Artificial Trust, and Team Trust. Furthermore, we identify core 
research challenges in the field, which can be broadly grouped into achieving cal
ibrated natural trust from the human, achieving appropriate artificial trust from 
the agent, and understanding team trust in a human-AI team context. Finally, we 
present some of the key characteristics of meaningful human-AI teamwork stud
ies, with a particular focus on measures and research settings. With this work, we 
present an overview of the state of the art in the field of human-AI team trust, and 
key open challenges still to be addressed. 
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