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Summary

Human-agent teaming in high-stakes domains is already contributing positively to society,

yet these AI agents are often still tools directly controlled by humans. Becoming teammates

requires agents to be more autonomous and interdependent, two factors that determine

what humans need to know about agents. Agent transparency and explanations can provide

this necessary knowledge for effective and responsible collaboration. However, we lack

an understanding of what agents should disclose and clarify across interdependencies

and autonomy levels. Accordingly, this thesis examines how to design transparent and

explainable agents that foster effective and responsible human-agent teaming.

We first develop a conceptual framework that distinguishes agent transparency (disclos-

ing information) from explainability (clarifying that information) and relates these concepts

to interpretability and understandability, resolving common ambiguities. Using simulation

environments, we then demonstrate that interdependence influences how transparency

and explanations impact human-agent teaming processes, underscoring its importance

in studies on transparent and explainable agents. Next, we examine the trust calibration

process across interdependencies. We find first evidence that interdependence relationships

influence trust calibration in human-agent teams, suggesting that engaging in joint actions

facilitates more accurate trust calibration.

To support responsible human-agent teaming, we develop an evaluation method

for meaningful human control based on expert knowledge, operationalizing traceabil-

ity through objective and subjective indicators and eliciting reasons underlying outcomes.

We apply this method to study agent autonomy and explanations in morally sensitive

situations. The findings suggest that people prefer more involvement over greater agent

autonomy and that they take on greater moral responsibility when agents explain potential

consequences. These insights are crucial for designing agents that enhance human moral

awareness and human-agent teaming in morally sensitive situations.

Translating these insights to practice, we design TEAMS (Transparent and Explainable

Autonomy for Mapping and Searching). This human-robot collaboration system for fire-

fighting moves beyond teleoperation by proposing and explaining intermediate navigation

destinations while autonomously navigating towards them. This system is grounded in

expert firefighting knowledge and can address the challenge of camera-based teleopera-

tion in low-visibility conditions. We highlight the importance of training, iterative and

human-centered refinements, and software optimization to further enhance the system.

Finally, we synthesize a research agenda with taxonomies and guidelines, team design

patterns, modular testbeds, and study templates to advance the field. Taken together, this

thesis offers a path from concept to practice: a conceptual framework, studies in simulation

environments, an evaluation method for meaningful human control, and TEAMS in a

practically grounded setting, complemented by a research agenda. By doing so, this thesis

supports the design of transparent and explainable AI agents that foster effective and

responsible human-agent teaming.
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Samenvatting

Samenwerking tussen mensen en kunstmatig intelligente agenten in domeinen waar veel

op het spel staat levert al een positieve bijdrage aan de samenleving, ondanks dat deze

agenten vaak nog hulpmiddelen zijn die rechtstreeks door mensen worden aangestuurd.

Om volwaardige teamgenoten te worden moeten agenten autonomer en onderling af-

hankelijker worden, twee factoren die bepalen wat mensen over agenten moeten weten.

Transparantie en uitleg van agenten kan deze noodzakelijke kennis bieden voor een effec-

tieve en verantwoorde samenwerking. Er ontbreekt echter nog begrip van wat agenten

precies zoudenmoeten onthullen en toelichten binnen verschillende vormen van onderlinge

afhankelijkheid en niveaus van autonomie. Dit proefschrift onderzoekt daarom hoe trans-

parante en uitlegbare agenten kunnen worden ontworpen die effectieve en verantwoorde

mens-agentsamenwerking bevorderen.

Allereerst ontwikkelen we een conceptueel kader dat agent transparantie (het onthullen

van informatie) onderscheidt van uitleg (het toelichten van die informatie) en deze be-

grippen relateert aan interpreteerbaarheid en begrijpelijkheid, waarmee veelvoorkomende

onduidelijkheden worden opgelost. Vervolgens tonen we in gesimuleerde omgevingen

aan dat onderlinge afhankelijkheid invloed heeft op de manier waarop transparantie en

uitleg van agenten de processen binnen mens-agent teams beïnvloeden, wat het belang van

deze factor onderstreept in onderzoek naar transparante en uitlegbare agenten. Daarna

onderzoeken we het proces van vertrouwenskalibratie binnen verschillende vormen van on-

derlinge afhankelijkheid. We vinden eerste aanwijzingen dat deze afhankelijkheidsrelaties

de vertrouwenskalibratie in mens-agent teams beïnvloeden, suggererend dat gezamenlijke

acties een meer nauwkeurige vertrouwenskalibratie mogelijk maken.

Om verantwoorde mens-agentsamenwerking te ondersteunen, ontwikkelen we een

evaluatiemethode voor betekenisvolle menselijke controle op basis van deskundige kennis.

Deze methode operationaliseert traceerbaarheid via objectieve en subjectieve indicatoren

en achterhaalt de redenen achter uitkomsten. We passen deze methode toe om autonomie

en uitleg van agenten te bestuderen in moreel gevoelige situaties. De resultaten suggereren

dat mensen meer betrokkenheid verkiezen boven meer autonome agenten, en dat zij meer

morele verantwoordelijkheid nemen wanneer agenten potentiële consequenties toelichten.

Deze inzichten zijn essentieel voor het ontwerpen van agenten die het moreel bewustzijn

van mensen versterken en samenwerking in moreel gevoelige situaties verbeteren.

Om deze inzichten naar de praktijk te vertalen, ontwerpen we TEAMS (Transpa-

rent and Explainable Autonomy for Mapping and Searching). Dit systeem voor mens-

robotsamenwerking tijdens brandbestrijding gaat verder dan tele-operatie door tussentijdse

navigatiebestemmingen voor te stellen en uit te leggen, terwijl het autonoom naar deze

bestemmingen navigeert. Het systeem is gebaseerd op deskundige kennis uit de brandweer-

praktijk en kan het probleem van cameragebaseerde tele-operatie onder omstandigheden

met beperkte zichtbaarheid aanpakken. We benadrukken het belang van training, iteratieve

en mensgerichte verfijning, en software-optimalisatie om het systeem verder te verbeteren.



xiv Samenvatting

Tot slot synthetiseren we een onderzoeksagenda met taxonomieën en richtlijnen, team-

ontwerppatronen, modulaire testomgevingen, en studietemplates om het vakgebied verder

te brengen. Gezamenlijk biedt dit proefschrift een traject van concept tot praktijk: een

conceptueel kader, studies in gesimuleerde omgevingen, een evaluatiemethode voor beteke-

nisvolle menselijke controle, en TEAMS in een praktijkgerichte setting, aangevuld met een

onderzoeksagenda. Op deze manier ondersteunt dit proefschrift het ontwerp van transpa-

rante en uitlegbare AI-agenten die effectieve en verantwoorde mens-agentsamenwerking

bevorderen.
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1.1 Problem and Motivation
On May 13, 2025, the Limburg-Noord Fire Brigade successfully fought a big fire at a large

retail chain of 1000 m
2
. For the first time ever, they deployed their teleoperated exploration

and extinguishing robot. The robot immediately proved its value by first extinguishing

from outside and then entering the building to extinguish in places too dangerous for

firefighters because of hazardous substances. Despite this success, the Fire Brigade’s future

vision extends beyond teleoperating the robot, as this becomes increasingly challenging in

low-visibility conditions and adds another burden to their already substantial workload.

Ideally, firefighters would collaborate with a more autonomous robot. This shifts the

robot’s role from that of a tool to that of a teammate. However, this new role introduces

challenges in shaping and defining the human-agent collaboration. Firefighters may need

to rely on the robot for physical work inside too dangerous buildings, such as extinguishing

fires and rescuing victims. In contrast, it is not recommended that the robot be responsible

for deciding which victims can be rescued. Instead, firefighters may be the performers of

such cognitive and morally sensitive work, while being supported by the robot. Other tasks

may require the robot to provide relevant sensor data to the firefighters, who then make

decisions such as selecting navigation goals. These interdependence relationships between

the robot and firefighters result in various observability, predictability, and directability

requirements [99]. Robot transparency and explanations are essential for supporting these

requirements and fostering effective, responsible human-robot teaming [208].

This ideal future situation illustrates how humans and artificial intelligence (AI) agents

can augment each other and achieve outcomes that would otherwise be impossible. Humans

are often limited in what they can achieve together due to capacity or safety constraints,

especially in high-stakes domains characterized by uncertainty and high workload, such

as emergency response, healthcare, and defense. Teaming up with AI agents has enabled

us to start addressing these limitations, even though most state-of-the-art AI agents are

often directly controlled by humans (e.g., through teleoperation).

To achieve this ideal, human-agent teaming in these high-stakes domains must be

effective and responsible. Effective teamwork requires high-quality outcomes and well-

performing teams. Responsible human-agent teaming means aligning behavior and out-

comes with human values, legal standards, and ethical principles to ensure meaningful

human control [30]. Shared mental models of task and team knowledge between humans

and agents are crucial to achieve these goals [28, 45]. Developing and maintaining such

models requires behavioral transparency and explanations from both humans and agents.

However, what exactly humans need to know about agents during human-agent teaming

in high-stakes domains depends strongly on the agents’ level of autonomy and the interde-

pendencies between both team members. These two factors result in different transparency

and explanation requirements for effectively and responsibly executing tasks [99, 101].

Concretely, interdependencies in human-agent teams determine the relationships, co-

ordination, and information necessary to collaborate [99]. For example, some tasks require

joint execution, others can be performed independently but benefit from collaboration, and

some may be restricted to specific team members. Successfully managing these interdepen-

dencies requires humans and agents to observe, predict, and direct each other’s behavior

[99, 101]. Interdependence is often strongly linked with autonomy. Higher levels of auton-

omy allow agents to perform distinct tasks and collaborate interdependently with humans
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to achieve shared goals [157]. At the same time, higher levels of autonomy can also enable

agents to act and decide more independently rather than collaborate interdependently with

humans. Together, interdependence and autonomy thus strongly shape what agents should

disclose and clarify to be observable, predictable, and directable for humans. The ongoing,

rapid developments in robotics and AI will ultimately make agents proper teammates able

to meet these observability, predictability, and directability requirements.

As interdependence and autonomy shape the information necessary to support these

requirements [208, 224], they also moderate the effects of agent transparency and explana-

tions on team processes such as trust. The field that studies what explanations agents should

provide, how they should do so, and what the effects are on humans, is called Explainable

AI (XAI). The motivation behind XAI in general is that AI agents should be able to disclose

and clarify their observations, knowledge, actions, and goals. This communication should

enhance human understanding of the agents and increase awareness of their responsibility

for outcomes resulting from agent behavior [30]. Otherwise, humans will struggle to trust

agent behavior appropriately, as they lack accurate mental models of their capabilities

and limitations [133, 145]. Additionally, humans will struggle to determine whether and

when to override agent behavior that does not align with human values, legal standards,

and ethical principles [30]. Explainable AI is a field that studies all types of human-agent

interaction, but it is particularly relevant to the teamwork vision sketched before.

Autonomy and interdependence shape information requirements for effective and

responsible human-agent teaming, making both factors crucial to consider when design-

ing and evaluating transparent and explainable agents. However, we currently lack an

empirically grounded understanding of what agents should disclose and clarify to human

teammates to foster effective and responsible teaming, particularly across various interde-

pendencies and autonomy levels. This motivates the following main research question of

this dissertation:

How should we design transparent and explainable agents that foster effective and

responsible human-agent teaming across interdependencies and autonomy levels?

1.2 Transparent and Explainable Agents in Teams
Before confidently implementing transparent and explainable agents for real-world human-

agent teams, we must study how such agents impact collaboration and outcomes. This

first requires an understanding of the most relevant concepts and their relationships, the

current state of the art, and the most significant challenges.

1.2.1 Human-Agent Teaming in Complex Environments
Human-agent teaming can be defined as at least one human and AI agent collaborating

towards a common goal [99]. This agent can range from a virtual decision support system to

a physical robot performing actions. Human-agent teams can be involved in cognitive and/

or physical work [217]. Cognitive work includesmental or information processing activities,

such as firefighters monitoring camera images from their exploration and extinguishing

robot. In contrast, physical work includes manipulating tangible objects in the world,

such as firefighting robots pushing aside rubble. Our firefighting examples perfectly
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illustrate how both humans and AI agents are often limited in what outcomes they can

achieve independently, especially in high-stakes domains with demanding and dynamic

environments. Human-agent teams aim to achieve these otherwise impossible outcomes by

combining the unique strengths of humans and agents, augmenting each other’s capabilities

[3].

Humans and agents usually have explicit roles during this collaboration, such as

supervisor, performer, or supporter [99]. Higher levels of autonomy can enable agents to

take on unique roles or sets of tasks and work interdependently with human team members

to achieve shared goals [157]. Agent autonomy is typically classified into ten levels, ranging

from no autonomy to full autonomy, each defining the agent’s roles, capabilities, and degree

of self-government and self-directed behavior [159]. Team design patterns can be used to

shape and define human and agent roles by expressing collaboration forms with various

team properties [217, 218]. These patterns outline how humans and agents collaborate

and communicate, the requirements that enable such interactions, and the advantages and

limitations of their use.

Teamwork differs from regular interaction because it involves interdependencies be-

tween the activities and outcomes of humans and agents able to execute actions indepen-

dently and proactively [131, 157]. These interdependencies reflect how humans and agents

mutually depend on each other during teamwork, shaping coordination, communication,

and collaboration requirements [101]. They can result from task structures such as pooled,

sequential, reciprocal, or team relationships [173]. These task interdependencies form a

hierarchy that represents increasing needs for coordination to manage dependencies. For

example, pooled interdependence involves independent task execution without interaction,

whereas sequential interdependence involves task execution where team members wait for

others to complete their task first. In contrast, reciprocal interdependence involves team

members taking turns to partially complete tasks, while team interdependence involves

concurrent task execution or even joint actions.

Unfortunately, these task interdependencies fail to capture all the dynamics of human-

agent collaboration. Addressing these dynamics also requires understanding the interde-

pendencies between team members during joint actions. Such actions can result in required

or opportunistic interdependencies [99]. Required interdependencies arise from a lack of

necessary knowledge, skills, abilities, or resources to competently execute actions indepen-

dently. In such cases, joint action execution is the only option. In contrast, opportunistic

interdependence is optional and arises from recognizing opportunities to be more effective

by working jointly.

These interdependencies will become increasingly significant as AI agents take on

more autonomous roles as teammates. Moreover, they result in different observability,

predictability, and directability requirements during collaboration [99]. Human-agent

teams need mechanisms that can support these requirements and successfully manage

interdependencies. Otherwise, human-agent teaming will not be effective and responsible.

1.2.2 Effective and Responsible Human-Agent Teaming
Effective human-agent teaming primarily focuses on high-quality team outcomes and well-

performing teams. One general requirement for successful human-agent teaming is that

both team members have accurate mental models of each other’s capabilities, limitations,
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and knowledge [107, 175]. This way, they can appropriately understand and trust each

other [13]. Interdependence relationships not only shape human-agent collaboration

and create different information requirements, they can also facilitate human assessment

of agent trustworthiness [97]. Such assessment is crucial for accurate trust calibration

towards appropriate trust [141]. The trust calibration process involves adjusting trust over

time and through repeated interactions, in response to changes in agent reliability and

trustworthiness [141, 156]. This process ideally results in humans’ trust matching agents’

actual trustworthiness (i.e., appropriate trust) [141, 182]. Fostering such appropriate trust

is crucial because a lack thereof can cause over- or under-trusting AI agents, potentially

resulting in detrimental outcomes [118, 158].

Facilitating effective teamwork requires not only mutual understanding to enable

appropriate trust, but also sufficient situation awareness during the task [61]. Situation

awareness involves perceiving elements in situations, comprehending their meaning, and

projecting their future status [61]. These are critical prerequisites for human decision-

making and action execution, and thus for effective teamwork [60]. At the same time,

human workload should be adequately balanced to avoid negative effects on situation

awareness [60].

High-quality outcomes and well-performing teams are not the only desired outcomes

of human-agent teams. Responsible human-agent teaming is also essential, especially in

morally sensitive domains such as emergency response, healthcare, and defense [178].

Such teamwork does not necessarily strive to optimize performance but instead prioritizes

aligning agent behavior and outcomes with human values, legal standards, and ethical

principles [30]. Discussions on responsible AI and teaming accelerated in response to

autonomous weapon systems and related questions about accountability and responsibility.

These discussions resulted in a new concept called meaningful human control [179].

As agents take on more autonomous roles, responsible human-agent teaming becomes

even more important. Higher levels of autonomy allow agents to perform distinct tasks

and collaborate interdependently with humans to achieve shared goals [157]. However,

these same capabilities also increase the need for and importance of meaningful human

control to ensure responsible human-agent teaming. Meaningful human control requires

that humans ultimately remain in control of and be morally responsible for the behavior

of AI agents [179]. This becomes particularly challenging with increasingly autonomous

agents that deal with morally sensitive situations in which people’s welfare, rights, and

values may be affected. It is crucial that humans can be held accountable for outcomes

resulting from agent behavior, especially in those situations [179, 214]. Otherwise, gaps

in culpability, moral and public accountability, and active responsibility may arise [178].

Therefore, meaningful human control is increasingly imposed as a requirement for AI

agents [214].

AI agents should meet tracking and tracing requirements to ensure meaningful human

control [179]. Tracking requires agents to adapt to the moral reasons of humans, who are

then considered in control of and morally responsible for these agents. These reasons have

been ordered based on their proximity and complexity in influencing agent behavior. More

proximal reasons, such as intentions, are argued to be simpler and closer in time to agent

behavior than more distal reasons, such as values [139]. Furthermore, tracing requires

at least one human involved in the design or interaction with AI agents to understand
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their moral and technical behavior properly [179]. This way, agent behavior should always

be traceable to their designers, deployers, or users [179]. Since these requirements are

relatively abstract, more actionable solutions to ensure meaningful human control have

also been proposed [30]. These include team design patterns to shape meaningful human

control [214, 219], value sensitive design to respect norms and values [75], machine ethics

to implement artificial moral agents [6], explainable AI to achieve human moral awareness

[30, 214], and variable autonomy to allow human control and responsibility [144].

1.2.3 Agent Transparency and Explanations
Effective and responsible human-agent teaming requires successfully managing interde-

pendencies and ensuring meaningful human control. This is only possible when both team

members have accurate mental models of each other’s capabilities, limitations, and knowl-

edge [107, 175]. Building these accurate mental models requires behavioral transparency

and explanations, which, unfortunately, do not come naturally to AI agents [107].

One reason why such explanations are crucial for human-agent teaming is that other-

wise humans attribute agent behavior by assigning inappropriate mental states that explain

the behavior [132, 133, 145]. Without explanations, these mental states can involve incor-

rect beliefs, goals, emotions, and intentions. In contrast, explaining the reasons underlying

agents’ behavior helps humans to assign the correct mental states to their behavior. This

will help humans better understand the capabilities and limitations of AI agents, which

can enhance human-agent teaming [9].

Explainable AI is a field that develops methods for such behavioral transparency and

explanations. These methods aim to make AI agents better understandable by explaining

their perceptions and behavior, ideally fostering appropriate trust and enhancing human-

agent interaction or collaboration [9, 99, 101, 115]. The field is generally divided between

data-driven/perceptual and goal-driven/cognitive explainable AI [9, 149]. Data-driven/

perceptual explainable AI involves explaining and understanding the decisions and inner

workings of machine learning algorithms, given certain input data [9, 79]. In contrast,

goal-driven/cognitive explainable AI involves explaining and understanding the actions,

decisions, and underlying reasons of goal-driven AI agents [9, 115]. Explanations are often

characterized as global if they concern general system behavior or local if they concern

specific decisions or actions [56, 79].

Explanation methods can be divided into generation, communication, and reception

phases [149]. The generation phase involves extracting explanations from the underlying

models used by AI agents, such as which features influence their behavior. The com-

munication phase encompasses the content and form of explanations, such as textual,

visual, or hybrid explanations [197]. The reception phase involves empirical research on

explanation effectiveness, which is something fewer than 1% of explainable AI studies do

[195]. Moreover, these studies often conduct human-grounded evaluations with laypeo-

ple as participants, rather than application-grounded evaluations with a representative

population sample that fits the context [56].

Nowadays, some of the most common explanation types include feature attributions,

confidence explanations, and contrastive explanations [210]. Feature attributions clarify

which relevant situational features influenced AI agent behavior and are useful to enhance

agent predictability and identify biases that require adjustments [1, 214]. Confidence
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explanations clarify how certain agents are that their decisions are correct and are helpful

to decide whether to trust agents [212, 214]. Contrastive explanations clarify why agents

made certain decisions instead of others and are useful to enhance agent predictability and

human understanding of their reasoning [145, 214].

Several studies have already investigated how agent transparency and explanations

influence the prerequisites for effective human-agent teamwork. Although increasingly

transparent and explainable agents often enhance situation awareness, trust, and perfor-

mance, they can also negatively impact workload [34, 142, 157, 187]. Commonly identified

challenges and goals include designing agents that can adapt their transparency and ex-

planations based on both user and context [157]. This could be achieved by modelling

both user and context and using that model to adapt the transparency and explanations

generated and/or communicated by the agent [9, 145]. Before developing such adaptive

agents, we need to know under what collaboration conditions agent transparency and

explanations are beneficial or detrimental. These insights remain limited because agent

transparency and explanations are often studied without considering the dynamic nature

of teamwork arising from interdependencies between humans and AI agents.

Research on transparent and explainable agents for meaningful human control and

responsible human-agent teaming is also limited. The tracking and tracing requirements

of meaningful human control essentially tell us that agent behavior and human under-

standing of that behavior determine meaningful human control. Agent transparency and

explanations can facilitate this behavioral understanding required for humans to exercise

control properly [214]. Rather than shifting accountability to agents, such transparency

and explanations should foster human moral awareness by meeting the epistemic condition

of moral responsibility [16, 125, 172].

Meaningful human control requires humans to be aware and able to act upon this

responsibility [30]. How human-agent collaboration is designed and shaped can partially

achieve this, for example, by giving humans the authority always to intervene and override

agent behavior. However, this is not sufficient to ensure that human control is meaningful.

Agents should also be transparent about their behavior and provide explanations for it.

Such communication should enhance human understanding of the agents and increase

awareness of their responsibility for outcomes resulting from agent behavior [30]. However,

we currently lack a clear understanding of what agents should disclose and clarify to ensure

meaningful human control across various levels of agent autonomy.

The relationships between transparency, explanations, interdependence, autonomy, and

human-agent teaming measures studied in this thesis, can be shown in a conceptual model

(Figure 1.1). This model illustrates how interdependencies and autonomy levels shape

human and agent behavior during collaboration. It also highlights how they moderate

the influence of agent transparency and explanations on key effective and responsible

human-agent teaming measures such as performance, workload, situation awareness, trust,

and meaningful human control.
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Figure 1.1: Overall conceptual model of this thesis.
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1.3 Research Approach
This thesis consists of both analytical and empirical studies on human-agent

1
teaming.

We conducted the analytical studies to identify and define our key concepts and their

relationships. This includes the development of a conceptual framework that defines

and relates agent transparency and explainability, grounded in explainable AI and social

science literature. We also operationalize the concept of meaningful human control based

on ethical, legal, and technical literature. A qualitative focus group study with experts

further informed this work. The final analytical study provides a research agenda for the

human-agent teaming research community, grounded in the lessons learned and challenges

identified throughout the thesis. Moreover, it is based on the organization and outputs of a

Lorentz Center workshop on research environments for human-agent teaming. During

this workshop, we discussed and collaborated towards addressing frequently encountered

challenges in human-agent teaming research. We summarized the workshop outputs into

a research agenda with concrete goals and deliverables for the community.

These analytical studies informed our empirical work by defining the independent and

dependent variables. We used simulation environments for our more fundamental research

questions on the effects of interdependence, autonomy, and explanations on team processes

such as trust. Such environments are good to control and can accommodate user studies

efficiently. We simulated emergency response tasks in these environments, where human

subjects collaborated with rule-based AI agents to search and rescue victims. Humans and

agents collaborated in a two-dimensional grid environment and communicated through

a chat window. These environments enabled us to rapidly implement, manipulate, and

evaluate interdependencies and agent autonomy, transparency, and explanations. For

example, by adding obstacles that could only be removed collaboratively, or by making

agents communicate more reasoning information. This way, these environments facilitated

(1) studying transparent and explainable agents during human-agent teaming and (2)

obtaining actionable insights required to implement such agents in real-world scenarios.

To take a step towards applying the envisioned use case illustrated at the start of this

thesis, we conducted our final empirical study with a physical robot in a realistic, practically

grounded setting, inspired by real-world firefighting scenarios. This also contributed to

the ecological validity of the study and its findings [8]. Co-designed with the Rotterdam

Fire Brigade, we developed a human-robot collaboration system and compared it with

teleoperation. We simulated firefighting tasks to map environments and find victims.

We primarily assessed our empirical studies with laypeople to evaluate more general

human-agent teaming processes, obtaining insights that can later be validated with domain

experts. A second practical driver of this approach is that recruiting sufficient domain

experts is challenging [56, 195]. However, we involved domain experts in the design and

evaluation of our simulation environments discussed above. We also recruited one domain

expert to compare our human-robot collaboration system with teleoperation based on

1
We use (AI) agent as an umbrella term for the artificial teammates studied in this dissertation. Chapter-specific

terms (human-agent/AI /machine/robot teaming) follow the original papers. Unless otherwise stated, read them

as referring to the same construct. The only systematic distinction is embodiment: robot denotes an embodied

(AI) agent; agent/AI denotes a software (disembodied) instantiation. By machine we mean the broader human-

machine interaction umbrella that encompasses both software agents and robots; we use it when the type of

machine is not yet specified.
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video-recorded interactions.

We employed quantitative methods to evaluate the empirical studies in simulation

environments. Measures included subjective self-report scales (e.g., trust and workload), ob-

jective probe-based checks (e.g., situation awareness queries), and behavioral performance

metrics (e.g., task completion and time). While these quantitative methods can provide

generalizable results, they fail to expose the in-depth explanations for perceptions and

behavior that qualitative methods can. Mixed-methods research combines the complemen-

tary strengths of both approaches, pairing generalizable effects with nuanced experiential

insights [198]. Therefore, we evaluated our final empirical study with the physical robot

in a mixed-methods study. This study combined high-fidelity, in-person evaluations by

laypeople with medium-fidelity, video-based evaluations by both laypeople and a domain

expert. The in-person interactions were assessed qualitatively through semi-structured

interviews that focused on human-agent teaming processes such as trust and workload.

The video-based evaluations by laypeople were quantitatively assessed using self-report

scales on the same team processes. Finally, the domain expert qualitatively evaluated

the videos of our human-robot collaboration system and teleoperation, assessing their

challenges, advantages, disadvantages, and applicability.

1.4 ResearchQuestions and Thesis Structure
This thesis consists of several research sub-questions to answer the main research question.

Each thesis chapter answers a separate sub-question. Figure 1.2 presents an overview of

the thesis chapters, organized by research type, concepts, and dependent and independent

variables.

1.4.1 Defining Agent Transparency and Explainability
There is an extensive amount and variety of research and methods on transparent and

explainable agents. Significant progress has been made in extracting various explanation

types from AI agents, different ways to communicate these, and insights into their effec-

tiveness [157]. However, the explainable AI community still lacks clear definitions of and

relationships between its key concepts transparency, explainability, interpretability, and

understandability. These concepts are often used interchangeably or within each other’s

definitions. The resulting ambiguity makes it challenging to comprehend research on these

concepts and should first be resolved before we can investigate, manipulate, or implement

them. Therefore, our first research sub-question is:

How should we define and relate agent transparency, explainability, interpretability,

and understandability? (Chapter 2)

To address this question, Chapter 2 develops a conceptual framework that offers clear

and distinct definitions of transparency, explainability, interpretability, and understand-

ability. This framework also clarifies how these concepts relate to one another, resolving

common ambiguities in the explainable AI literature.
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1.4.2 Transparency and Explanations across Interdependence
Interdependence relationships between humans and AI agents will become increasingly

important as agents take on more autonomous roles as teammates [101]. These relation-

ships result in different observability, predictability, and directability requirements for

effective human-agent teaming [99]. Agent transparency and explanations can support

these requirements, especially by enhancing the observability and predictability of their

behavior. However, it remains unclear how different levels of interdependence influence

the effectiveness of agent transparency and explanations in fostering effective human-agent

teaming. Therefore, the second research sub-question is:

How do interdependence and agents’ transparency and explanations influence

effective human-agent teaming, individually and interactively? (Chapter 3)

To address this question, Chapter 3 presents a user study with laypeople on the effects of

transparent and explainable agents across interdependence. This study provides empirical

insights into the human-agent teaming conditions under which agent transparency and

explanations are either beneficial or detrimental.

1.4.3 Interdependence and Trust Calibration
Appropriate human trust in agents is crucial during collaboration to avoid the disuse and

misuse of agents [118]. Several approaches, such as confidence explanations, uncertainty

communication, and trustworthiness cues, can foster appropriate trust [141]. Interde-

pendence relationships can give rise to these approaches by requiring mechanisms that

support observability, predictability, and directability. By doing so, these mechanisms

can facilitate active and continuous trust exploration between humans and agents. This

exploration should ensure that humans’ assessments of agents’ trustworthiness are ap-

propriate for achieving optimal outcomes [97]. However, the required coordination and

mutual dependencies can vary between interdependence relationships, such as independent

task execution or optional collaboration. It currently remains unclear how these different

interdependence relationships influence the trust calibration process. Therefore, the third

research sub-question is:

How do interdependencies during human-agent teaming influence the

human-agent trust calibration process? (Chapter 4)

To address this question, Chapter 4 presents a user study with laypeople on the effects

of interdependencies on the trust calibration process. This study contributes empirical

insights into the role and importance of interdependencies in fostering appropriate trust

during human-agent teamwork.

1.4.4 Measuring Meaningful Human Control
Responsible human-agent teaming requires meaningful human control during the collabo-

ration. Various methods for ensuring meaningful human control over AI agents have been

proposed, such as team design patterns to shape meaningful human control [214, 219],
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value sensitive design to respect norms and values [75], machine ethics to implement

artificial moral agents [6], explainable AI to achieve human moral awareness [30, 214],

and variable autonomy to allow human control and responsibility [144]. Meanwhile, we

currently lack methods to evaluate if agents are indeed under meaningful human control

[214]. Such methods are crucial considering that meaningful human control is already

imposed as a requirement for AI agents. Therefore, the fourth research sub-question is:

How can we measure meaningful human control during human-agent teaming?

(Chapter 5)

To address this question, Chapter 5 presents a focus group study with experts to develop

an evaluation method for meaningful human control. This method enables researchers

and designers to assess whether meaningful human control is present during human-agent

teaming.

1.4.5 Transparency and Explanations across Agent Autonomy
Agent behavior and humans’ technical and moral understanding of that behavior are crucial

determinants of meaningful human control. Agent transparency and explanations can

facilitate this understanding, ideally enabling humans to exercise control properly [214].

Such transparency and explanations should not influence humans to hold agents account-

able but instead achieve human moral awareness by fulfilling the epistemic condition of

direct moral responsibility [16, 125, 172]. Specifically, agent transparency and explanations

should ensure that humans are aware that agent behavior traces back to them and that

they are in control and responsible for all outcomes [16, 225]. We currently lack a clear

understanding of what agents should disclose and clarify to achieve these goals, or how

different types of information influence responsible human-agent teamwork. Moreover,

agent autonomy should also be considered, as it shapes both human-agent teaming and

the requirements for agent transparency and explanations. Therefore, the fifth research

sub-question is:

How do agents’ autonomy and their transparency and explanations influence

responsible human-agent teaming, individually and interactively? (Chapter 6)

To address this question, Chapter 6 presents a user study with laypeople on the effects

of transparent and explainable agents across agent autonomy levels. This study contributes

empirical and actionable insights for designing agents that enhance humanmoral awareness

and human-agent teaming in morally sensitive situations.

1.4.6 Transparent and Explainable Robots for Firefighting
The preceding research questions provide essential insights into designing transparent

and explainable agents for effective and responsible teamwork. However, the ecological

validity of these insights is uncertain as it remains unclear how well they generalize

beyond controlled, simulated environments to real-life settings. Applied research can

address this challenge by studying practical solutions to real-world problems or improving
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existing products, practices, or services. An example of such research is designing a more

autonomous exploration and extinguishing robot for the Dutch Fire Brigade, enabling

collaboration rather than teleoperation. Combining this increase in robot autonomy with

transparency and explanations is crucial, as the former may hinder understanding, while

the latter can facilitate it. At the same time, it is also essential to ensure meaningful

human control during the collaboration. Ideally, the firefighters will collaborate with a

more autonomous robot that remains under their control while providing transparency

and explanations for its behavior. However, it currently remains unclear how to design

and implement such a semi-autonomous, transparent and explainable robot, or how that

increase in autonomy impacts effective and responsible human-robot teaming compared

to teleoperation. Therefore, the sixth research sub-question is:

How should we design a semi-autonomous, transparent and explainable robot in

human-robot teams for firefighting, and how does the increased autonomy impact

effective and responsible collaboration compared to teleoperation? (Chapter 7)

To address this question, Chapter 7 presents the design and implementation of a semi-

autonomous, transparent and explainable robot in human-robot teams for firefighting.

Moreover, it presents user studies with laypeople and a domain expert that explore how

increased robot autonomy, compared to teleoperation, affects collaboration. This chapter

contributes both a practical solution for transparent and explainable robots in real-world

firefighting scenarios, as well as empirical insights into how robot autonomy affects human-

robot teaming.

1.4.7 Advancing Human-Agent Teaming Research
The answers to all these preceding sub-questions will provide fundamental insights into

designing transparent and explainable AI agents for effective and responsible teaming.

At the same time, while answering these sub-questions, we learned many lessons and

identified several challenges for human-agent teaming research. For example, the lack of

requirements for effective research, numerous methods and testbeds without centralized

documentation, and a disconnect between research and real-world applications. These

challenges hinder progress and limit the generalizability of research outcomes. Therefore,

before summarizing the main findings and contributions of this dissertation, the seventh

and final research sub-question is:

How should the human-agent teaming research community adopt a more

structured and systematic approach to advance the field? (Chapter 8)

To address this question, Chapter 8 presents a research agendawith actionable directions

for the human-agent teaming research community. These directions can accelerate progress

in the field and lay the foundation for a common platform with essential tools for human-

agent teaming research.
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A Two-Dimensional

Explanation Framework to
Classify AI as

Incomprehensible,
Interpretable, or
Understandable

Because of recent and rapid developments in Artificial Intelligence (AI), humans and AI-systems
increasingly work together in human-agent teams. However, in order to effectively leverage
the capabilities of both, AI-systems need to be understandable to their human teammates. The
branch of eXplainable AI (XAI) aspires to make AI-systems more understandable to humans,
potentially improving human-agent teamwork. Unfortunately, XAI literature suffers from
a lack of agreement regarding the definitions of and relations between the four key XAI-
concepts: transparency, interpretability, explainability, and understandability. Inspired by
both XAI and social sciences literature, we present a two-dimensional framework that defines
and relates these concepts in a concise and coherent way, yielding a classification of three
types of AI-systems: incomprehensible, interpretable, and understandable. We also discuss
how the established relationships can be used to guide future research into XAI, and how the
framework could be used during the development of AI-systems as part of human-AI teams.

� Ruben S. Verhagen, Mark A. Neerincx, and Myrthe L. Tielman. A two-dimensional explanation framework

to classify AI as incomprehensible, interpretable, or understandable. International workshop on explainable,
transparent autonomous agents and multi-agent systems. Cham: Springer International Publishing, 2021.
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2.1 Introduction
Rapid developments in the field of Artificial Intelligence (AI) have resulted in the design

and adoption of intelligent systems/agents (A/IS) working together with humans. For

such human-AI teams to work effectively and efficiently, it is crucial that AI-systems are

understandable and predictable to their human teammates [99, 101, 107]. The eXplainable

Artificial Intelligence (XAI) community aims to make AI more understandable, however,

there is a lack of clear definitions and relationships between key concepts in XAI. The

objective of this chapter is to identify similarities, differences and inconsistencies in the

description and usage of these concepts, and to establish a framework in which the concepts

can be unambiguously defined and related to each other.

Autonomous and intelligent systems/agents (A/IS) are characterized by their abilities

to sense their environment, reason about their observations and goals, and consequently

make decisions and act within their environment in a goal-driven manner [216]. Thanks

to these capabilities, A/IS often outperform humans with respect to handling complex

problems and rapid and rational decision-making. Consequently, the adoption domains of

A/IS range from applications in healthcare to military defense. On the other hand, humans

still surpass A/IS regarding the handling of uncertainty and unexpected situations. In an

attempt to assemble their diversity in skills and leverage the unique abilities of both, A/IS

and humans are increasingly paired to create human-agent teams (HATs).

Several factors are crucial for and determine the success of human-agent teams. Some of

the most cited involve mutual trust and understanding; shared mental models and common

ground; observability, predictability and directability; transparency and explainability; and

teaming intelligence [99, 101, 107, 175]. Unfortunately, many of these factors are lacking

in contemporary human-agent teams. For example, most A/IS demonstrate extremely

limited directability and often possess only rudimentary teaming intelligence (i.e., the

knowledge, skills, and strategies necessary to effectively team) [101]. Furthermore, A/

IS often demonstrate poor transparency and explainability, making it hard for human

teammates to properly understand their inner workings, behavior, and decision-making

[9, 126, 145]. This, in turn, negatively affects factors like mutual trust and understanding,

eventually resulting in decreased global team performance [99, 101].

To understand the behavior of A/IS, humans attribute A/IS behavior by assigning

particular mental states (i.e., Theory of Mind) that explain the behavior [9, 76, 132, 133, 145].

Such mental states involve beliefs, desires/goals, emotions, and intentions. For example,

humans trying to understand a robot entering a burning house can do so by attributing it

to the goal to save a victim. A/IS capable of self-explaining their behavior and actions based

on the reasons for the underlying intentions (e.g., beliefs, goals, emotions) help human

teammates to build this ToM of the A/IS. This, in turn, will result in better understanding

of the capabilities and limits of the A/IS and eventually better human-agent collaboration

[9].

Explainable AI (XAI) methods, techniques, and research emerged as a means of making

AI-systems more understandable to humans [80]. This relatively new community is charac-

terized by the distinction between data-driven - and goal-driven XAI [9] (or perceptual vs.

cognitive XAI [149]). Data-driven XAI is about explaining and understanding the decisions

and inner workings of “black-box" machine learning algorithms given certain input data

[9, 79]. In contrast, goal-driven XAI/explainable agency refers to building goal-driven A/IS
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(e.g., robots) explaining their actions and reasons leading to their decisions to lay users

[9, 115].

Although fundamentally different branches, both data- and goal-driven XAI are char-

acterized by the same fundamental issue: a lack of consensus with regards to the definition

of and relations between key XAI concepts. Furthermore, provided definitions often suffer

from a high level of ambiguity because they frequently refer to related notions. For example,

the concepts of transparency, interpretability, explainability, and understandability are all

frequently used in XAI literature, but often interchangeably, differently, with recourse

to each other, or without even being defined. Without establishing clear distinctions

and relations between these notions, the resulting ambiguity significantly hampers the

comprehensibility of research centered around these concepts. We argue that prior to

implementing, manipulating, or investigating these key concepts it is fundamental to first

define and relate them. Only in this way, we can truly know what exactly we are trying to

develop and evaluate.

To address the lack of agreement concerning the definition of and relations between

key XAI notions, we propose a two-dimensional explanation framework that establishes

clear concept definitions and relationships between them. This framework is based on both

XAI and social sciences literature, and focuses primarily on A/IS disclosing and clarifying

causes underlying their behavior and reasoning to human teammates (i.e., goal-driven

XAI). Our framework explicitly addresses the lack of consensus and ambiguity problem by

establishing clear distinctions and relations between system transparency, interpretability,
explainability, and understandability. More specifically, the framework discriminates be-

tween system interpretability and understandability as passive and subjective characteristics
concerning user knowledge of the system, versus system transparency and explainability
as active and objective characteristics involved with disclosing and clarifying relevant

information. Ultimately, these definitions result in the classification of three types of

AI-systems: incomprehensible, interpretable, and understandable systems. We argue trans-
parency can make incomprehensible systems interpretable, and explainability can make

interpretable systems understandable. Adopting our distinctive concept definitions and

mutual relationships can benefit XAI community by clarifying what kind of systems can

be developed, and how we can evaluate them.

The remainder of the chapter is structured as follows. In Sect. 2.2 we demonstrate the

terminology problem by providing an overview of literature defining the key concepts.

Next, we present our two-dimensional framework in Sect. 2.3. In Sect. 2.4 we discuss how

the framework can be used to guide future XAI research, be applied in practice, and other

relevant future directions. Finally, we conclude our chapter in Sect. 2.5.

2.2 Background
Several works introduced or defined key XAI concepts such as interpretability, explainability,
transparency, and understandability. However, the lack of consensus on the exact meanings

and relations between these notions remains a prevalent issue. This section aims to

highlight the problem and discuss relevant and significant prior contributions, before

proposing our framework attempting to establish clear distinctions and relations between

the concepts. First, we demonstrate the lack of consensus problem and ambiguity of several

proposed definitions. Next, we discuss some definitions, distinctions, and classifications that
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Table 2.1: Several definitions for key XAI concepts, illustrating their ambiguity and relatedness.

Concept Definition
Explainability How well humans can understand AI-system decisions [145, 235].

Interpretability To explain or present in understandable terms to humans [14, 56].

How well humans can understand AI-system decisions [145, 235].

Transparency Representing system states in a way that is open to scrutiny,

analysis, interpretation, and understanding by humans [4].

Characteristic of model to be understandable for humans [14].

Capacity of method to explain how a system works,

even when behaving unexpectedly [235].

Understandability To make a human understand how a model works, without

any need for explaining its internal structure [14].

Measuring how well humans understand model decisions [14].

Capacity of a method of explainability to make a model

understandable by end users [235].

influenced our work. Finally, we discuss a framework that might help to unambiguously

define and relate XAI concepts.

2.2.1 Problem
Unambiguously defining and relating XAI concepts is challenging. A small survey of

available definitions in the literature demonstrates it is particularly hard to do so without

recourse to related concepts (Table 2.1). Table 2.1 clearly demonstrates the ambiguity and

relatedness of the defined concepts, and fails to provide any clear distinctions between

them. For example, all of these concepts are defined at least once as how understandable
the AI-system is to humans.

2.2.2 Transparency
Turilli and Floridi [205] introduce a clear definition for transparency which influenced our

work. They suggest transparency refers to forms of information visibility and “the possibility
of accessing information, intentions, or behaviors that have been intentionally revealed

through a process of disclosure”. This disclosed information (i.e., made explicit and openly

available) can then be exploited by potential users to support their own decision-making

process.

Despite considering transparency and explainability as synonyms, Walmsley’s [239]

discussion of transparency influenced our work. Walmsley [239] divides the notion of

transparency into two major categories: outward - vs. functional transparency. Outward
transparency concerns the relationship between the AI-system and externals, such as de-

velopers and users. This includes transparency about development reasons, design choices,

values driving the system developers, and capabilities and limitations of the system. In

contrast, functional transparency concerns the inner workings of the system. This includes

transparency about how and why the system behaves in general (type functional trans-
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parency1), or came up with certain decisions or actions (token functional transparency2).

2.2.3 Related Work
Ciatto et al. [41] propose an abstract and formal framework for XAI that, in contrast to

most work, introduces a clear distinction between interpretation and explanation. The
framework stresses the objective nature of explanation, in contrast with the subjective

nature of interpretation. The act of interpreting some object X is defined as “the activity

performed by an agent A assigning a subjective meaning to X”. Furthermore, Ciatto et al.

[41] argue “an object X is interpretable for an agent A if it is easy for A to assign a subjective

meaning to X” (i.e., A requires little computational or cognitive effort to understand X ).
The authors emphasize the subjective nature of interpretations, as agents assign them to

objects based on their background knowledge and State of Mind.

In contrast, explaining is defined as the epistemic and computational activity of pro-

ducing a more interpretable object X’ out of a less interpretable one X, performed by agent

A. They argue this activity can be considered objective because it does not depend on the

agent’s perceptions and State of Mind. Consider, for example, decision tree extraction

(the explaining activity) from a neural network (object X ) to produce a decision tree (the

explanation/object X’). In the end, the effectiveness of the explanations always remains a

subjective aspect.

This framework differs from ours in a few ways. In particular, Ciatto et al. [41]

provide a formal framework focused on data-driven XAI, whereas we provide more general

definitions in a goal-driven XAI context. In contrast, the intentions of the paper and

provided definitions are similar to our work. We also define interpretability as a subjective

system characteristic reflecting user knowledge about a system, and explainability as an

epistemic and computational activity aimed at increasing user knowledge about the system.

Barredo Arrieta et al. [14] provide a brief clarification of the distinctions and similarities

between transparency, interpretability, explainability, and understandability. So this part

of their work is very similar in its intents to our work, despite focusing on data-driven

XAI instead of goal-driven XAI. However, we argue that their attempt at clarifying the

distinctions and similarities between the concepts fails to resolve any ambiguity. For

example, the authors first argue interpretability is a passive model characteristic referring

to the level at which a given model makes sense for a human, but later as the ability to

explain or provide the meaning in understandable terms to a human.

In summary, Barredo Arrieta et al. [14] define interpretability (i.e., their first definition),

understandability, and transparency as passive model characteristics reflecting human

knowledge and understanding of a model. In contrast, they define explainability as an active
model characteristic, denoting any action taken by a model with the intent of clarifying or

detailing its internal functions. Unlike Barredo Arrieta et al. [14], we consider transparency
as an active system characteristic concerned with disclosing information to generate

knowledge about system elements. Similar to them, we also define interpretability and

understandability as passive characteristics reflecting system knowledge and understanding,

and explainability as actively clarifying or detailing system elements.

1
Also referred to as global explanations in XAI literature.

2
Also referred to as local explanations in XAI literature.



2

20 2 A Two-Dimensional Explanation Framework to Classify AI

Rosenfeld and Richardson [170] formally define explainability and its relationship

to interpretability and transparency, in the case of a ML-based classification algorithm.

The authors define explainability as the ability for the human user to understand the

algorithm’s logic. This ability to understand is achieved from the explanation, which they

define as the human-centric objective for the user to understand the algorithm, using

an interpretation. Interpretation/interpretability is defined as a function mapping data,

data schemes, outputs, and algorithms to some representation of the algorithm’s internal

logic. Furthermore, the authors argue an interpretation is transparent when the connection

between the interpretation and algorithm is understandable to the human, and when the

logic within the interpretation is similar to that of the algorithm.

All in all, the work of Rosenfeld and Richardson [170] differs from our work in several

ways. First of all, they focus on data-driven XAI and provide formal definitions, whereas our

work focuses on goal-driven XAI and provides more general definitions. More importantly,

the provided definitions differ from our view. Rosenfeld and Richardson [170] consider

explainability as passive and subjective, defining it as the ability to understand. In contrast,

we consider explainability as an active system characteristic, and argue their definition of

explainability reflects understandability instead. In addition, the authors consider inter-
pretability as active and objective, defining it as providing representations of an algorithm’s

internal logic. However, we consider interpretability as passive and subjective, reflecting

user knowledge and understanding of a system/algorithm, and argue their definition of

interpretability reflects explainability instead.

Sanneman and Shah [176] propose an interesting situation awareness-based levels

of XAI framework. This framework argues AI-systems part of human-AI teams should

explain what the system did or decided (XAI for Perception), why the system did this

(XAI for Comprehension), and what the system might do next (XAI for Projection). The

authors argue XAI for Comprehension should provide information about causality in the

system, aimed at supporting user comprehension of the system’s behavior. Examples

include explanations linking behavior to the system’s goals, constraints, or rules.

This framework broadly aligns with ours, but includes a few differences as well. First

of all, we agree with their distinction between providing information for perception and

comprehension. However, whereas Sanneman and Shah [176] define both of them as

explanations, we refer to XAI for Perception as transparency/disclosing information, and

XAI for Comprehension as explainability/clarifying disclosed information. We argue

XAI for Projection can be defined as both transparency and explainability, depending
on whether the system discloses next actions (i.e., transparency) or also clarifies them

(i.e., explainability). Furthermore, the framework only focuses on explaining AI-system

behavior like actions or decisions. However, we argue it is also possible and sometimes

even necessary to explain system elements like goals, knowledge, development reasons,

or design choices. By doing so, human users can build more complete mental models of

the AI-system. Therefore, our framework also incorporates disclosing and clarifying other

relevant system elements like goals or knowledge.

Doran et al. [55] introduce an interesting distinction between opaque, interpretable,
and comprehensible AI-systems that influenced our work. They define opaque AI-systems

as systems where the mechanisms mapping inputs to outputs are invisible to users. Con-

sequently, the reasoning of the system is not observable or understandable for users. In
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contrast, interpretable AI-systems are characterized as systems where users cannot only

see, but also study and understand how inputs are mapped to outputs. The authors argue

that interpretable systems imply transparency about the underlying system mechanisms.

Finally, they define comprehensible AI-systems as systems emitting symbols (e.g., words

or visualizations) along with their output to allow users to relate properties of the input
to their corresponding output. According to this classification, interpretable systems can

be inspected to be understood (i.e., letting users draw explanations by themselves), while

comprehensible systems explicitly provide a symbolic explanation of their functioning [41].

This classification of AI-systems is quite similar to the one provided in our work.

However, whereas Doran et al. [55] focus on data-driven XAI and argue the notions of

interpretation and comprehension are separate, we focus on goal-driven XAI and argue

understanding/comprehension implies interpretation. More specifically, we claim trans-
parency can make incomprehensible systems interpretable, and explainability can make

these interpretable systems understandable. We will explain our definitions, relationships,

and classification in detail in the next section.

2.3 A Two-Dimensional Framework to Classify AI
In this section we present and discuss our two-dimensional explanation framework pro-

viding clear distinctions and relations between key XAI concepts (Fig. 2.1). In short, our

framework makes a distinction between incomprehensible, interpretable, and understandable
AI-systems, and argues system transparency can make incomprehensible systems inter-
pretable, whereas explainability can make interpretable systems understandable. In the

following sections, we will explain and illustrate our framework by introducing our defini-

tions of the concepts transparency and explainability (Sect. 2.3.1), and interpretability and

understandability (Sect. 2.3.2). After that, we illustrate and discuss our framework based

on the example of a search and rescue human-agent teaming scenario where a human

collaborates with a goal-driven A/IS (Sect. 2.3.3). Finally, we extend our framework to

include some other relevant factors enabled by system transparency and explainability in

Sect. 2.3.4.

2.3.1 Transparency vs. Explainability
Whereas most prior work strongly ties or even equates system explainability to inter-
pretability (e.g., [145, 235]), we consider them fundamentally different. Instead, we strongly

tie system transparency to explainability. However, we also argue for a major distinction

between these two notions. Inspired by [4] and [205], we define system transparency as

“disclosing the relevant outward and functional system elements to users, enabling them to

access, analyze, and exploit this disclosed information". Here, functional system elements

concern elements like goals, knowledge, beliefs, decisions, and actions. In contrast, outward

elements concern aspects like development reasons, intended users, and design choices.

System transparency can answer “what"-questions [145] requiring descriptive answers

concerning the system elements. Consider, for example, a goal-driven autonomous and

intelligent agent collaborating with a human teammate to save victims after an earthquake.

According to our definition, system transparency is both an active [14] and objective [41]
system characteristic achieved by, for example, disclosing the goal to save all injured chil-
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We should 
search through 

the kitchen

We should search the 
kitchen because my sensors 

show the presence of two 
trapped people 

I should go to the 
kitchen because 
two people are 

stuck there

Incomprehen-
sible system

Human can not 
interpret or 

understand the 
functional and 

outward system 
elements

Interpretable 
system

Human can 
interpret the 

disclosed func-
tional and 

outward system 
elements

Understand-
able system

Human can 
understand the 
disclosed and 

clarified fuctional 
and outward 

system elements

Transparency

System discloses 
its functional and 

outward 
elements

Explainability

System clarifies 
its functional and 

outward 
elements

Figure 2.1: Two-dimensional explanation framework providing distinctive definitions and relationships between

key XAI concepts.

dren first by collaborating with trained firefighters. By doing so, the human teammate can

gain knowledge about these system elements (here a goal and intended users respectively),

without necessarily always knowing the relations between them.

The disclosure of relevant elements can be considered active in the sense that it is an

epistemic and computational activity aimed at increasing user knowledge, and objective
because this activity itself does not depend on the human’s perceptions or State of Mind. Put
differently, the computational implementation of transparency is independent of the human

user’s perceptions and State of Mind, and thus reproducible in principle [41]. However, the

exact effectiveness and content of the disclosed information is a subjective aspect, reflected

by measures of interpretability and understandability.
Inspired by [14], [41], and [176] we define system explainability as “clarifying disclosed

system elements by providing information about causality and establishing relations with

other system elements, making it easier for users to understand, analyze, and exploit

this information". Explainability can answer “how"- and “why"-questions [145] requiring
clarifying answers concerning the system elements and how they relate and depend on

each other. For example, system explainability can involve clarifying the disclosed goal to

save all children first by linking it to the norm that children are most vulnerable, or that it

will not give safety instructions because it assumes the user is a firefighter and familiar

with these. Just as transparency, we characterize system explainability as an active [14]
and objective [41] system characteristic aimed at increasing user knowledge and where the

epistemic and computational activity itself does not depend on the human’s perceptions or

State of Mind.

In summary, the main difference between system transparency and explainability
boils down to disclosing vs. clarifying. Transparency aims to provide descriptive answers

providing knowledge about system elements. In contrast, explainability aims to ease

understanding by clarifying the relations between system elements. Both are considered

active and objective system characteristics, since they are epistemic and computational

activities aimed at increasing user knowledge without depending on user’s perceptions or
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State of Mind. We define transparency and explainability from a system-centric point of

view as methods for sharing information, hence the categorization as active and objective/

independent from the user. However, we argue that the subjective aspect concerning the

effectiveness and content of the shared information also plays a crucial role, as reflected by

measures of interpretability and understandability.

2.3.2 Interpretability vs. Understandability
In contrast to transparency and explainability, we define system interpretability and under-
standability as passive and subjective characteristics reflecting user knowledge of the system
and depending on the user’s State of Mind and background knowledge. In addition, we

argue transparency makes system interpretable, whereas explainability makes interpretable
systems understandable. Although we strongly tie interpretability to understandability, we
argue for a major distinction between these two notions as well.

Inspired by [14], [41], [55], and [205], we define system interpretability as “the level

at which the system’s users can assign subjective meanings, draw explanations, and gain

knowledge by accessing, analyzing, and exploiting disclosed outward and functional system

elements". Our definition implies interpretability is both a passive [14] and subjective [41]
system characteristic. Passive in the sense that interpretability reflects a degree of user

knowledge about system elements, opposite to actively sharing information to generate

knowledge (i.e., transparency). Furthermore, interpretability can be considered subjective in
the sense that it is highly dependent on the user’s State of Mind and background knowledge

[41].

Consider, again, the example of the goal-driven A/IS collaborating with a human to

save victims after an earthquake. Disclosing its goal to save all children first enables

human users to gain knowledge and assign subjective meanings or draw explanations by

themselves (i.e., interpret). However, without clarifying the disclosed goal and relating it

to other system elements (i.e., explainability), these interpretations can vary considerably.

For example, the human could draw the conclusion that the system knows/beliefs the area

contains a lot of children but only few elderly or adults.

On the other hand, we define system understandability as “the level at which the

system’s users have knowledge of disclosed and clarified outward and functional system

elements, and the relationships and dependencies between them". Understandability in-

volves knowing how and why the system reasons and functions, based on explanations
clarifying and relating disclosed system elements. For example, clarifying the goal to save

all children first because they are most vulnerable provides the user with knowledge about

the relationship between the goal and a specific norm.

In summary, the main difference between system interpretability and understandability
boils down to a difference in cognitive effort required to have knowledge of the system

elements [41]. More specifically, we argue interpretability requires more cognitive effort

because it implies inferring the meaning of and relations between disclosed information

without explicit knowledge of this meaning and relations themselves. In contrast, under-
standability requires less cognitive effort because it implies knowing the meaning of and

relations between disclosed and clarified information (facilitated by explanations). Both are

considered passive [14] and subjective [41] system characteristics, since they reflect a degree

of user knowledge about the system depending on the user’s State of Mind and background
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knowledge. So we define interpretability and understandability from a user-centric point of

view reflecting the subjective effectiveness of the transparency and explainability content.

Here, transparency and explainability will be most effective when their content is tailored

to the user’s State of Mind and background knowledge.

2.3.3 Two-Dimensional Framework to Classify AI
Our framework (Fig. 2.1) distinguishes between three types of AI-systems (incomprehensible,
interpretable and understandable) and establishes relations between them by integrating

the defined concepts of Sect. 2.3.1 and Sect. 2.3.2. We will illustrate our framework in the

context of a search and rescue human-agent teaming scenario, where a human collaborates

with a goal-driven A/IS.

When collaborating with incomprehensible systems, humans can not interpret or un-
derstand the system elements because they are not disclosed and clarified. For example,

without disclosing and clarifying its decision to search through the kitchen because it

perceived stuck people, a human will not be able to interpret or understand the system’s

behavior. Our framework argues transparency can turn incomprehensible systems into

interpretable ones. By disclosing its relevant functional and outward system elements

(i.e., transparency), the human can access and exploit this information to assign subjective

meanings and gain knowledge (i.e., interpret). Consider, for example, an A/IS disclosing

the decision to search through the kitchen of a collapsed house to its human teammate.

By doing so, the human can utilize this information to interpret that the A/IS perceived

something urgent in the kitchen. Furthermore, we argue explainability can turn inter-
pretable systems into understandable systems. By clarifying the disclosed system elements

and relations between them (i.e., explainability), the human can more easily exploit this

information to gain knowledge and build a mental model of the system (i.e., understandabil-
ity). Consider, for example, an A/IS disclosing the decision to search through the kitchen,

because it perceived two trapped children there. By providing a belief-based explanation for
the decision, the system clarifies this decision and how it relates to other system elements

like perceptions.

Our proposed framework has several implications. First of all, pursuing system un-
derstandability should be the ultimate goal, since it can improve collaboration and team

performance in human-agent teams [9]. Furthermore, the framework implies that system

transparency and explainability are active and objective characteristics which can be manip-

ulated by designers to bring about the desired effects. In contrast, system interpretability
and understandability are considered passive and subjective characteristics which can be

measured to validate the effects of transparency and explainability.

2.3.4 Extended Framework
We extend our two-dimensional framework to include several often encountered XAI

notions. This framework (Fig. 2.2) mainly illustrates the opportunities system transparency
and explainability can provide to human teammates. Again, we discuss the framework

in the context of a search and rescue human-agent teaming scenario where a human

collaborates with a goal-driven A/IS.

The extended framework argues that when a system is interpretable, it is already both

controllable and directable. Here, we define system controllability as “the extent to which
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Figure 2.2: Extended two-dimensional explanation framework providing distinctive definitions and relationships

between key XAI concepts.

human users can change or overrule functional system elements". For example, when

the A/IS discloses the decision to search through the kitchen, its human teammate can

overrule this decision by changing it to searching the basement instead (i.e., the system is

controllable).
Next, we define system directability as “the extent to which human users can guide

the actions of the system". This is different from system controllability in the sense that

directability does not involve changing or overruling system elements, but rather accepting

them and guiding the corresponding actions or dividing the work. For example, the human

teammate could also accept the disclosed decision to search the kitchen but direct the

action of the A/IS by giving the order to enter the kitchen first to assess its safety (i.e.,

the system is directable). Even though system interpretability already enables system

controllability and directability, we argue system understandability will further improve

these two characteristics. For example, when the human teammate has more knowledge

of the system, it can more effectively control and direct its functional elements such as

actions or goals.

Furthermore, we argue that system understandability enables several other important

notions such as system contestability, predictability, verifiability, and traceability. We

define system contestability as “the extent to which human users can challenge or dispute

system elements and the relations between them". Again, consider the example of the

A/IS disclosing the decision to search through the kitchen, by clarifying it perceived two

trapped people there. By doing so, the human teammate can contest this decision and

dispute the underlying reason, for example by asking why they should search through the
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kitchen when there is a trapped baby in another room (i.e., the system is contestable).
We argue system understandability also enables system predictability. We define system

predictability as “the extent to which human users can estimate future or other functional

system elements". Consider the example of a system disclosing its goal to save all children

first because of the norm that children are more vulnerable than adults. The human could

use this explanation to predict that the agent’s next actions will be focused on searching

children rather than adults.

The extended framework also argues system understandability enables system verifia-
bility. Here, we define system verifiability as “the extent to which human users can check

that the system elements and relations between them make sense and sound valid". We do

not refer to formal verification of systems using formal methods involving mathematical

models of systems and analyzing them using proof-based methods. Rather, we refer to a

more informal verification of the plausibility of system elements and relations between

them. Again, consider the example of a system disclosing its goal to save all children first

because of the norm that children are more vulnerable than adults. Based on the provided

explanation the human could informally verify that the reasoning aligns with the decision

and sounds valid (i.e., the system is verifiable).
Finally, we argue system understandability enables system traceability. We define

system traceability as “the extent to which human users are able to find the cause of

functional system elements like decisions, goals, or beliefs". Again, consider the example

of the A/IS disclosing the decision to search through the kitchen, by clarifying it perceived

two trapped people there. The human teammate could use the provided explanation to

infer that the decision to search the kitchen was caused by the detection of two trapped

people.

In summary, the extended framework argues system interpretability and understand-
ability enable important factors such as system controllability, directability, contestability,
predictability, verifiability, and traceability. These factors are crucial for and determine

the success of human-agent teams [99, 101, 107, 175]. Therefore, pursuing system under-
standability should be the main goal when developing AI-systems part of human-agent

teams.

2.4 Discussion
In this work we have presented a two-dimensional explanation framework providing

distinctive XAI concept definitions and relationships between them. In this section, we

will discuss how our presented relationships between the concepts can be used to guide

future research into these relationships. Additionally, we will describe how we believe this

framework can be applied in practice.

2.4.1 Evaluation of Main Framework
Several assumptions arise from the proposed relationships in our presented framework.

Below, we introduce these assumptions as claims and describe their corresponding require-

ments. Next, we discuss whether these assumptions can be evaluated, and how they offer a

road map for future research.

• Claim 1 - System explainability results in more knowledge/complete mental models
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1. I am going to search in the 
kitchen (decision)
2. The kitchen is empty (percept)
3. I will save all kids first (goal)
4. I am carrying victim Tom to 
the emergency zone (action)
5. I am designed to work with 
trained fire fighters (intended 
users)

Transparency

System discloses 
its functional and 
outward elements

Explainability

System clarifies its 
functional and 

outward elements

1. I am going to search in the kitchen (decision) because 
nobody did yet (knowledge)
2. The kitchen is empty (percept) because I just 
searched it (action)
3. I will save all kids first (goal) because they are most 
vulnerable (norm)
4. I am carrying victim Tom to the emergency zone 
(action) because he is badly injured (percept)
5. I am designed to work with trained fire fighters 
(intended users) because together we can supplement 
each other’s limitations (development reason)

Figure 2.3: Examples of system transparency and explainability in the context of a (simulated) search and rescue

mission.

of the system than transparency

Requirement 1 - Manipulating/implementing system transparency and explainabil-
ity

Requirement 2 - Measuring user knowledge of a system

• Claim 2 - Increased user knowledge of a system results in improved human-agent

collaboration and eventually team performance

Requirement 1 - Subjective and objective measurements of human-agent collabo-

ration

We will illustrate how these claims can be evaluated using the example of a simulated

search and rescue mission where a human operator and self-explaining A/IS collaborate

to search and rescue victims. To validate Claim 1, implementing system transparency and

explainability would be required. Examples of implementing system transparency involve

disclosure of the system’s goals, decisions, and intended users. Fig. 2.3 shows several

examples of system transparency in the context of the search and rescue mission.

Implementing system explainability can be achieved in many different ways. However,

a fundamental requirement is providing information about causality in the system and

establishing relations between system elements. Existing approaches from the XAI litera-

ture include explanations of actions based on state information [5, 89, 128]; explanations

of actions based on goals [22, 84, 86]; explanations of decisions based on demonstrating

that alternative decisions would be sub-optimal [193]; and sequence-based explanations

clarifying the next action(s) [22, 86]. Fig. 2.3 shows several concrete examples of system

explainability in the context of the search and rescue operation.

Validating Claim 1 would also require the measurement of human user knowledge

and understanding of the system, which can be done both subjectively and objectively.
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Subjective examples from the XAI literature include asking questions related to perceived

understandability of the system and its model [91], and asking users to choose which of

two possible system outputs is of higher quality (implicitly measures understanding) [56].

However, objectively measuring user knowledge and understanding of the system would

be a more robust indicator than the subjective alternatives.

Currently, objective methods and metrics for measuring user knowledge and under-

standing of systems are lacking. Nevertheless, Sanneman and Shah [176] propose a relevant

method based on the widely-used and empirically validated Situation Awareness Global As-

sessment Technique (SAGAT) [60, 63]. In short, their proposed technique involves freezing

simulations of representative tasks at random time points, followed by asking questions

measuring user knowledge about information related to system behavior. It is crucial to

first define the human informational needs related to system behavior. Accordingly, a list

of questions regarding the informational needs can be specified and used to measure user

knowledge of the system.

Whereas Sanneman and Shah [176] focus solely onmeasuring user knowledge related to

AI-system behavior, the test/technique can also be extended to include information related

to other relevant system elements like goals, knowledge, decisions, or even development

reasons. Some example questions based on the information in Fig. 2.3 include “Which

room will the agent search next?"; “What is the current action of the agent?"; “Why is the

agent going to search in the kitchen?""; and “Why will the agent save all kids first?".

Validating Claim 2 would require the subjective and objective measurement of human-

agent collaboration and team performance. Subjective measures could include user satis-

faction [35] or system usability [23], whereas objective measures could include aspects like

the number of victims rescued or seconds required to finish tasks. The outlined example

experiment, discussed example implementations of transparency and explainability, and
suggested metrics for measuring user knowledge, human-agent collaboration, and team

performance can be used as a road map for future work aimed at validating the assumptions

arising from our framework.

2.4.2 Evaluation of Extended Framework
Several assumptions arise from the proposed relationships in our extended framework as

well. Below, we introduce these assumptions as claims and describe their corresponding

requirements. Next, we discuss whether these assumptions can be evaluated, and how they

offer a road map for future research.

• Claim3 - System transparency already enables system controllability and directability,
but not system contestability, predictability, verifiability, and traceability

Requirement 1 - Implementing system transparency

Requirement 2 - Measuring system controllability, directability, contestability, pre-
dictability, verifiability, and traceability

• Claim 4 - System explainability enables system contestability, predictability, verifia-
bility, and traceability

Requirement 1 - Implementing system explainability
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Table 2.2: Example questions for subjectively measuring the system variables in the extended framework.

Variable Example Question
Controllability “I feel like I can change the system’s decision"

Directability “I feel like I can guide the system’s behavior"

Contestability “I feel like I can challenge the system’s decision"

Predictability “I feel like I can predict the system’s next action"

Verifiability “I feel like I can check that the system’s behavior makes sense"

Traceability “I feel like I can find the cause of the system’s decision"

Requirement 2 - Measuring system contestability, predictability, verifiability, and
traceability

Validating Claims 3 and 4 would require implementing system transparency and ex-
plainability, and measuring system controllability, directability, contestability, predictability,
verifiability, and traceability. An example of subjectively measuring these system character-

istics could be freezing the simulated experiment at random points, followed by measuring

perceived system controllability, directability, contestability, predictability, verifiability, and
traceability. One approach involves Likert-scale questions

3
asked to the human users.

Table 3.1 shows example questions for each of these variables, though full questionnaires

would require more research and validation of the exact scales. The outlined example

experiment, discussed example implementations of transparency and explainability, and
suggested metrics for measuring system controllability, directability, contestability, pre-
dictability, verifiability, and traceability can be used as a road map for future work aimed

at validating the assumptions arising from our extended framework.

2.4.3 Application of Framework
Here we briefly address how our framework can be used in practice. Specifically, what

difference can the framework make when developing systems part of human-agent teams?

Consider the example of developing an autonomous and intelligent drone which should

collaborate with a human operator (e.g., a firefighter) during the aftermath of an earthquake.

The goal of the team is to search and rescue trapped victims as soon as possible. Our frame-

work can be particularly helpful by mapping specific types of context and informational

needs onto requiring either system transparency or explainability. For example, the drone

can be developed/implemented in such a way that when the workload or time pressure

is high, the drone displays transparency only. Similarly, contextual factors that could be

mapped onto system explainability include low time pressure and operator workload, or

when the user has an imprecise mental model of the system. In this way, the framework can

contribute to developing adaptive systems able to tailor their communication of relevant

information to the needs and requirements of both users and situations.

2.4.4 Future Work
Based on the work presented in this chapter, we identify a few key ideas for future work. A

possible first direction could be to conduct experiments aimed at validating the assumptions

3
For example ranging from “Totally Disagree" to “Totally Agree" on a 7-point scale.
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arising from our framework. Some ideas, requirements, and examples concerning this

validation have been discussed in more detail in Sect. 2.4.1 and Sect. 2.4.2.

For now, our framework focuses on sharing information regarding mental constructs

like decisions or goals. A relevant suggestion for future work would be to extend the

framework with a more physical domain as well by including literature/perspectives from

explainable and understandable robots. For example, the role of visual and body cues

could be incorporated in the framework. Furthermore, our provided framework is rather

broad/general and informally defined. Therefore, another suggestion would be to formalize

it and make it more concrete by providing examples in terms of different computational

frameworks/architectures (e.g., transparency vs. explainability differences between agents

using BDI vs. PDDL models). In addition, we currently do not consider situations where

the user may be under the false impression of understanding the system, but only consider

cases where their understanding actually matches the system’s models/elements. We also

do not consider different roles taken by human and agent, such as commander or supervisor.

In future work, it would be interesting to extend the framework by including these two

aspects, and see how it affects our proposed definitions.

Another future direction for this work would be to extend the framework to include

context- and user-awareness required for tailoring system transparency and explainability
to specific needs and requirements. The need for personalized and context-dependent

system transparency and explainability is one of the main goals within XAI community

and research [9]. However, the actual implementation and investigation is still somewhat

in its infant stages. Currently, our proposed framework does not address context- and user-

dependent system transparency and explainability, so this would be a relevant suggestion

for future work. Ideas involve mapping specific types of context or user knowledge to

requiring either system transparency or explainability. Furthermore, these aspects could

also be mapped onto transparency and explanation modality/presentation instead of just

content. Examples include mapping high workload to system transparency, rudimentary

system knowledge to explainability, or visual thinkers to receiving visual explanations
and verbal thinkers receiving textual explanations. Another idea involves adapting system

transparency and explainability based on the interdependence relationship between human

and system. For example, the system could adapt its communication based on whether

joint activity is required (i.e., hard interdependence) or when joint activity is optional (i.e.,

soft interdependence) [98, 99].

2.5 Conclusion
This chapter answers the first research sub-question of the thesis: How should we define and
relate agent transparency, explainability, interpretability, and understandability? It does so by
proposing a two-dimensional explanation framework that introduces clear distinctions and

relationships between the key XAI notions transparency, interpretability, explainability, and
understandability. This concise and comprehensive framework explicitly addresses the lack

of consensus and ambiguity problem surrounding these concepts. We argue that adopting

our distinctive concept definitions and mutual relations can greatly benefit XAI community,

as clearly defining concepts and relationships between them is a pre-requisite for both the

implementation and evaluation of these concepts. Furthermore, the framework yields a

classification of AI-systems as incomprehensible, interpretable, or understandable, guiding
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the research and development to establish understandable AI (e.g., by setting requirements

for contestability, predictability, verifiability and traceability).
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3
The Influence of

Interdependence and a
Transparent or Explainable

Communication Style on
Human-Robot Teamwork

Humans and robots are increasingly working together in human-robot teams. Teamwork
requires communication, especially when interdependence between team members is high.
In the previous chapter, we identified a conceptual difference between sharing what you are
doing (i.e., being transparent) and why you are doing it (i.e., being explainable). Although
the second might sound better, it is important to avoid information overload. Therefore, an
online experiment (n = 72) was conducted to study the effect of communication style of a
robot (silent, transparent, explainable, or adaptive based on time pressure and relevancy) on
human-robot teamwork. We examined the effects of these communication styles on trust in the
robot, workload during the task, situation awareness, reliance on the robot, human contribu-
tion during the task, human communication frequency, and team performance. Moreover, we
included two levels of interdependence between human and robot (high vs. low), since mutual
dependency might influence which communication style is best. Participants collaborated
with a virtual robot during two simulated search and rescue tasks varying in their level of
interdependence. Results confirm that in general robot communication results in more trust
in and understanding of the robot, while showing no evidence of a higher workload when
the robot communicates or adds explanations to being transparent. Providing explanations,
however, did result in more reliance on RescueBot. Furthermore, compared to being silent, only
being explainable results in a higher situation awareness when interdependence is high. Results

� Ruben S. Verhagen, Mark A. Neerincx, and Myrthe L. Tielman. The influence of interdependence and a

transparent or explainable communication style on human-robot teamwork. Frontiers in Robotics and AI 9 (2022).
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further show that being highly interdependent decreases trust, reliance, and team performance
while increasing workload and situation awareness. High interdependence also increases
human communication if the robot is not silent, human rescue contribution if the robot does
not provide explanations, and the strength of the positive association between situation aware-
ness and team performance. From these results, we can conclude that robot communication
is crucial for human-robot teamwork, and that important differences exist between being
transparent, explainable, or adaptive. Our findings also highlight the fundamental importance
of interdependence in studies on explainability in robots.

3.1 Introduction
Increasingly, humans and robots will be working together in human-agent/robot teams

(HARTs). Robots often outperform humans with respect to rapid, rational, and repetitive

decision-making, thanks to their processing speed andmemory capacity [216]. On the other

hand, humans are usually still better at handling uncertainty and unexpected situations.

HARTs make use of this unique combination of abilities.

HARTs can perform tasks where human and robot hardly depend on each other and

can execute their individual actions independently [192]. However, HARTs can also engage

in joint activities in which the human and robot mutually depend on each other over

a sustained sequence of actions [99]. In such joint activities, the human and robot are

interdependent and effective coordination and collaboration become crucial [99, 192].

Several factors are crucial when human and robot are interdependent, such as mutual

trust and understanding; shared mental models; observability, predictability, and directabil-

ity; and transparency and explainability [99, 101, 107, 175]. Unfortunately, many of these

factors are still lacking in contemporary HARTs. For example, robots often demonstrate

poor transparency and explainability, making it hard for human teammates to properly

understand their inner workings, behavior, and decision-making [9, 126, 145]. This, in

turn, negatively affects factors like mutual trust and understanding, eventually resulting in

decreased global team performance [99, 101].

Explainable AI (XAI) research, methods, and techniques emerged as a means of making

AI-systems more understandable to humans [80]. Unfortunately, the field of XAI is charac-

terized by a plethora of related but often ill-defined and inter-changeably used concepts like

transparency, interpretability, explainability, and understandability [231]. We addressed

this issue by proposing a framework that unambiguously defined and related these concepts

in a coherent and concise manner (Chapter 2 [231]). This framework makes a distinction

between robot transparency and explainability as different communication styles, with the

former referring to the disclosure of information and the latter to also clarifying disclosed

information using explanations.

One of the main goals within XAI community and research is the development of

personalized, context-dependent and adaptive robots [9, 50]. So instead of implementing

robots characterized by fixed transparency or explainability, developing robots able to

adapt their communication according to context and intended user. However, to do this

we need to first understand how different communication styles like transparency and

explainability exactly influence teamwork in different interdependency conditions. So far,

very little work has examined the influence of interdependence between human and robot

on human-robot teamwork outcomes, let alone the interaction between communication
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style and interdependence [157].

Therefore, this exploratory study will investigate the effects of different robot commu-

nication styles on crucial HART factors like team performance, trust, workload, situation

awareness (SA) of the robot, and understanding. We will examine these effects across two

levels of interdependence between the human and robot (high vs. low). To do this, we

conducted a user study in a simulated environment where human participants collaborated

with a virtual robot during a search and rescue task. The remainder of the chapter is

structured as follows. In Sect. 3.2 we discuss the relevant literature related to our study.

Next, in Sect. 3.3 we describe how we conducted the user study, followed by the results in

Sect. 3.4. Finally, we present a discussion and conclude our work in Sect. 3.5.

3.2 Background & Related Work
3.2.1 Interdependence
Interdependence in a team can be due to the relationships between team members and the

task to execute. Four types of task interdependence have been identified: pooled, sequential,

reciprocal, and team [192]. Pooled task interdependence concerns the execution of tasks

independently and without any interaction, whereas in sequential task interdependence,

tasks are executed in a sequential order and team members have to wait for previous

team members to complete their task. Reciprocal task interdependence involves team

members taking turns in completing part of the task, while in team task interdependence,

team members execute their individual tasks concurrently and may execute joint actions

[99, 192]. These task interdependence types form a hierarchy representing increasing needs

for coordination and levels of dependence between team members. However, these task

interdependence types are unable to capture the nuances of close collaboration between

humans and robots working jointly on a task [99]. To capture these nuances of close

collaboration, interdependence relationships between team members are required.

Johnson et al. [99] define these interdependence relationships as the set of complemen-

tary relationships that human and robot rely on tomanage required (hard) and opportunistic

(soft) dependencies in joint activity. Their definition highlights the importance of depen-

dencies and joint activity in interdependence between humans and robots working as

team members. Joint activity is closely related to team task interdependence and relates to

situations in which what the human does depends on what the robot does (and vice-versa)

over a sustained sequence of actions [99]. For example, when a human-robot team engages

in an urban search and rescue task. Such joint activity gives rise to required (hard) and

opportunistic (soft) dependencies/interdependence relationships between team members.

Hard interdependence stems from a lack of capacity (e.g., knowledge, skills, abilities, and

resources) required to competently perform an activity individually [99]. For example,

an explore robot/drone during urban search and rescue lacking the capacity to transport

victims. In contrast, soft interdependence is optional and opportunistic, arising from

recognizing opportunities to be more effective and efficient by working jointly [99].

These different types of task interdependence and interdependence relationships (and

their combinations) can give rise to high and low interdependence scenarios for human-

robot teams. For example, when a human-robot urban search and rescue team allocates

the task of exploring the disaster site to the robot and executing rescue operations to the
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human, human and robot may hardly depend on each other and execute their individual

actions independently without much interaction (i.e., low interdependence). In contrast,

human-robot teams can also engage in joint activities and actions in which both parties

are mutually dependent on each other and where the human might need to support the

robot (and/or vice-versa) for specific activities (i.e., high interdependence). For example,

the same team can also explore a collapsed building together where both parties need to

know which team member assessed which room, or where in case a victim is detected by

the robot, the human needs to provide support with assessing the victim’s health status.

So far, little work has been conducted on the effects of varying interdependence levels

between human and robot on human-robot teamwork outcomes, and even less on the

interaction between robot communication styles like transparency and explainability and

different interdependence levels.

3.2.2 Robot Communication & Human-Agent/Robot Teamwork
Several studies did investigate the effects of XAI on relevant human-agent/robot teamwork

(HART) factors like trust, workload, and operator performance [34, 142, 187, 251]. These

studies largely agree that operator performance and trust in the XAI system increase when

it shares more reasoning information, and without detriment to workload [34, 142, 187].

None of the studies, however, investigated the effects of communication style on global team

performance, or how interdependence between human and robot affects trust, workload,

and performance. Moreover, in all studies the XAI system served as an assistant of the

human participants rather than as an equal team member. Our study will fill these gaps by

examining the effects of robot communication style on global team performance, in HARTs

where the robot is an equal team member, and across different levels of interdependence.

Other works investigated the relationship between robot information sharing and team

performance, using a testbed (Blocks Worlds for Teams) similar to the one used in our study

[83, 85, 123, 192, 244]. The Blocks World for Teams (BW4T) task is to deliver a sequence of

coloured blocks in a particular order while working together in a team. The task is executed

in a virtual environment containing rooms in which blocks are hidden, and a drop zone

where blocks can be delivered. These studies have reported mixed results across different

conditions. For example, most of them investigated artificial agent teams rather than

human-agent/robot teams [85, 123, 192, 244]. In addition, almost all examined the influence

of shared mental model components (goals vs. world knowledge) on performance, rather

than providing more or less reasoning information [85, 123, 192, 244]. For example, Li, Sun,

and Miller showed that in a high interdependence scenario containing joint actions, sharing

goals was more effective than when the agent shared both goals and world knowledge

with the human [123]. Harbers et al. did examine the effects of agents explaining their

behavior on human-agent/robot teamwork [83]. Their results showed that explanations

about agent behavior did not always lead to better team performance, but did impact user

experience in a positive way.

None of the studies in the BW4T testbed examined human-agent/robot teams across

different levels of interdependence between human and agent, a gap that our study will

fill. Furthermore, most of the discussed studies examined the influence of shared mental

components on team performance. In this study we are not interested in this distinction,

since we believe both goals and world knowledge are crucial for carrying out the task most
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efficiently. Instead, we will investigate how different communication styles affect human-

agent/robot teamwork across two levels of interdependence. These different communication

styles give rise to more and less detailed mental models of the agent, rather than omitting

crucial components like world knowledge or goals.

3.2.3 Robot Transparency vs. Explainability
In our previous work we proposed a framework that makes a distinction between the

communication styles transparency and explainability [231]. This framework addresses the

lack of agreement regarding the definitions of and relations between the key XAI concepts

of transparency, interpretability, explainability, and understandability. More specifically, the

framework discriminates between robot interpretability and understandability as passive

and subjective system characteristics concerning user knowledge of the robot. In contrast,

we defined robot transparency and explainability as active and objective characteristics

involved with disclosing and clarifying relevant information. Transparency was defined

as the disclosure of relevant system elements to users (e.g., robot decisions or actions),

enabling users to access, analyze, and exploit this disclosed information (i.e., interpret).

In contrast, we defined explainability as the clarification of disclosed system elements

by providing information about causality and establishing relations with other system

elements. Ultimately, these definitions resulted in the classification of three types of robots:

incomprehensible, interpretable, and understandable. We argued transparency can make

incomprehensible robots interpretable, and explainability can make interpretable robots

understandable.

The third type of communication style not included in this framework but under

investigation in this study, is adaptive communication. Miller discussed several factors to

consider for such adaptive communication, such as epistemic relevance with respect to

the user’s mental model, or what has been explained already [145]. In addition to these

user factors, a relevant contextual factor to consider is time pressure. Time pressure can

decrease thorough and systematic processing of information while increasing selectivity of

information processing, reducing both performance and decision-making quality [137, 184].

Therefore, reducing communication frequency of an agent when time pressure is high

seems beneficial to HART performance and trust, for example by only communicating the

most important information. Unfortunately, the current implementation and experimental

investigation of adaptive robot communication is limited, even more in the context of

human-robot teamwork [9, 50]. Our implemented adaptive style adjusts its communication

based on both relevancy and time pressure.

3.2.4 Evaluating Robot Communication in Human-Agent/Robot
Teamwork

The discussed studies showed several ways of evaluating XAI efficiency in a HART context,

such as operator - and team performance, trust in the XAI system/robot, and workload

during the task. Despite these different metrics, there is still a need for new metrics to

assess XAI efficiency, specifically objective ones [9, 176]. Sanneman and Shah proposed an

objective metric for assessing XAI effectiveness: the (modified) Situation Awareness Global

Assessment Technique to measure SA of the XAI system’s behavior processes and decisions

[60, 176], which we will adopt. First, the situational and informational requirements related
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to AI behavior should be defined and identified, for example, using Goal Directed Task

Analysis [62]. Next, simulations of representative tasks should be frozen at randomly

selected times, followed by evaluating user knowledge of these predefined informational

needs. The answers to these questions can be compared against the ground truth state of

the world, providing an objective measure of the user’s SA of the AI.

3.3 Method
To test the effects of different robot communication styles on human-robot teamwork

across different levels of interdependence between human and robot, an experiment was

conducted. In this experiment, we aimed to investigate the effect of four different robot

communication styles on trust, reliance, workload, situation awareness, team performance,

human contribution, communication frequency, and system understanding. Moreover, we

aimed to also study whether interdependence between human and robot had any influence

on this effect.

3.3.1 Design
The experiment had a 2x4 mixed design with interdependence between human and robot

as the within-subjects independent variable and robot communication style as the between-

subjects independent variable. Interdependence consisted of two conditions (low and high),

robot communication style of four conditions (silent, transparent, explainable, adaptive).

During the low interdependence condition, participants hardly depended on their robot

teammate (and vice versa) since the work was split between the two. In contrast, during

the high interdependence condition the participants and robot were highly dependent

on each other because we removed the work division and added hard interdependence

relationships stemming from a lack of robot capacity to carry critically injured adults and

distinguish between kids. Which interdependence condition the participants completed

first was counterbalanced, resulting in two order conditions.

3.3.2 Participants
We recruited 72 participants from the different universities’ mailing lists and personal

contacts (23 females, 48 males, and one preferred not to say). Fifteen participants had

an age range of 18-24 years old, 56 participants of 25-34 years old, and one participant

was between 55-64 years old. In terms of education, one participant did some high school

without obtaining a diploma, two participants were high school graduates, two participants

obtained some college credit but no degree, three participants obtained an associate degree,

15 participants obtained a Bachelor’s degree, 47 participants obtained a Master’s degree,

and two participants obtained a PhD degree or higher. With respect to gaming experience,

27 participants played video games several times a year, 24 participants several times a

month, 12 participants several times a week, and nine participants played video games on

a daily basis. Each participant signed an informed consent form before participating in the

study, which was approved by the ethics committee of our institution (ID 1676).

Since each participant teamed up with a robot characterized by one of the four commu-

nication styles and one of the two interdependence order conditions, it was important to

control for age, gender, education, and gaming experience across the communication style
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and order conditions. For gender, we conducted a Chi-square test of homogeneity while

for age, education, and gaming experience a Kruskal-Wallis test was conducted. Results

showed no significant differences between communication style conditions for any of the

demographic factors gender (𝜒 2
(6) = 7.29, p = 0.29), age (𝜒 2

(3) = 0.76, p = 0.86), education

(𝜒 2
(3) = 0.34, p = 0.95), and gaming experience (𝜒 2

(3) = 0.31, p = 0.96), indicating that

participants were evenly split over the communication style conditions. Moreover, results

showed no significant differences between interdependence order conditions for gender

(𝜒 2
(2) = 2.95, p = 0.23), age (𝜒 2

(1) = 0.75, p = 0.39), education (𝜒 2
(1) = 2.07, p = 0.15), and

gaming experience (𝜒 2
(1) = 0.21, p = 0.65).

3.3.3 Hardware and Software
To run this experiment we used a Dell laptop, a Virtual Machine (Ubuntu 20.04.2

LTS), and the Human-Agent Teaming Rapid Experimentation (MATRX: https://
matrx-software.com/) software, a Python package specifically aimed at facili-

tating human-agent teaming research. The Dell laptop was used to access the Virtual

Machine, from which a MATRX world was launched. This two-dimensional grid world

contained and tracked the information needed to simulate the agents performing tasks in

our environment.

3.3.4 Environment
To access the MATRX world and control their corresponding human agent, participants

opened a link in either Chrome or Firefox. In contrast, the experimenter viewed the world

with the so called God agent, making it possible to perceive everything and start, pause,

and stop the world. We built a world consisting of nine areas, 28 collectable objects, and

at least one drop zone (Fig. 3.1A). Furthermore, we added an autonomous virtual robot

and human agent to our world, and designed an environment in which these two agents

had to collaborate during a search and rescue task. Two different worlds were created, one

for each interdependence condition, varying with respect to the drop zone(s) and victim

distribution. The low interdependence world consisted of two drop zones with four victims

each, whereas the high interdependence world contained just one drop zone with eight

victims.

We created the following eight victim types making up the world’s collection goal:

boy, girl, man, woman, elderly man, elderly woman, dog, and cat. In addition, we created

the following injury types: critical, mild, and healthy. Injury type was represented by

the color of the victims, where red reflected critically injured, yellow mildly injured, and

green healthy victims (see Fig. 3.1). Eight of the 28 objects in the world were either mildly

or critically injured and had to be delivered at the drop zone, whereas the other 20 were

healthy.

3.3.5 Task
The objective of the task was to search and rescue the eight target victims by inspecting the

different areas and dropping the correct victims on the drop zone in a specific order. During

the low interdependence condition, the retrieval of the eight victims was equally divided

between the autonomous virtual robot and human agent, across two separate drop zones.

This way, both team members hardly depended on each other and could execute their

https://matrx-software.com/
https://matrx-software.com/
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Figure 3.1: A God view of the MATRX world used for this study. The lower left corner of the world shows the

drop zone with eight victims to search and rescue. Next to the drop zone are RescueBot and the human avatar at

their starting positions. B the chat functionality and buttons used by participants to communicate. In addition,

the different victim and injury types can be seen. Buttons existed for each area and goal victim to search and

rescue.

individual actions independently. In contrast, during the high interdependence condition

the eight victims had to be delivered to one shared drop zone. Consequently, the human’s

actions highly depended on what the robot did (and vice versa) over a sustained sequence

of actions. For both conditions, when all eight victims were rescued or when the task was

not successfully completed after 10 minutes, the world and task were terminated and all

objective data logged.

3.3.6 Agent Types
We added two agents to the world: an autonomous rule-based virtual robot (called Rescue-

Bot) and a human agent controlled by the participants, using their keyboard. RescueBot

was able to solve the collection task by searching for the next victim to rescue, keeping

track of which areas it searched and which victims it found and where, and dropping found

goal victims at the drop zone. Both agents could carry only one victim at a time, detect

other agents with a range of two grid cells, detect other objects like walls and doors with

an infinite sense range, and detect victims with a sense range of only one grid cell. To avoid

ceiling effects resulting from a perfect agent, RescueBot moved slower than the human

agent and traversed every grid cell during area exploration.

Four different versions of RescueBot were implemented for the experiment, varying

with respect to what, how, and how much they communicated between communication

style conditions and in capacity between the interdependence conditions. During the high

interdependence condition, RescueBot lacked the capacity to carry critically injured adults

and distinguish between kids, which added required/hard interdependence relationships
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between human and robot. When a critically injured adult was found by either RescueBot

or the human participant, RescueBot told the participant to pick it up. When RescueBot

found an injured kid, it told the human participant to visit that area and clarify the gender

of the victim. This way, these hard dependencies required the human and robot to establish

supporting interdependence relationships. It is important to emphasize that this version of

RescueBot did not wrongly classify kids or unsuccessfully carry critically injured adults,

but rather requested support from its human teammate.

We implemented four different communication styles for RescueBot: silent, transparent,

explainable, and adaptive. The silent version served as baseline and only disclosed the

crucial decisions to request human assistance in case it needed human help. In contrast,

the transparent version disclosed its world knowledge/beliefs, actions, decisions, and,

in the high interdependence condition, suggestions. The explainable version not only

disclosed its world knowledge, actions, suggestions, and decisions, but also clarified them by

providing explanations. This communication style provided attributive/causal explanations

providing reasons (why) for intentional behavior and actions [132, 133, 145]. The provided

reasons included world knowledge, goals, and limitations and adhered to the principles

of being simple (few causes), general, complete, and sound [145]. Finally, the adaptive

version of RescueBot adjusted its communication based on time pressure and relevancy. In

general, after explaining a certain belief, action, suggestion, or decision X based on a goal,

belief, or limitation reason Y, the agent adhered to only disclosing X in future situations.

Moreover, when time pressure was high (less than five minutes remaining) RescueBot only

communicated the most crucial information. The exact information content for each of the

communication styles can be found in Table 3.1.

Participants had the ability to communicate to RescueBot via the buttons shown in Fig.

3.1B. Using these, participants could share their current and future actions, perceptions, as

well as answers to any of RescueBot’s questions (in the high interdependence scenario).

RescueBot added the shared information to its memory, and adjusted its behavior corre-

spondingly. This messaging interface was present in a similar fashion as shown in Figure

3.1, so immediately on the right of the environment. Furthermore, the messaging interface

was the same for both RescueBot and the participant, a chat box/room consisting of textual

messages. Participants only had to press buttons to share required information such as

which areas they searched or where they found victims. This way, we tried to decrease

workload as a result of having to type messages.

RescueBot’s behavior did not vary between the four communication style conditions.

When RescueBot did not know the location of the current victim to rescue, it moved

towards the closest unsearched area and explored it. If the participant told RescueBot it

was going to search the same area, RescueBot moved to the next closest unsearched area

to explore instead. During exploration of the areas, RescueBot added the location of found

victims to its memory. When participants found victims and communicated this, RescueBot

also added this to its memory. If RescueBot found the current victim to rescue during area

exploration, it first completed searching the whole area before picking up and dropping the

victim at the drop zone. In case participants told RescueBot they would pick up the victim

instead, RescueBot would start searching for or picking up the next victim to rescue. If this

victim was already found by the participant, RescueBot would move to the corresponding

area and explore the whole room as it did not know the exact location. When it found the
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# Low Interdependence High Interdependence
1 Which area(s) did RB search? Which area(s) did RB search?

2 Which victim(s) did RB find? Which victim(s) did RB find?

3 Where is RB currently located? Where is RB currently located?

4 Which action is RB currently executing? Which action is RB currently executing?

5 Which victim(s) did RB find in area Y? Which victim(s) did RB find in area Y?
6 Which action will RB perform next? Which victim(s) did RB rescue/drop?

7 Which of your goal victim(s) did RB find? Which victim(s) is RB unable to carry?

8 In which area did RB find victim X? Which victim(s) is RB unable to identify?

X refers to specific area, Y to specific victim.

Table 3.2: The SAGAT queries used during the experiment, for each interdependence condition. RB = RescueBot.

victim, it would immediately pick it up and move to the drop zone rather than searching

the rest of the area. During all situations described above the transparent, explainable,

and adaptive versions of RescueBot communicated their actions, beliefs, decisions and

suggestions using the messages outlined in Table 3.1.

3.3.7 Measures
Team Performance
We objectively measured team performance during the low and high interdependence

conditions using completion time, accuracy, and completeness. We transformed completion

time to the percentage of time left to finish the task and calculated overall team performance

as the mean of time left, accuracy, and completeness. Completion time was converted

into the percentage of time left in order to transform the variable to the same scale and

interpretation as accuracy and completeness (i.e., expressed in % and with higher values

reflecting better performance). Accuracy reflected the percentage of victims collected in

the correct order, whereas completeness reflected the percentage of all victims collected.

We manually kept track of accuracy during the task, while completeness was logged

automatically using MATRX.

Situation Awareness of RescueBot
Situation awareness (SA) of RescueBot’s behavior processes and decisions was measured

objectively, using the Situation Awareness Global Assessment Technique (SAGAT) [60, 176].

First, we defined the human informational and SA requirements during the search and

rescue task using the Goal Directed Task Analysis [62]. We used this analysis to define

which information participants required about RescueBot’s behavior in order to achieve

their respective goals. Next, we formulated eight SAGAT queries for each interdependence

condition, objectively evaluating human knowledge of this situational information [60, 62].

Table 3.2 shows all queries used during the experiment, for each interdependence condition.

During both interdependence conditions, the task was paused twice, and the same

eight queries were asked. We took the average percentage of correctly answered queries as

objective measure of SA. For each query we provided five multiple choice options, except

for query three which was answered by selecting a location on the map. The answer

options were different for each of the two assessment moments, except for queries four,
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six, and seven (low interdependence) because they only had five possible answer options.

Finally, for queries five and eight (low interdependence) the exact area and victim used in

the query was different for each assessment moment.

Trust
We subjectively measured user trust in RescueBot using the 5-pt Likert trust scale for XAI

[92]. This scale consisted of eight items and measured confidence in and predictability,

reliability, safety, efficiency, wariness, performance, and likeability of RescueBot. We

calculated the mean of the eight items as the final trust score.

Workload
Workload during the task was measured subjectively using the raw NASA Task Load Index

(NASA-TLX) [87]. This consisted of six items evaluated on scales from 0 to 100 and incre-

ments of size five, so yielding 20 answer options. The six items measured mental, physical,

and temporal demand, as well as performance, effort, and frustration. We calculated the

mean of the six items as the final workload score.

Perceived System Understanding
We subjectively measured understanding of RescueBot using the 7-pt Likert Perceived Sys-

tem Understanding Questionnaire [211]. This scale consisted of eight items and measured

explainability, understandability, and predictability of RescueBot. We calculated the mean

of the eight items as the final understanding score.

Reliance
Reliance was objectively measured using the MATRX loggers. We defined reliance as the

percentage of victims that were found first by the participant but rescued by RescueBot.

Using the loggers, for each participant we counted how many of the goal victims they

found first. Next, we counted how many of these victims were eventually picked up and

dropped by RescueBot, and divided this by the number of victims the participant found

first to get the corresponding reliance percentage.

We defined reliance in this way because it allowed the inclusion of the silent baseline

into the analysis. For example, we also thought of defining reliance as the percentage of

victims found by RescueBot but rescued by the participant (i.e., reliance upon RescueBot’s

perceptions). However, defining reliance as such would exclude the silent baseline from

the analysis, as it did not send information about RescueBot’s perceptions. Therefore,

we defined reliance as the percentage of victims found by the participant but rescued by

RescueBot (i.e., reliance upon RescueBot’s actions), and included the silent baseline into

the analysis.

Human Rescue Contribution
We measured human rescue contribution using the MATRX loggers, and defined it as the

percentage of goal victims rescued by the participant.

Human Messages Sent
Finally, we logged the number of messages sent from participant to RescueBot to investigate

human communication frequency.
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3.3.8 Procedure
The experiment was conducted in two sessions: an introduction and experiment session.

The introduction session served as a tutorial aimed at getting the participants familiar with

the environment, controls, and messaging system, to minimize any learning and order

effects, and to control for the possible influence of gaming experience. During the tutorial,

RescueBot gave the same step by step instructions to all participants, for example, on how

to pick up a victim and when to send certain messages.

The second part of the tutorial included a trial of the real experiment. During this trial,

the participant collaborated with the version of RescueBot with which they would also

collaborate during the real experiment (so the silent, transparent, explainable, or adaptive

version). Participants had to search and rescue six victims on one joint drop zone while

collaborating with RescueBot, so similar to the high interdependence trial but without any

required dependencies resulting from robot limitations.

After three minutes, we paused the trial and introduced the participants to the SAGAT

queries. We explained that during the real experiment, the task would be paused at random

moments and several queries would be asked related to their knowledge of RescueBot’s

behavior processes and decisions. Participants were encouraged to make their best guess

when they did not know or were uncertain about the answer, but we also told them that

they could skip a question when they were not comfortable enough to guess.

After the tutorial, we asked the participants if they were comfortable enough to start

the experiment session or wanted to re-do the trial. In the experiment session, participants

completed the two interdependence conditions. Which condition the participants completed

first was counterbalanced, resulting in two order conditions. We controlled for age, gender,

education, and gaming experience across these two order conditions, resulting in no

significant differences between the two conditions for any of these factors. During both

interdependence conditions we paused the task twice, followed by the corresponding eight

SAGAT queries in Table 3.2. The first freeze was at a random moment between two and

three minutes after starting the task, the second freeze a minimum of one and a half minute

later than the first one and a maximum of two minutes later.

When participants finished the first task, we presented them with the Trust Scale for

XAI and NASA-TLX. Next, participants completed the second variant of the task. Again,

we paused the task twice and asked the SAGAT queries. After finishing the second task,

participants again completed the Trust Scale for XAI and NASA-TLX. Finally, participants

filled in the Perceived System Understanding questionnaire to end the experiment. The

whole study lasted for about one hour and was conducted during an online meeting using

either Microsoft Teams, Zoom, or Google Meet. All survey responses were collected using

Qualtrics.

3.4 Results
3.4.1 Learning and Order Effects
We examined the presence of potential learning and order effects by testing for differences

in dependent variable outcomes between i) the two experiment order versions (to test

for order effects) and ii) the two time points (to test for learning effects). Order 1 started

with the low interdependence condition followed by the high interdependence condition,
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and vice versa for order 2. Time point 1 included all data from the low interdependence

condition from order 1 and high interdependence condition from order 2, whereas time

point 2 included all data from the low interdependence condition from order 2 and high

interdependence condition from order 1.

Order Effects
We tested for order effects on all the dependent variables trust, workload, understanding,

situation awareness, team performance, reliance, human rescue contribution, and human

messages sent. When all assumptions were met, we conducted an independent-samples

t-test, if not we conducted a Mann-Whitney U test. We did not find statistically significant

differences in the outcome scores between the two order conditions for trust (W = 2147, p

= 0.08), reliance (W = 2494, p = 0.70), workload (t(140) = 1.75, p = 0.08), situation awareness

(W = 2412, p = 0.47), team performance (W = 2494, p = 0.70), human rescue contribution

(W = 2562, p = 0.90), human messages sent (W = 2444, p = 0.55), or understanding (W =

2392, p = 0.43). Corresponding descriptive statistics and plots can be found in Appendix A.

Learning Effects
We tested for learning effects on the objective measures of situation awareness, team

performance, reliance, and human rescue contribution to examine whether participants

performed the task differently at later time points. When all assumptions were met, we

conducted a paired-samples t-test, if not we conducted a Wilcoxon signed-rank test. We

did not find statistically significant differences in the outcome scores between the two time

points for situation awareness (t(71) = -0.86, p = 0.39), team performance (W = 1166, p

= 0.41), human rescue contribution (W = 610, p = 0.12), or reliance (W = 1214, p = 0.25).

Corresponding descriptive statistics and plots can be found in Appendix A.

3.4.2 Effects of Communication Style and Interdependence
Here, we report the effects of and interaction between communication style and interde-

pendence on the dependent variables. For most of the dependent variables, we employed

a non-parametric rank based method for the analysis of variance (ANOVA), mainly to

deal with violations of the mixed ANOVA assumption of normality. To this end, we used

the R package and function nparLD [151] for non-parametric tests for repeated measures

data in factorial designs. This method defines relative treatment effects in reference to

the distributions of the dependent variables, estimated on mean ranks. Therefore, relative

treatment effects can be considered as generalized expectations or means. This method

does not require distributional assumptions, is applicable to a variety of data types, and is

robust with respect to outliers and small sample sizes. For the dependent variables that did

meet all assumptions, we conducted a mixed ANOVA.

Trust
Since there were two extreme outliers and the data was not normally distributed (p < 0.05)

in two cells of the design, as assessed by Shapiro-Wilk’s test of normality, we conducted

the non-parametric rank based ANOVA. Results showed a statistically significant main

effect of communication style (F(2.92) = 13.40, p < 0.0001, effect size = 0.81) on trust.

Pairwise robust ATS post-hoc comparisons revealed statistically significant differences
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in trust scores between the silent baseline (RTE = 0.23, Mean Rank = 33.30, SD Rank =

27.63) and transparent (RTE = 0.59, Mean Rank = 84.85, SD Rank = 36.36) (F(1) = 27.39, p

< 0.0001), adaptive (RTE = 0.61, Mean Rank = 88.28, SD Rank = 35.68) (F(1) = 36.43, p <

0.0001), and explainable (RTE = 0.58, Mean Rank = 83.57, SD Rank = 38.09) (F(1) = 23.24, p

< 0.0001) conditions. In addition, results showed a statistically significant main effect of

interdependence (F(1) = 18.76, p < 0.0001, effect size = 0.51) on trust, revealing a significant

difference in trust scores between the low (RTE = 0.56, Mean Rank = 80.69, SD Rank = 41.23)

and high (RTE = 0.44, Mean Rank = 64.31, SD Rank = 40.66) interdependence conditions.

Figure 3.2A shows the interaction plot of the relative effects of communication style and

interdependence on trust scores, exact relative treatment effects (RTE) and corresponding

mean ranks can be found in Table 3.3.

Reliance
Because the data was not normally distributed (p < 0.05) in most cells of the design, we

conducted the non-parametric rank based ANOVA. Results showed a statistically significant

main effect of communication style (F(2.69) = 3.99, p < 0.025, effect size = 0.38) on reliance.

Pairwise robust ATS post-hoc comparisons revealed statistically significant differences in

reliance scores between the silent (RTE = 0.39, Mean Rank = 56.32, SD Rank = 45.95) and

explainable (RTE = 0.54, Mean Rank = 77.96, SD Rank = 39.51) condition (F(1) = 4.33, p

< 0.05), silent and adaptive (RTE = 0.59, Mean Rank = 86.03, SD Rank = 37.15) condition

(F(1) = 9.06, p < 0.005), and adaptive and transparent (RTE = 0.48, Mean Rank = 69.69, SD

Rank = 37.81) condition (F(1) = 5.01, p < 0.05). In addition, results showed a statistically

significant main effect of interdependence (F(1) = 104.30, p < 0.0001, effect size = 1.20) on

reliance, revealing a statistically significant difference in reliance scores between the low

(RTE = 0.66, Mean Rank = 95.56, SD Rank = 37.42) and high (RTE = 0.34, Mean Rank =

49.44, SD Rank = 31.00) interdependence conditions. Figure 3.2B shows the interaction

plot of the relative effects of communication style and interdependence on reliance scores,

exact relative treatment effects and corresponding mean ranks can be found in Table 3.3.

Workload
Since all assumptions were met (no outliers, normality, homogeneity of variances, and

homogeneity of covariances), we performed a mixed ANOVA. Results showed a statistically

significant main effect of interdependence (F(1, 68) = 0.46, p < 0.0005, 𝜂2𝐺 = 0.024) on work-

load. A paired-samples t-test was conducted to determine the effect of interdependence on

workload scores. Results showed that there was a significant difference in workload scores

during high (Mean = 39.40, SD = 16.7) and low (Mean = 34.50, SD = 15.40) interdependence

conditions (t(71) = -3.87, p < 0.0005, d = 0.46). Figure 3.2C shows the interaction plot of the

effects of communication style and interdependence on workload scores, Table 3.4 shows

the descriptive statistics for each combination of communication style and interdependence.

Situation Awareness
Because all assumptions were met we conducted a mixed ANOVA. Results showed a

statistically significant interaction between communication style and interdependence on

situation awareness (SA) scores (F(3, 68) = 3.31, p < 0.05, 𝜂2𝐺 = 0.057). We analyzed the

simple main effect of communication on SA during each interdependence condition using

a one-way ANOVA. Results showed that the simple main effect of communication style
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Figure 3.2: Interaction plots of the effects of communication style and interdependence on the dependent variables

trust, reliance, workload, and situation awareness. A shows the relative treatment effects of communication

style on trust across interdependence. The y-axis is the conventional graphical representation of the non-

parametric ANOVA we used. It represents the relative marginal effect of the different communication styles

across interdependence. The higher is the value on the y-axis, the higher is the corresponding trust value/score.

Error bars represent the 95% confidence intervals of the relative marginal effects. B shows the relative treatment

effects of communication style on reliance across interdependence. The higher is the value on the y-axis, the

higher is the corresponding reliance percentage value/score. Error bars represent the 95% confidence intervals of

the relative marginal effects. C shows the effects of communication style on workload across interdependence.

The y-axis represents the mean workload. Error bars represent the 95% confidence intervals of the mean workload

scores. D shows the effects of communication style on situation awareness across interdependence. The y-axis

represents the mean situation awareness scores. Error bars represent the 95% confidence intervals of the mean

situation awareness scores.
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Variable Communication Interdependence Mean Rank (SD) RTE 95% CI
Trust Silent Low 33.61 (27.13) 0.23 [0.17 0.31]

Silent High 33.00 (28.91) 0.23 [0.16 0.31]

Transparent Low 97.14 (35.41) 0.67 [0.56 0.78]

Transparent High 72.56 (38.15) 0.50 [0.39 0.61]

Adaptive Low 96.19 (27.59) 0.66 [0.57 0.74]

Adaptive High 80.36 (41.55) 0.55 [0.43 0.67]

Explainable Low 95.81 (34.92) 0.66 [0.56 0.75]

Explainable High 71.33 (38.10) 0.49 [0.39 0.59]

Reliance Silent Low 79.58 (49.52) 0.55 [0.41 0.68]

Silent High 33.06 (27.36) 0.23 [0.17 0.31]

Transparent Low 97.08 (26.04) 0.67 [0.58 0.74]

Transparent High 42.31 (26.01) 0.29 [0.22 0.38]

Adaptive Low 109.83 (26.20) 0.76 [0.67 0.82]

Adaptive High 62.22 (30.90) 0.43 [0.34 0.52]

Explainable Low 95.72 (39.29) 0.66 [0.54 0.76]

Explainable High 60.19 (31.65) 0.41 [0.32 0.51]

Table 3.3: Descriptive statistics for the dependent variables trust and reliance. Values correspond to the data

points of the plots in Figure 3.2A and B.

was significant during both the high (F(3, 68) = 4.20, p < 0.025, 𝜂2𝐺 = 0.156) and low (F(3, 68)

= 10.60, p < 0.0001, 𝜂2𝐺 = 0.318) interdependence conditions. Pairwise comparisons using

a Bonferroni correction revealed significant differences in SA scores between the silent

baseline (Mean = 18.06, SD = 13.02) and transparent (Mean = 42.36, SD = 15.69, p < 0.001),

adaptive (Mean = 44.10, SD = 17.87, p < 0.0005), and explainable (Mean = 47.12, SD = 22.03,

p < 0.0001) conditions when interdependence was low. When interdependence was high,

results showed a significant difference in SA scores between the silent baseline (Mean =

56.25, SD = 17.83) and only the explainable condition (Mean = 70.93, SD = 11.13, p < 0.05).

We analyzed the simple main effect of interdependence on SA for each communication

condition using a paired-samples t-test. Results showed statistically significant differences

in mean SA scores between the high and low interdependence conditions for the silent

(Mean High = 56.20, SD High = 17.80; Mean Low = 18.10, SD Low = 13.00) (t(17) = -10.00, p

< 0.0001, d = 2.36), transparent (Mean High = 59.10, SD High = 18.30; Mean Low = 42.40, SD

Low = 15.70) (t(17) = -3.07, p < 0.01, d = 0.72), adaptive (Mean High = 68.90, SD High = 10.60;

Mean Low = 44.10, SD Low = 17.90) (t(17) = -4.68, p < 0.0005, d = 1.10), and explainable

(Mean High = 70.90, SD High = 11.1; Mean Low = 47.10, SD Low = 22.00) (t(17) = -4.84,

p < 0.0005, d = 1.14) conditions. Figure 3.2D shows the interaction plot of the effects of

communication style and interdependence on SA scores, Table 3.4 shows the descriptive

statistics for each combination of communication style and interdependence.

Team Performance
Since the data was not normally distributed in most cells of the experimental design, we

conducted the non-parametric rank based ANOVA. Results showed a statistically significant
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Variable Communication Interdependence Mean (SD) 95% CI
Workload Silent Low 39.35 (18.07) [31.00 47.70]

Silent High 44.60 (18.31) [36.14 53.06]

Transparent Low 34.58 (13.48) [28.36 40.81]

Transparent High 39.21 (15.43) [32.08 46.34]

Adaptive Low 33.93 (16.68) [26.23 41.64]

Adaptive High 36.67 (16.59) [29.00 44.33]

Explainable Low 30.23 (12.59) [24.41 36.04]

Explainable High 37.18 (16.52) [29.54 44.81]

SA Silent Low 18.06 (13.02) [12.04 24.07]

Silent High 56.25 (17.83) [48.01 64.48]

Transparent Low 42.36 (15.69) [35.11 49.61]

Transparent High 59.12 (18.30) [50.67 67.58]

Adaptive Low 44.10 (17.87) [35.84 52.35]

Adaptive High 68.87 (10.55) [64.00 73.75]

Explainable Low 47.12 (22.03) [36.95 57.30]

Explainable High 70.93 (11.13) [65.79 76.07]

Table 3.4: Descriptive statistics for the dependent variables workload and situation awareness (SA). Values

correspond to the data points of the plots in Figure 3.2C and D.

main effect of interdependence (F(1) = 76.81, p < 0.0001, effect size = 1.03) on performance,

revealing a statistically significant difference in team performance between the low (RTE =

0.61, Mean Rank = 87.70, SD Rank = 36.54) and high (RTE = 0.39, Mean Rank = 57.30, SD

Rank = 41.23) interdependence conditions. Figure 3.3A shows the interaction plot of the

relative effects of communication style and interdependence on performance scores, exact

relative treatment effects (RTE) and corresponding mean ranks can be found in Table 3.5.

Human Rescue Contribution
Because the data was not normally distributed in most cells, we conducted the non-

parametric rank based ANOVA. Results showed a statistically significant interaction be-

tween communication style and interdependence on human rescue contribution (F(2.95) =

3.03, p < 0.05, effect size = 0.35). We analyzed the simple main effect of communication

on human rescue contribution during each interdependence condition using a Kruskal-

Wallis test. Results showed that the simple main effect of communication style was not

significant during both interdependence conditions. We analyzed the simple main effect of

interdependence on human rescue contribution for each communication condition using

the relative treatment effects test. Results showed a statistically significant difference in

relative treatment effects between the low and high interdependence conditions for the

silent (RTE Low = 0.35, RTE High = 0.72, p < 0.0001) and transparent (RTE Low = 0.37, RTE

High = 0.60, p < 0.005) conditions. Figure 3.3B shows the interaction plot of the relative

effects of communication style and interdependence on human rescue contribution scores,

exact relative treatment effects (RTE) and corresponding mean ranks can be found in Table

3.5.
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Variable Communication Interdep. Mean Rank (SD) RTE 95% CI
Performance Silent Low 68.58 (43.65) 0.47 [0.36 0.59]

Silent High 41.64 (44.40) 0.29 [0.19 0.43]

Transparent Low 93.47 (30.80) 0.65 [0.54 0.73]

Transparent High 62.03 (36.31) 0.43 [0.33 0.54]

Adaptive Low 89.31 (32.35) 0.62 [0.51 0.71]

Adaptive High 60.61 (38.10) 0.42 [0.31 0.54]

Explainable Low 99.44 (33.23) 0.69 [0.59 0.77]

Explainable High 64.92 (44.73) 0.44 [0.33 0.58]

Contribution Silent Low 50.97 (40.83) 0.35 [0.25 0.48]

Silent High 103.56 (40.31) 0.72 [0.58 0.81]

Transparent Low 53.06 (30.73) 0.37 [0.28 0.46]

Transparent High 86.19 (37.23) 0.60 [0.48 0.70]

Adaptive Low 60.78 (40.97) 0.42 [0.31 0.54]

Adaptive High 73.33 (36.35) 0.51 [0.40 0.61]

Explainable Low 68.97 (40.27) 0.48 [0.36 0.60]

Explainable High 83.14 (34.57) 0.57 [0.47 0.67]

Messages Silent Low 72.19 (51.81) 0.50 [0.36 0.63]

Silent High 75.19 (48.71) 0.52 [0.39 0.64]

Transparent Low 53.83 (30.60) 0.37 [0.28 0.48]

Transparent High 98.33 (27.62) 0.68 [0.58 0.76]

Adaptive Low 44.97 (25.57) 0.31 [0.23 0.40]

Adaptive High 88.33 (36.11) 0.61 [0.49 0.71]

Explainable Low 59.11 (43.41) 0.41 [0.29 0.54]

Explainable High 88.03 (36.95) 0.61 [0.49 0.71]

Table 3.5: Descriptive statistics for the dependent variables team performance, human rescue contribution, and

number of human messages sent. Values correspond to the data points of the plots in Figure 3.3A, B, and C.
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Figure 3.3: Interaction plots of the effects of communication style and interdependence on the dependent

variables team performance, human rescue contribution, and human messages sent (A, B, C). Boxplots of
system understanding for each of the communication style conditions (D). A shows the relative treatment

effects of communication style on performance across interdependence. The y-axis is the conventional graphical

representation of the non-parametric ANOVA we used. It represents the relative marginal effect of the different

communication styles across interdependence. The higher the value on the y-axis, the higher is the corresponding

performance value/score. Error bars represent the 95% confidence intervals of the relative marginal effects. B
shows the relative treatment effect of communication style on human rescue contribution across interdependence.

The higher the value on the y-axis, the higher is the corresponding human rescue percentage value/score. Error

bars represent the 95% confidence intervals of the relative marginal effects. C shows the relative treatment effects

of communication style on human messages sent across interdependence. The higher the value on the y-axis, the

higher is the corresponding number of messages sent by the participants. Error bars represent the 95% confidence

intervals of the relative marginal effects. D shows the effects of communication style on system understanding.

The y-axis represents the mean understanding scores. ***p<0.0005. ****p<0.0001.
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Number of Human Messages Sent
Since most assumptions of a mixed ANOVA were violated, we conducted the non-

parametric rank based ANOVA. Results showed a statistically significant interaction be-

tween communication style and interdependence on the number of human messages sent

(F(2.77) = 5.45, p < 0.005, effect size = 0.57). We analyzed the simple main effect of robot

communication style on human messages sent using a Kruskal-Wallis test. Results showed

that the simple main effect of communication style was not significant during both inter-

dependence conditions. Next, we analyzed the simple main effect of interdependence on

human messages sent for each communication style condition using the relative treatment

effects test. Results showed a statistically significant difference in relative treatment effects

between the low and high interdependence conditions for the transparent (RTE Low = 0.37,

RTE High = 0.68, p < 0.0001), adaptive (RTE Low = 0.31, RTE high = 61, p < 0.0001), and

explainable (RTE Low = 0.41, RTE High = 0.61, p < 0.01, r = 0.56) conditions. Figure 3.3C

shows the interaction plot of the relative effects of communication style and interdepen-

dence on human messages sent, exact relative treatment effects (RTE) and corresponding

mean ranks can be found in Table 3.5.

System Understanding
Because the data was not normally distributed in one cell of the design and since there

was no homogeneity of variances, we conducted a Kruskal-Wallis test. Results showed

that there were statistically significant differences in system understanding between the

communication style conditions (𝜒 2
(3) = 48.30, p < 0.0001, 𝜂2 = 0.32). Pairwise comparisons

using Dunn’s procedure with a Bonferonni correction revealed statistically significant

differences in understanding scores between the silent baseline (Mean Rank = 32.72, SD

Rank = 31.51) and transparent (Mean Rank = 73.83, SD Rank = 36.93) (p < 0.0005), adaptive

(Mean Rank = 89.72, SD Rank = 32.74) (p < 0.0001), and explainable (Mean Rank = 93.72,

SD Rank = 35.59) (p < 0.0001) conditions. Figure 3.3D shows the boxplots of system

understanding for each of the communication style conditions.

3.4.3 Predicting Team Performance
We ran a multiple linear regression analysis to determine whether we could predict a

quantitative outcome of team performance based on the predictor variables situation

awareness, trust, reliance, workload, and human messages sent. Moreover, we added

experiment version as a predictor to examine the presence of potential order effects and

interdependence as an interaction term to examine whether the association between

predictors and outcome depended on the level of interdependence. Next, we used the

GVLMA package to check the linear model assumptions normality, heteroscedasticity,

linearity, and uncorrelatedness of the model. Since not all assumptions were acceptable,

we removed the five unusual observations (out of a total of 144 observations).

Results showed that the regression model statistically significantly predicted team

performance (F(13, 125) = 7.11, p < 0.0001, adj. R
2
= 0.37). Furthermore, results showed

that only situation awareness (p < 0.0001), workload (p < 0.005), and human messages

sent (p < 0.001) added statistically significantly to the prediction. When interdependence

was low an increase in SA of 1% was associated with an increase in team performance of

0.10%, an increase in workload of 1% with a decrease in team performance of 0.14%, and an
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increase in human messages sent of 1 message with an increase in team performance of

0.29%. When interdependence was high an increase in SA of 1% was associated with an

increase in team performance of 0.27%, an increase in workload of 1% with a decrease in

team performance of 0.10%, and an increase in human messages sent of 1 message with an

increase in team performance of 0.70%. Results also showed that the association between

situation awareness and team performance depended on the level of interdependence

(p < 0.05), with team performance increasing at a higher rate with an increase in SA

when interdependence was high. Figure 3.4 shows the interaction plots of the significant

predictors. Finally, experiment version (i.e., order) did not add statistically significantly to

the prediction of team performance.
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Figure 3.4: Predicted values of team performance based on the statistically significant predictor variables situation

awareness (SA), workload, and human messages sent. Intervals represent the lower and upper bounds of the 95%

confidence intervals for the predicted values. A shows the predicted changes in team performance with changes

in the predictor variable situation awareness, at both interdependence levels. B shows the predicted changes in

team performance with changes in the predictor variable workload, at both interdependence levels. C shows the

predicted changes in team performance with changes in the predictor variable human messages sent, at both

interdependence levels.
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3.5 Discussion and Conclusion
3.5.1 Discussion
Trust
The results in Section 3.4.2, Figure 3.2A, and Table 3.3 clearly show that robot communica-

tion results in significantly higher trust in the robot. However, we did not find evidence

for higher trust in the robot when being explainable rather than transparent. This is not

in line with other studies demonstrating how providing more reasoning information is

related to increases in trust ([18, 157]. Furthermore, we observe that trust in the robot

significantly decreases when interdependence is high, which does not correspond with

other studies reporting that increasing interdependence subsequently increases participant

positive affect [157, 237, 238]. One possible explanation is that we increased interdepen-

dence not only by removing the work division, but also by adding hard interdependence

relationships stemming from a lack of robot capacity. Therefore, we believe it is crucial to

carefully consider the details of task interdependence and interdependence relationships

when comparing studies on interdependence in human-robot teams. For example, two

human-robot teams can be highly interdependent but if one team is characterized by

hard interdependencies stemming from a lack of robot capacity and the other by hard

interdependencies stemming from a lack of human capacity, it is not surprising when trust

in the robot differs significantly between these two teams. Another possible reason for this

result is that trust is only critical when human and robot are highly interdependent, and

therefore people judge it more critically. This is in line with the claim that interdependence

relationships are the mechanisms by which relational trust is established [97].

Reliance
For reliance the results show that people rely more on RescueBot when it provides ex-

planations, as demonstrated by the significant difference in reliance scores between the

explainable and silent condition, and adaptive and both silent and transparent conditions.

This could be the result of the specific message/explanation number one from Table 3.2,

explaining the reason why RescueBot was moving to a certain area (to pick up a certain

victim). It is possible that when people received this explanation, they were more inclined

to let RescueBot complete this goal rather than engage in the same tasks, showing benefits

to the coordination of work. The results further show a significant decrease in reliance

during high interdependence, as clearly visualized in Figure 3.2B. This could be explained

by the similar significant decrease in trust scores when interdependence is high. Since trust

can impact reliance upon and use of autonomous AI systems [59, 158, 181], the decrease

in trust during high interdependence might have resulted in a corresponding decrease in

reliance upon RescueBot to rescue victims found by the human participants.

Workload
Results further show no evidence for an increase in workload when adding explanations

to transparency, which is in line with the results in [34, 142, 187]. This indicates that

dynamic adaptation based on workload might not be necessary in this type of task and

scenario. Furthermore, we observe a higher workload when human and robot are highly

interdependent. This could be due to the increasing importance of coordination and
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collaboration [99, 192], resulting in more human effort to stay aware of the robot’s behavior

and inform the robot about own behavior.

Situation Awareness
The results also show how the effects of communication style on situation awareness

depend on the level of interdependence. More specifically, robot communication results in

a significantly higher situation awareness when interdependence is low. However, when

interdependence is high only repeatedly providing explanations results in a significantly

higher situation awareness than being silent. One possible explanation for these results

is that during the high interdependence scenario, the silent baseline did communicate

something: the information related to the required dependencies (asking for help). However,

it seems unlikely that sharing only this information can account fully for this finding.

Therefore, another possibility is that being highly interdependent increases SA irrespective

of communication style, as it is more necessary to complete the task well and people,

therefore, pay more attention already. This is also underlined by the significantly higher

SA during high interdependence, observed for all communication style conditions. As

people seem to already pay more or less attention to their robot teammate depending on

interdependence levels, it is crucial to understand these levels when designing explanations

for any type of future applications. A final suggestion is that only explainability adds crucial

information required for a higher situation awareness than just being highly interdependent

can already account for.

Team Performance
For team performance, we first observe a significant decrease in performance scores when

interdependence is high. This does not align with other studies reporting how increasing

interdependence subsequently increases team performance [157, 237, 238]. One possible

explanation is that increasing interdependence also increases the need for coordination and

collaboration [99, 192], which in turn results in a more challenging and demanding scenario.

This interpretation also aligns with the observed increase in communication frequency

(for all conditions except the baseline) and higher workload when interdependence is high.

Consequently, this more challenging and demanding scenario could have resulted in a

decrease in performance.

The results further show that in our task and scenario, only situation awareness,

workload, and human messages sent are significantly associated with team performance.

More specifically, increasing SA, decreasing workload, and increasing the number of

human messages sent are associated with increases in team performance. In terms of

human messages sent, the result can be considered surprising as earlier work showed that

a greater number of team messages shared was associated with lower team performance

[44]. It is also surprising that our results do not show evidence for a significant positive

association between trust and team performance, as previous works in both human-human

and human-robot teams did [108, 246, 254, 255]. This suggests that (in our task and scenario)

situation awareness, workload, and human messages sent are more important to team

performance than trust in the robot. However, when the task and scenario get more risky,

trust in the robot may become more important [97].

We also observe how increasing SA is associated with a significantly higher increase in

team performance when interdependence is high. All in all, our results provide valuable
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insights into the mechanisms driving HART performance [157]. Based on these results,

we advice to pay special attention to SA, workload, and communication when designing/

developing human-robot teams, while also accounting for the level of interdependence

between human and robot.

Human Rescue Contribution
Results further show how the effect of interdependence on human rescue contribution

depends on the communication style of RescueBot. More specifically, we observe a sig-

nificant increase in contribution during high interdependence only when collaborating

with the silent and transparent versions of RescueBot. Put differently, only participants

who did not receive explanations for robot behavior significantly increased contribution

during high interdependence. This suggests that interdependence only increases human

contribution when the robot does not provide explanations for its behavior. Therefore, we

speculate explanations are important to the coordination of work between team members

and can diminish the effect of interdependence on contribution.

Number of Human Messages Sent
Another result of note is the interaction between robot communication style and interde-

pendence on the number of human messages sent. Results show how people increase their

amount of messages during high interdependence only when RescueBot also communicates.

This suggests that only people collaborating with the communicating robots adjust their

communication frequency according to interdependence, highlighting a surprising effect

of robot communication on human communication.

System Understanding
Finally, we observe significantly higher understanding scores when RescueBot communi-

cates. However, our results provide no evidence that adding explanations to transparency

results in significantly higher understanding. This is not in line with other studies demon-

strating how providing more reasoning information is related to increases in perceived

understanding of the autonomous agent [83, 157].

3.5.2 Limitations and Future Work
Limitations
We identify a few limitations of our study. First, we chose to conduct the experiment in an

online setting as this allowed us to simplify the task, remove robot-specific capabilities from

the considerations, and keep a safe distance from participants during the global pandemic.

This does mean that we did not have physical embodiment for our agent, as a robot would

have. This embodiment might influence how much attention people pay to the agent when

it is in sight [129]. On the other hand, as many tasks (including search and rescue) would

always incorporate virtual messages due to distance between team mates, we do not expect

it to change our main findings.

Furthermore, our simplified and simulated environment raises questions about the

ecological validity. While this environment made it relatively easy to program our agents,

environment, task, and communication protocols, it is hard to determine how well these

generalize to real world scenarios. Currently, state of the art urban search and rescue robots
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or drones are not approaching the levels of autonomy and communication presented in

our work. However, we believe that the rapid developments in the fields of Robotics and

Artificial Intelligence will definitely allow these levels of autonomy and communication to

be achieved.

Another limitation concerns the use of only attributive/causal explanations providing

reasons for intentional behavior and actions of RescueBot. The absence of large differ-

ences between the transparent, explainable, and adaptive conditions could be the result

of these explanations not adding enough additional information in our task and scenario.

However, we used this explanation type as they could consistently be provided with

each message sent by RescueBot without increasing message length dramatically. For

example, confidence, contrastive, and counterfactual explanations could not be provided

with each message (especially confidence explanations) or would increase message length

considerably (contrastive and counterfactual explanations specifically).

Finally, our mixed design introduced some potential confounds such as learning and

order effects. We actively tried to address these potential effects by including an extensive

tutorial before participants started with the real experiment. This way, we tried to ensure

all participants had similar and decent entry levels before starting the real experiment. We

still tested for potential order effects by i) testing for differences in dependent variable

outcomes between the two experiment order versions and ii) including interdependence

condition order as a predictor in our regression model predicting team performance. Both

analyses did not provide evidence for the presence of such order effects, as we did not

find significant differences in outcome scores between the order conditions and order did

not add significantly to the prediction of team performance (see Sections 3.4.1 and 3.4.3).

Furthermore, we also tested for potential learning effects by testing for differences in the

dependent variable outcomes between the two time points. Again, our analysis did not

provide evidence for the presence of such effects (see Section 3.4.1), suggesting our tutorial

worked as intended and our mixed experimental design did not introduce learning or order

effects.

Future Work
We identify several possible directions for future work. We did not find large effects of

adapting the message content, but this might still have an effect if done in other ways.

Particularly, personalization by tailoring communication using an explicit user model

and based on factors like user workload, trust in the agent, or understanding of the

system. For example, the system could model the human using observations and human

communication and adjust its information sharing accordingly. Other interesting contextual

factors to investigate in future work include adapting information sharing based on different

team member roles (e.g., supervisor vs. assistant) or team tasks. Another suggestion

for future work is to add different explanation types such as confidence, contrastive,

and counterfactual explanations and investigate their importance during human-robot

teamwork on metrics such as trust and understanding.

In future work it could also be interesting to add bidirectional required dependencies

to the human-robot team. In our current task and scenario, only RescueBot lacked capacity

resulting in required dependencies. However, in future work, required dependencies stem-

ming from a lack of human capacity could also be added, resulting in required support from
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RescueBot (e.g., with removing obstacles). Furthermore, soft interdependence relationships

could be added, for example when carrying a victim together would be faster than carrying

alone. It would be interesting to examine how these scenarios affect trust in the system

compared to our scenario of unidirectional required dependencies. As a final suggestion

for future work, it could be relevant to look into more complex and realistic scenarios and

environments which more closely resemble the current state of the art search and rescue

robots. These suggestions are actually integrated in the empirical studies presented in

Chapter 4, Chapter 5, and Chapter 7.

3.5.3 Conclusion
This chapter answers the second research sub-question of the thesis: How do interdepen-
dence and agents’ transparency and explanations influence effective human-agent teaming,
individually and interactively? Our study shows that the distinguished styles of robot

communication result in more trust in and understanding of the robot, without increas-

ing workload during the task. This highlights the fundamental importance of robots

communicating their behavior to human teammates during teamwork. Furthermore, our

findings show that robot explanations result in more reliance upon that robot, and that

compared to sharing nothing, only explainability results in a higher situation awareness

when interdependence is high. This highlights how robots providing explanations for their

behavior can benefit human-robot teamwork. Finally, results demonstrate that being highly

interdependent decreases trust, reliance, and team performance while increasing workload

and situation awareness. It also increases human communication frequency when the robot

communicates to its human teammate, human rescue contribution when the robot does

not provide explanations, and the strength of the positive association between situation

awareness and team performance. This underlines the crucial importance of carefully

considering interdependence during studies on human-robot teamwork.

Overall, our results show that there are important differences between being transparent,

explainable or adaptive in communications, but that the level of interdependence between

human and robot is crucial in determining the exact effect that communication style has

on human-robot teamwork. Our findings highlight the importance of interdependence on

studies into explainability in robots, and provide an important first step in determining

how a robot should communicate to its human teammates.
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4
The Influence of

Interdependence on Trust
Calibration in

Human-Machine Teams

In human-machine teams, the strengths and weaknesses of both team members result in
dependencies, opportunities, and requirements to collaborate. Managing these interdependence
relationships is crucial for teamwork, as it is argued that they facilitate accurate trust calibra-
tion. Unfortunately, empirical research on the influence of interdependence on trust calibration
during human-machine teamwork is lacking. Therefore, we conducted an experiment (n=80)
to study the effect of interdependence relationships (complete independence, complementary
independence, optional interdependence, required interdependence) on human-machine trust
calibration. Participants collaborated with a virtual agent during a simulated search and
rescue task in teams characterized by one of the four interdependencies. A machine-induced
trust violation was included in the task to facilitate dynamic trust calibration. Results show
that the interdependence relationships during human-machine teamwork influence perceived
trust calibration over time. Only in the teams with joint actions (optional and required inter-
dependence) does perceived trust in the machine not recover to its initial pre-violated value.
However, results show that the correlation between perceived trust in the machine and machine
trustworthiness is strongest in these teams with joint actions, suggesting a more accurate trust
calibration process. Overall, our findings provide some first evidence that interdependence
relationships during human-machine teamwork influence human-machine trust calibration.

� Ruben S. Verhagen, Alexandra Marcu, Mark A. Neerincx, and Myrthe L. Tielman. The Influence of Interde-

pendence on Trust Calibration in Human-Machine Teams. HHAI 2024: Hybrid Human AI Systems for the Social

Good. IOS Press, 2024. 300-314.
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4.1 Introduction
Humans and intelligent machines increasingly work together as teammates on complex

tasks such as manufacturing and firefighting [233]. Machines often outperform humans

concerning rapid, rational, and repetitive decision-making, whereas humans are usually

better at handling uncertainty and unexpected situations [232]. These separate strengths

and weaknesses of humans and machines result in different dependencies, opportunities,

and requirements to collaborate [99]. The ultimate goal of human-machine teams is to

harness the combination of strengths of both humans and machines to accomplish what

neither can do alone [3].

Several factors determine the success of human-machine teams, for example, effectively

managing the interdependence relationships between both team members [101]. Another

crucial determinant is appropriate human trust in machines, meaning that they know both

the potentials and limitations of machines [141, 156]. A lack of appropriate trust (i.e., over-

or under-trust) is one of the main reasons for the disuse and misuse of machines. This lack

can be corrected by a trust calibration process over time and repeated interactions, allowing

humans to adjust their expectations of the machine’s reliability and trustworthiness [117,

141, 156]. During the trust calibration process, repairing trust violations caused by machine

errors is more difficult than building trust initially [105, 109].

It is argued that interdependence relationships between humans and machines facilitate

the assessment of trustworthiness of intelligent machines and accurate trust calibration

by humans [97]. However, there is a lack of empirical research on the exact influence of

interdependence on trust calibration in human-machine teams. For example, how different

interdependence relationships during human-machine teamwork influence the trust cali-

bration process over time is unknown. Therefore, this study investigates how complete

independence, complementary independence, optional interdependence, and required in-

terdependence influence human-machine trust calibration. To do this, we conducted a user

study where participants collaborated with a virtual agent during a simulated search and

rescue task in teams characterized by one of the four interdependencies.

4.2 Background
4.2.1 Interdependence in Human-Machine Teams
Interdependence relationships are the complementary relationships humans and machines

rely on to manage dependencies during joint activities [99, 192]. Joint activities concern

situations in which the actions of humans depend on those of machines (and vice versa) over

a sustained sequence of actions and towards a shared goal [99]. These joint activities are

characterized by required, optional, complementary, or no dependencies between humans

and machines, caused by their capabilities to execute actions individually and assist each

other during action execution [99].

When humans and machines can both execute actions independently while collab-

orating towards a shared goal, they are hardly dependent on each other. On the other

hand, complementary dependencies between humans and machines exist when each can

only execute their unique actions that contribute to completing the overall task. Optional

dependencies stem from recognizing opportunities to be more efficient when executing

actions jointly rather than independently [99, 232]. Finally, required dependencies originate
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from both team members’ lack of knowledge, skills, abilities, and resources to competently

execute an action independently, but the potential to assist each other to execute the

action jointly [99, 232]. This distinction between complete independence, complementary

independence, optional interdependence, and required interdependence essentially forms a

hierarchy in coordination, dependencies, and strength of the interdependence relationship

[99, 232]. As these different interdependence relationships heavily affect mutual reliance

and dependencies, they play a critical role in the trust relationship between humans and

machines [97].

4.2.2 Trust in Human-Machine Teams
An early definition of trust is believing that someone or something else will act in your

best interest and accepting vulnerability to this person’s or entity’s actions [138]. So, there

is a trusting party (the trustor) and a party to be trusted (the trustee) [138]. Here, trust can

be considered as the trustor’s perception of the trustee’s trustworthiness [102, 141]. Trust

is critical in all circumstances where people are in any way dependent on other’s actions,

and thus more relevant in high-risk situations [138, 141]. More specifically, more trust is

required when the perceived risk of relying on someone or something else is higher [138].

We believe that interdependence influences the perceived risk associated with relying on

someone or something else and, thus, indirectly, how much trust is required during the

relationship. For example, relying on someone who can execute actions you can not is less

risky than relying on someone to execute actions jointly.

Instead of blindly trusting machines, human-machine trust must be appropriate [141].

Human-machine trust is appropriate when the human’s trust in the machine is equal to the

machine’s actual trustworthiness [141, 182]. This match between trust and trustworthiness

involves both trusting trustworthy machines and distrusting untrustworthy machines.

When appropriate trust is directly caused by information about the actual trustworthiness

of the machine, this is called warranted appropriate trust [70, 94]. Fostering appropriate

trust is crucial as a lack of appropriate human-machine trust can cause over- or under-trust

in and over- or under-reliance on machines, potentially resulting in detrimental outcomes

[118, 141, 156, 158]. Fostering appropriate trust involves a process of trust calibration that

corrects for over- and under-trust over time and repeated interactions, allowing humans to

adjust their expectations of the machine’s reliability and trustworthiness [117, 141, 156].

During the trust calibration process, human-machine trust is rarely stable but instead

changes over time based on past and current interactions [50, 65, 81, 121]. Decreases in

human-machine trust resulting from machine-induced trust violations can have lasting

effects and are hard to recover from [65, 121]. To this end, machines can deploy several

trust repair strategies to repair human trust after they damage or violate it [65, 67, 109, 110].

The most commonly used trust repair strategies include apologies, denials, explanations,

and promises [66, 121, 185]. The impact of these trust repair strategies on human trust

has been mixed, with studies showing positive, no, or even negative effects [66, 167].

Moderating factors might explain these mixed results, such as the timing of the repair

strategy, violation type, and violation severity [66, 109]. One general result, however, seems

to be the effectiveness of machine apologies for restoring trust [109, 160, 253]. Adding an

explanation to the apology can even amplify this effect [109, 186].

Explanations are not merely a trust repair strategy but also one of the primary methods
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for fostering appropriate human-machine trust. They specifically aim to make intelligent

machines more transparent and understandable to humans [141, 145, 231]. Examples in-

clude machine explanations, confidence scores, and uncertainty communication, providing

information about the capabilities and limitations of machines and how and why they

make decisions [34, 202, 257]. Prior literature has shown that these forms of machine

transparency can improve appropriate trust in machines [34, 142, 187, 202, 257].

4.2.3 Interdependence for Trust Calibration in Human-
Machine Teams

In addition to machine explanations, it is argued that interdependence relationships also

play a critical role in the trust calibration process [97]. In order to do so, interdependence

relationships need to be supported by observable, predictable, and directable machines

[97, 99]. This means that intelligent machines should be transparent and understandable

enough for humans to reasonably rely on them while also allowing humans to influence

their behavior [97, 99]. This way, interdependence relationships can support the active

and continuous exploration of trust between humans and machines to ensure that human

assessments are appropriate for achieving the best possible outcomes [97].

As both trust and interdependence relationships involve risk, reliance, and depen-

dencies, it is unsurprising that interdependence and trust are related [192]. Johnson and

Bradshaw [97] argue that interdependence relationships facilitate the assessment of the

trustworthiness of the machine and accurate trust calibration required for developing

warranted appropriate trust. However, interdependence relationships between humans and

machines can vary in terms of coordination and dependencies, such as required or optional

dependencies during joint activities [99, 232]. So far, there is a lack of empirical research

on how these different interdependence relationships during human-machine teamwork

influence human-machine trust calibration. Our study will fill that gap by comparing how

complete independence, complementary independence, optional interdependence, and

required interdependence influence human-machine trust calibration.

4.3 Method
4.3.1 Design
We conducted an experiment to investigate the influence of interdependence relationships

during human-machine teamwork on human-machine trust calibration. To ensure a dy-

namic trust calibration process, we added a trust violation caused by incorrect machine

advice. The experiment had a 3x4 mixed design with time as the within-subjects indepen-

dent variable and interdependence as the between-subjects independent variable. Time

consisted of three conditions (pre-violation, post-violation, post-recovery) and interdepen-

dence of four conditions (complete independence, complementary independence, optional

interdependence, and required interdependence). As dependent variables, we measured

perceived trust and the appropriate reliance rate at each of the three time points.

4.3.2 Participants
We recruited 80 participants through personal contacts within the university (29 female

and 51 male participants). Sixty-nine participants had an age range of 18-24 years old,
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seven participants of 25-34 years old, one participant of 35-44 years old, two participants

of 45-54 years old, and one participant of 55-64 years old. In terms of education, two

participants went to high school but did not obtain a diploma, 44 participants were high

school graduates, nine participants obtained some college credit but no degree (yet), one

participant obtained an Associate degree, 19 participants obtained a Bachelor’s degree,

and five participants obtained a Master’s degree. Concerning gaming experience, 11

participants had no experience at all, 19 participants had a little, nine participants had a

moderate amount, 22 participants had a considerable amount, and 19 participants had a

lot. All participants signed an informed consent form before participating in the study,

approved by the ethics committee of our institution (ID 3002). Since each participant was

assigned to one of the four interdependence conditions, it was essential to control for

gender, age, education, and gaming experience between these conditions. Results showed

no significant differences between interdependence conditions for any of the demographic

factors gender (𝜒 2
(3) = 3.62, p = 0.31), age (W = 1.23, p = 0.75), education (W = 3.94, p =

0.27), and gaming experience (W = 0.86, p = 0.84). Therefore, we did not further control

for these demographics during data analysis.

4.3.3 Hardware and Software
To run this experiment, we used a laptop and the Human-Agent Teaming Rapid Exper-

imentation (MATRX) software, a Python package for facilitating human-agent teaming

research (https://matrx-software.com/). The laptop was used to launch our

two-dimensional grid world created using MATRX. All subjective measures were collected

using Qualtrics, while all objective measures were automatically logged using MATRX.

4.3.4 Environment
We built a MATRX world consisting of 14 areas, 26 collectable objects, 12 obstacles, and

one drop zone (see Figure 4.1 for part of the world). Furthermore, we added an autonomous

virtual agent (RescueBot) and a human agent (controlled by the participants) to our world.

We designed an environment in which these two agents had to collaborate during a search

and rescue task. To ensure an inclusive and realistic victim representation, we created the

following eight victim types making up the world’s collection goal: girl, boy, woman, man,

older woman, older man, cat, and dog. In addition, we created three injury types: critical,

mild, and healthy. Injury type was represented by the color of the victims, where red

reflected critically injured, yellow mildly injured, and green healthy victims. Eight of the

26 victims were either mildly or critically injured and had to be delivered at the drop zone,

whereas the other 18 were healthy. We also added three obstacle types in front of area

entrances: boulder, tree, and stone. Finally, we added flooded water to the environment,

which slowed the agents’ speed as they moved through it.

4.3.5 Task
The objective of the task was to find the target victims in the different areas and carry them

to the drop zone. Interdependence relationships between humans and RescueBot were

manipulated, resulting in four conditions characterized by unique dependencies [99]. In

the complete independence condition, the human and RescueBot could execute all actions

independently (i.e., remove all obstacles and rescue all victims). In the complementary

https://matrx-software.com/
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Table 4.1: Overview of the advice and feedback messages provided by RescueBot during the experiment.

Type Content
A1,3 I have detected extreme rain arriving soon and predict it will cause new floods.

I advise you to take shelter in one of the areas ASAP, until the rain is over.

F1,3 My advice was correct, that weather was extreme! If you had (not) taken shelter,

you would (not) have lost time due to injuries and 10 points of our score.

A2 I have detected light rain arriving soon but predict it will cause no floods.

I advise you to continue searching and rescuing victims.

F2 My advice was wrong. The amount of rain was heavy instead of light.

Because of that my flood prediction was incorrect. I am really sorry.

independence condition, RescueBot could only remove obstacles, whereas the human

could only rescue victims. The other two conditions also included joint actions. In the

optional interdependence condition, the human and RescueBot could execute all actions

independently and jointly. However, joint action execution was four times faster than

independent action execution. In the required interdependence condition, all actions had

to be executed jointly. Independently removing obstacles took four seconds for stones,

eight seconds for trees, and 12 seconds for boulders. Independently rescuing victims took

four seconds for mildly injured victims and eight seconds for critically injured victims.

Participants had ten minutes to complete the task (i.e., drop all victims at the drop zone)

and received points for each victim they rescued. Rescuing critically injured victims added

six points to the total score, while rescuing mildly injured victims added three points,

resulting in a maximum possible score of 36 points. Other than points and rescue time, no

other differences existed between mildly and critically injured victims.

During the task, extreme rain hit the MATRX world three times: after two, four, and six

minutes. This rain lasted for ten seconds and if participants did not seek shelter in one of

the areas during the rain, they would lose ten points of their score and their avatar would

freeze until the rain disappeared. The extreme rain merely affected score and time; it did not

affect the victims to be rescued. Before the extreme rain, RescueBot warned the participants

about its severity and correspondingly recommended seeking shelter or continuing with

the search and rescue task. Each message was accompanied by a ping sound and color

highlights to draw attention. After the rain disappeared, RescueBot provided feedback on

whether the advice was correct, and more flooded water was added to the environment.

RescueBot’s first advice was correct. In contrast, RescueBot’s second advice was incorrect,

provoking a trust violation. Therefore, the following feedback message contained a trust

repair message explaining what happened and expressing regret [109]. We included this

element of risk to the task because risk and vulnerability are critical elements of trust [141].

RescueBot’s third recommendation was correct again. Table 4.1 shows all the advice and

feedback messages provided by RescueBot.

4.3.6 Agent Types
We added two agents to the world: an autonomous rule-based virtual agent (RescueBot)

and a human agent controlled by the participants using their keyboards. RescueBot always

moved to the closest unsearched area during the search and rescue task. Furthermore, it
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tracked which areas the team had searched, which victims the team had found and where,

and which victims the team had rescued. RescueBot did not execute any removing or

rescuing actions autonomously. Instead, it asked the participants to decide whether to

remove obstacles or rescue victims independently or jointly, accompanied by a summary

of the explored areas, found victims, and rescued victims (see Figure 4.1). This way,

RescueBot’s behavior was consistent for all interdependence conditions.

Both agents could only carry one victim at a time (either independently or jointly),

detect each other within two grid cells, detect and remove obstacles or pick up victims

within one grid cell, and detect walls and doors from anywhere. Both agents could also

communicate using the chat box shown in Figure 4.1. Using buttons, participants could

share their actions, perceptions, assistance requests, and answers to any questions asked

by RescueBot. RescueBot added the shared information to its memory and adjusted its

behavior correspondingly (e.g., by not moving to the same areas as the participants).

4.3.7 Measures
We used self-reporting and behavior to measure perceived trust in and demonstrated re-

liance on RescueBot [141]. More specifically, we subjectively measured perceived user trust

in RescueBot using the 5-point Likert scale for trust in explainable artificial intelligence

systems [92]. This scale consisted of eight items and measured confidence in and pre-

dictability, reliability, safety, efficiency, wariness, performance, and likeability of RescueBot.

We calculated the mean of these eight items as the final perceived trust score for each of

the three time points separately.

In addition, we objectively logged whether participants followed the advice given by

RescueBot. Based on this data, we calculated the appropriate reliance rate on RescueBot.

Appropriate reliance was defined as appropriate reliance on RescueBot’s correct advice at

T1 and T3 and appropriate non-reliance on RescueBot’s incorrect advice at T2. Accordingly,

we calculated the appropriate reliance rate at each time point by dividing the number of

appropriate (non-)reliance occurrences by the number of received recommendations so far.

This way, the appropriate reliance rate was a cumulative variable.

4.3.8 Procedure
Participants first completed a tutorial to familiarize them with the environment, controls,

and messaging system. Next, participants started the actual experiment. After one minute

and 45 seconds, RescueBot warned the participants about arriving rain and whether to

seek shelter. After two minutes, the rain arrived and lasted for ten seconds. When the

rain disappeared, RescueBot provided feedback on whether its advice was correct. After

two minutes and 20 seconds, the game paused, and participants were asked to fill out

the trust questionnaire for the first time. This cycle of warning, rain, feedback, and trust

questionnaire was repeated two more times with similar intervals, with the other warnings

arriving at three minutes and 45 seconds and five minutes and 45 seconds. The whole study

lasted about 30 minutes and was conducted offline.
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Figure 4.1: Experimenter view of the MATRX world used for our study.



4.4 Results

4

69

4.4 Results
4.4.1 Perceived Trust and Appropriate Reliance
To investigate the effects of interdependence and time on perceived trust in RescueBot

(Figure 6.3A), we conducted both a parametric and nonparametric mixed ANOVA. We

conducted both ANOVAs because the assumption of homogeneity of variances for the

parametric mixed ANOVA was slightly violated at T3. Results of the parametric mixed

ANOVA showed a statistically significant interaction between interdependence and time

on perceived trust (F (6, 152) = 2.83, p < 0.025, 𝜂2𝐺 = 0.042). Results showed that the simple

main effect of interdependence on perceived trust was not significant at any of the time

points. In contrast, results showed that the simple main effect of time on perceived trust was

significant for complete independence (F (2, 38) = 11.1, p < 0.001, 𝜂2𝐺 = 0.18), complementary

independence (F (2, 38) = 9.45, p < 0.005, 𝜂2𝐺 = 0.16), optional interdependence (F (1.38, 26.2)
= 35.6, p < 0.001, 𝜂2𝐺 = 0.37), and required interdependence (F (1.27, 24.2) = 35.4, p < 0.001,

𝜂2𝐺 = 0.50). Pairwise t-test comparisons using a Bonferroni correction revealed significant

differences in trust scores between all time points and for all interdependencies, except

between T1 and T3 for complete independence and complementary independence (Table

4.2 and Table 4.3).
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Figure 4.2: Interaction plots of the effects of interdependence and time on perceived trust (A) and the appropriate

reliance rate (B). Error bars represent the standard errors.

To confirm these results, we ran the nonparametric rank-based mixed ANOVA [151].

Again, results showed a statistically significant interaction between interdependence and

time on perceived trust (F (4.56) = 2.29, p < 0.05, effect size = 0.44). These results also

showed that the simple main effect of interdependence was not significant at any of the

time points. Moreover, the results again showed that the simple main effect of time on

perceived trust was significant for complete independence (𝜒 2
(2) = 13.40, p < 0.0025,

W = 0.36), complementary independence (𝜒 2
(2) = 14.50, p < 0.001, W = 0.34), optional

interdependence (𝜒 2
(2) = 30.30, p < 0.001, W = 0.76), and required interdependence (𝜒 2

(2)
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Table 4.2: Pairwise t-test and Wilcoxon comparisons for the simple main effect of time on perceived trust for each

interdependence condition. Bold values show the non-significant pairwise comparisons.

Condition Time points Δ mean t p W p
Complete T1 vs. T2 -0.67 3.98 < 0.005 129 < 0.01

independence T1 vs. T3 -0.22 1.66 0.34 109 0.39
T2 vs. T3 +0.45 -3.46 < 0.001 21 < 0.01

Complementary T1 vs. T2 -0.56 4.02 < 0.005 172 < 0.01

independence T1 vs. T3 -0.23 1.59 0.38 146 0.39
T2 vs. T3 +0.33 -3.37 < 0.025 23 < 0.05

Optional T1 vs. T2 -1.06 6.50 < 0.001 207 < 0.001

interdependence T1 vs. T3 -0.66 7.10 < 0.001 208 < 0.001

T2 vs. T3 +0.40 -3.53 < 0.01 16 < 0.01

Required T1 vs. T2 -1.13 6.35 < 0.001 210 < 0.001

interdependence T1 vs. T3 -0.41 4.71 < 0.001 150 < 0.01

T2 vs. T3 +0.72 -5.65 < 0.001 0 < 0.001

Table 4.3: Descriptive statistics for each combination of time and interdependence condition. M refers to the

mean, MR to the mean rank, SD to the standard deviation, and AR% to the appropriate reliance rate.

Condition Time M (SD) trust MR (SD) trust M (SD) AR% MR (SD) AR%
Complete T1 3.91 (0.50) 153.43 (61.72) 0.65 (0.49) 136.08 (85.88)

independence T2 3.24 (0.68) 82.23 (66.69) 0.53 (0.38) 103.68 (68.37)

T3 3.69 (0.63) 128.00 (70.54) 0.62 (0.31) 121.80 (60.06)

Complementary T1 3.87 (0.44) 147.40 (55.40) 0.80 (0.41) 162.40 (72.02)

independence T2 3.31 (0.53) 85.05 (51.26) 0.53 (0.34) 101.35 (62.34)

T3 3.64 (0.62) 122.95 (66.19) 0.62 (0.27) 120.10 (55.08)

Optional T1 4.19 (0.60) 178.25 (64.27) 0.65 (0.49) 136.08 (85.88)

interdependence T2 3.13 (0.61) 70.58 (55.53) 0.45 (0.32) 87.03 (55.14)

T3 3.53 (0.55) 110.93 (59.77) 0.58 (0.26) 112.88 (53.85)

Required T1 4.14 (0.47) 177.78 (54.32) 0.80 (0.41) 162.40 (72.02)

interdependence T2 3.01 (0.62) 60.60 (58.84) 0.45 (0.22) 82.38 (35.88)

T3 3.73 (0.30) 128.83 (39.17) 0.62 (0.17) 119.85 (37.21)
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= 35.7, p < 0.001,W = 0.89). Finally, pairwise Wilcoxon comparisons using a Bonferroni

correction also revealed significant differences in trust scores between all time points

and for all interdependencies, except between T1 and T3 for complete independence and

complementary independence (Table 4.2 and Table 4.3).

To investigate the effects of interdependence and time on the appropriate reliance rate

(Figure 6.3B), we conducted the nonparametric mixed ANOVA because of not normally

distributed data. Results showed a significant main effect of time on the appropriate reliance

rate (F (1.35) = 48.06, p < 0.001, effect size = 1.10). Pairwise Wilcoxon comparisons using a

Bonferroni correction revealed significant differences between the appropriate reliance

rates at T1 and T2 (p < 0.001) and T2 and T3 (p < 0.001).

4.4.2 Effects of Interdependence on Reliance and Injuries
Next, we investigated if the interaction between interdependence and time on perceived

trust (Figure 6.3A) could be explained by differences between interdependence conditions

in the number of injuries or how much they relied on RescueBot. Here, the underlying

assumptions were that more reliance could result in more trust [141], and more injuries (and

thus lost points) in less trust. However, the already reported nonparametric mixed ANOVA

only showed a significant main effect of time on the appropriate reliance rate. Results of

another nonparametric mixed ANOVA also showed a non-significant interaction effect of

interdependence and time on the general reliance rate (F (3.95) = 0.83, p = 0.51, effect size

= 0.26), and non-significant main effect of interdependence on the general reliance rate

(F (2.96) = 1.77, p = 0.15, effect size = 0.26). Finally, results showed that all interdependence

conditions were homogeneous concerning how often they were injured by the rain (𝜒 2

(3) = 0.21, p = 0.98), also at T1 (𝜒 2
(3) = 2.26, p = 0.52), T2 (𝜒 2

(3) = 4.80, p = 0.19), and T3

separately (𝜒 2
(3) = 2.35, p = 0.50).

4.4.3 Accuracy of the Trust Calibration Process
Finally, for each interdependence condition, we compared the trust calibration process

over time with RescueBot’s actual trustworthiness over time, expressed in terms of its

advice accuracy [49, 141]. More specifically, RescueBot’s advice accuracy was 100% at

T1, 50% at T2, and 67% at T3. For each interdependence condition, we ran a Spearman’s

rank-order correlation to assess the relationship between perceived trust in RescueBot and

advice accuracy of RescueBot. Results showed a statistically significant positive correlation

between perceived trust and advice accuracy for complete independence (𝜌 = 0.42, p <

0.001), complementary independence (𝜌 = 0.40, p < 0.005), optional interdependence (𝜌 =

0.60, p < 0.001), and required interdependence (𝜌 = 0.69, p < 0.001).

4.5 Discussion and Conclusion
4.5.1 Discussion
Our results show that interdependence relationships during human-machine teamwork

influence human-machine trust calibration over time (Figure 6.3A). Across all interde-

pendence relationships, we observe significant post-violation trust decreases compared

to pre-violated trust (T2 vs. T1) and significant post-recovery trust repairs compared to

post-violated trust (T3 vs. T2). However, only in the teams with joint actions (optional and
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required interdependence) we observe a significant post-recovery trust decrease compared

to pre-violated trust (T3 vs. T1). In other words, human-machine trust does not recover

to its initial pre-violated value only in the teams with joint actions (Section 4.4.1). Since

we do not find evidence for an influence of interdependence on reliance or the number of

injuries (Section 4.4.2), this finding can more likely be attributed to the direct influence of

interdependence relationships on human-machine trust calibration.

The results further indicate that the correlation between perceived trust in RescueBot

and RescueBot’s advice accuracy is significant for all interdependence relationships but

strongest for the teams with joint actions (Section 4.4.3). This finding supports Johnson and

Bradshaw’s claim [97] that interdependence facilitates accurate trust calibration. However,

it also extends the claim by showing that stronger interdependence relationships with joint

actions facilitate more accurate trust calibration aligning with RescueBot’s trustworthiness.

This might explain why human-machine trust does not recover to its initial pre-violated

value in the teams with joint actions.

We believe that the perceived risk associated with relying on machines [138] increases

with the strength of the interdependence relationship, and therefore, more trust is necessary

for human-machine teams with joint actions. Prior research has shown that under such

conditions of increased trust necessity, over-trust can be promising for trust calibration

[42, 141]. Therefore, we speculate that over-reliance on the incorrect advice at T2 resulted

in a more accurate trust calibration in the teams with higher trust necessity caused by

joint actions. This might also explain why the stronger interdependence relationships

with joint actions facilitate more accurate trust calibration aligning with RescueBot’s

trustworthiness. However, follow-up research is required to support these hypothesized

relationships between interdependence, risk, (over-)reliance, and trust (necessity).

Finally, we did not find evidence of an effect of interdependence on the calibration

of appropriate human-machine reliance. However, timing was an important distinction

between perceived trust and the appropriate reliance rate, as perceived trust was recorded

after the consequences of reliance behavior. Therefore, it made little sense to compare

the calibration of appropriate reliance with RescueBot’s actual trustworthiness over time,

as participants could not make an informed estimate of its accuracy at T1. All in all, our

results highlight that interdependence relationships are crucial to consider carefully in

human-machine teams as they can influence perceived human-machine trust calibration.

4.5.2 Limitations and Future Work
We identify a few limitations of our study. First, we only used three time points to reflect

human-machine trust calibration over time, which is a simplified representation. Even

though this representation aided in capturing some critical aspects of the calibration

process, the limited temporal scope probably did not capture all nuanced aspects of trust

calibration over time. Therefore, future research could increase the temporal scope of the

study, facilitating a more detailed investigation of the trust calibration process.

Furthermore, we used four distinctive interdependence relationships for our inter-

dependence conditions. Again, this is a simplified representation of human-machine

collaboration, which is often characterized by a mix of all four relationships [99, 230].

However, using these four distinctive relationships allowed us to examine their unique

influence on trust calibration. Even though human-machine teamwork often involves a
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mix of all interdependencies, our results still provide developers with crucial insights. For

example, how violated trust does not recover to its initial value for teams engaged in joint

actions and that these teams demonstrate a more accurate trust calibration.

We identify several directions for futurework. For example, investigating the interaction

between interdependence and trust repair strategy on trust calibration. We speculate that

specific repair strategies work better for certain interdependencies, such as promises for

relationships with joint actions and explanations for independent collaboration. Future

work could test these hypotheses by extending our research environment with different

trust repair strategies [66, 121, 185]. These results could provide valuable insights allowing

machines to adapt their trust repair strategies based on interdependence.

Another suggestion for future work is studying the interaction between interdepen-

dence and violation severity on trust calibration. We speculate that more severe violations

will result in higher trust decreases for teams engaged in joint actions. Future work could

test these hypotheses by extending our research environment to include trust violations

of different severity levels, such as machine failure during action execution and incorrect

machine advice. These results could provide valuable insights for developing machines

adapting to interdependence relationships to address trust calibration challenges.

4.5.3 Conclusion
This chapter answers the third research sub-question of the thesis: How do interdependencies
during human-agent teaming influence the human-agent trust calibration process? Our study
shows that interdependence relationships during human-machine teamwork influence

human-machine trust calibration over time. During a simulated search and rescue task

with a machine-induced trust violation, only in teams with joint actions does perceived

trust in the machine not recover to its initial pre-violated value. However, our findings

show that the correlation between perceived human-machine trust and machine trustwor-

thiness is strongest in these teams with joint actions. This suggests that these stronger

interdependence relationships during human-machine teamwork facilitate more accurate

human-machine trust calibration. Overall, our study presents some first evidence that in-

terdependence relationships during human-machine teamwork influence human-machine

trust calibration over time. Therefore, it is crucial to consider these relationships carefully

during human-machine trust calibration and to conduct follow-up research on adapting

trust repair strategies to interdependence.
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5
Meaningful Human Control

and Variable Autonomy in
Human-Robot Teams for

Firefighting

Humans and robots are increasingly collaborating on complex tasks such as firefighting. As
robots are becoming more autonomous, collaboration in human-robot teams should be com-
bined with meaningful human control. Variable autonomy approaches can ensure meaningful
human control over robots by satisfying accountability, responsibility, and transparency. To
verify whether variable autonomy approaches truly ensure meaningful human control, the con-
cept should be operationalized to allow its measurement. So far, designers of variable autonomy
approaches lack metrics to systematically address meaningful human control. Therefore, this
qualitative focus group (n = 5 experts) explored quantitative operationalizations of meaningful
human control during dynamic task allocation using variable autonomy in human-robot
teams for firefighting. This variable autonomy approach requires dynamic allocation of moral
decisions to humans and non-moral decisions to robots, using robot identification of moral
sensitivity. We analyzed the data of the focus group using reflexive thematic analysis. Results
highlight the usefulness of quantifying the traceability requirement of meaningful human
control, and how situation awareness and performance can be used to objectively measure
aspects of the traceability requirement. Moreover, results emphasize that team and robot
outcomes can be used to verify meaningful human control but that identifying reasons under-
lying these outcomes determines the level of meaningful human control. Based on our results,
we propose an evaluation method that can verify if dynamic task allocation using variable
autonomy in human-robot teams for firefighting ensures meaningful human control over the
robot. This method involves subjectively and objectively quantifying traceability using human
responses during and after simulations of the collaboration. In addition, the method involves

� Ruben S. Verhagen, Mark A. Neerincx, and Myrthe L. Tielman. Meaningful human control and variable

autonomy in human-robot teams for firefighting. Frontiers in Robotics and AI 11 (2024).
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semi-structured interviews after the simulation to identify reasons underlying outcomes and
suggestions to improve the variable autonomy approach.

5.1 Introduction
Humans and robots are increasingly working together in human-robot teams on complex

tasks ranging from medical surgery to firefighting. For example, the fire department of

Rotterdam in the Netherlands is already using explore and extinguish robots for situations

too dangerous for firefighters. Several factors determine the success of these human-robot

teams, such as situation awareness, mutual trust, and common ground [107, 175]. The

ultimate goal of human-robot teams is harnessing the combination of strengths of both

humans and robots, to accomplish what neither can do alone [3]. Such an integration of

robots that augment rather than replace humans requires robots to dynamically vary their

level of autonomy to collaborate with humans efficiently.

Rapid developments in the field of robotics and artificial intelligence allow robots to

become increasingly autonomous and perform tasks without much human intervention

and control [179]. However, since robots do not have a legal position, humans should be

held accountable in case robot behavior does not comply with moral or ethical guidelines

[214]. Therefore, higher levels of robot autonomy should be combined with meaningful

human control and human moral responsibility [178, 179]. The concept of meaningful

human control is based on the assumption that human persons and institutions should

ultimately remain in control of, and thusmorally responsible for, the behaviour of intelligent

autonomous systems like robots [179]. Meaningful human control originated from the

discussion on autonomous weapon systems but its relevance quickly expanded to intelligent

(semi)autonomous systems in general.

One of the first works on meaningful human control was a philosophical account

towards two necessary conditions: the tracking and tracing conditions. In short, the tracing

condition implies that “a system’s behaviour, capabilities, and possible effects should be

traceable to a proper moral and technical understanding of at least one relevant human

agent who designs or interacts with the system” [30, 179]. On the other hand, the tracking

condition implies that a system should be responsive to the human moral reasons relevant

to specific circumstances [179]. Designing for meaningful human control means designing

for human moral responsibility and ensuring humans are aware and equipped to act upon

their moral responsibility. By doing so, responsibility gaps in culpability, moral and public

accountability, and active responsibility can be avoided [30, 57, 178, 225]. Several solutions

for addressing meaningful human control in human-robot teams have been proposed, such

as team design patterns [217], value sensitive design [75], machine ethics [6], and variable

autonomy [144].

Variable autonomy refers to the ability to dynamically adjust the levels of autonomy

of a system, for example by switching the level of autonomy from full robot autonomy

to complete human operator control [36]. Variable autonomy is often used to describe

human-robot teams in which the level of robot autonomy varies depending on the context.

One of the main goals of variable autonomy approaches is to maximise human control with-

out burdening the human operator with an unmanageable amount of detailed operational

decisions [37, 247]. For example, in human-robot teams for firefighting variable autonomy

can be used to dynamically allocate moral decision-making to humans and non-moral
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decision-making to robots. It is argued that robots with variable autonomy can ensure

meaningful human control over these robots by satisfying accountability, responsibility,

and transparency [144]. However, testing whether variable autonomy approaches truly

ensure meaningful human control is crucial before actually adopting them. Unfortunately,

designers of variable autonomy approaches lack metrics needed for systematically address-

ing meaningful human control [27, 57]. On the other hand, meaningful human control is

already increasingly being imposed as a requirement for variable autonomy approaches.

Imposing meaningful human control as a requirement and verifying if variable au-

tonomy approaches indeed fulfill this requirement means we must be able to measure

meaningful human control [214]. Therefore, turning the abstract concept of meaningful

human control into measurable observations (i.e., operationalize) is required. So far, only a

few approaches for operationalizing meaningful human control exist [25, 214]. Therefore,

this qualitative study explores different approaches to measure meaningful human control

during dynamic task allocation using variable autonomy in human-robot teams for firefight-

ing, aimed at creating an evaluation method. We will first discuss the context and variable

autonomy approach in more detail, as well as existing operationalizations of meaningful

human control (Section 5.2). Next, we will discuss how we conducted our study (Section

5.3), followed by the results (Section 5.4). Finally, we will present a discussion, propose an

evaluation method of meaningful human control, and conclude our work (Section 5.5).

5.2 Background
5.2.1 Moral decisions in human-robot teams for firefighting
Explore and extinguish robots are increasingly collaborating with firefighters to detect

victims and extinguish fires in properties too dangerous for firefighters, for example because

the structural condition is unsafe. Currently, firefighting robots are mostly teleoperated by

firefighters, allowing an otherwise impossible offensive inside deployment aimed at fighting

the fire and rescuing people. These firefighting robots are equipped with several cameras

(thermal imaging, RGB, pinhole), sensors (LIDAR, temperature, explosion danger), and

capabilities (water shield protection, fire hose), enabling navigation, localization, detection,

protection, mapping, and extinguishing. The information provided by the robot’s sensors is

crucial for firefighters to make decisions about localizing the fire source, rescuing victims,

switching deployment tactic, extinguishing or evacuating, and sending in firefighters to

help. The collaboration between firefighters and their firefighting robot demonstrates how

human-robot teams can harness the combination of strengths of both parties, to accomplish

what neither could do alone.

Although these teleoperated firefighting robots are already of great use, there is a

strong preference within the field of rescue robotics for (semi)autonomous robot behavior

to reduce the workload of the operator [52]. The potential of artificial intelligence provides

great opportunities for making these robots more autonomous, and some progress has

already been made [74, 112, 113]. It is considered important, however, to actively keep a

human involved in the collaboration to guide the robot’s behavior during the mission [52].

Variable autonomy will be crucial to effectively implement this collaboration between a

human operator and increasingly autonomous firefighting robot because it can increase

human control while decreasing the workload of the human operator [37, 247].
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This increase in robot autonomy raises important challenges such as how to design for

meaningful human control in these human-robot teams. Designing for meaningful human

control is crucial in human-robot teams for firefighting because the scenario involves

morally sensitive situations (i.e., situations in which something one might do or is doing

can affect the welfare, rights, and values of someone else either directly or indirectly [162]).

These morally sensitive situations can involve deciding to preserve the safety of firefighters

if that means the life of victims cannot be rescued. If the robot would autonomously make

an incorrect moral decision in such situations, consequences could be the loss of lives and

responsibility gaps [178]. Therefore, especially when human-robot teams are tasked with

making moral decisions, meaningful human control is crucial to ensure humans can be

held accountable for robot behavior [214].

Team designs patterns have been applied to describe the allocation of tasks for moral

decision-making in human-robot teams [213, 219]. These patterns can express forms

of collaboration with various team properties by task-independently describing (1) how

humans and robots collaborate and communicate; (2) the requirements needed to do so;

and (3) advantages and disadvantages when being applied [217, 218]. Various team design

patterns have been constructed to address moral decision-making in human-robot teams,

often manipulating the level of human and robotic moral agency. For example, supported

moral decision-making requires human moral supervision over a robot and taking over

when perceiving the need for moral decisions. The robot should then support the human

during moral decision-making by explaining the moral context. Another example is

fully autonomous moral decision-making. In this collaboration design, human values are

implemented in the robot, allowing it to autonomously make moral decisions. If these

artificial agents would make moral decisions violating ethical guidelines and moral values,

the tracking and tracing conditions should allow the identification of responsible humans

to hold accountable [179]. However, we are not convinced that fully autonomous artificial

moral agents are feasible and desirable during collaboration with humans. Instead, we

believe that variable autonomy can be used to dynamically allocate all moral decisions to

humans and non-moral decisions to robots.

5.2.2 Dynamic task allocation using variable autonomy
In robots with variable autonomy, humans can take control over certain (or all) elements

of robot behavior [144]. A common distinction in human oversight and control over

robots with variable autonomy involves three levels: having humans-in-the-loop, humans-

off-the-loop, or humans-on-the-loop [46, 144]. Maintaining humans-in-the-loop requires

informed human approval for all elements of robot behavior, for example during complete

tele-operation of firefighting robots. In contrast, allowing humans-off-the-loop refers to

fully autonomous robots without human operator involvement, for example firefighting

robots that autonomously explore burning buildings and make moral decisions. Finally,

having humans-on-the-loop assumes a supervisory human role tasked with monitoring

and influencing robot behavior when necessary, for example when firefighters overrule the

trajectory of firefighting robots or intervene when perceiving the need for moral decisions.

Another example of having humans-on-the-loop during moral decision-making in

human-robot teams for firefighting is dynamic task allocation using variable autonomy

(Table 5.1). In this variable autonomy approach, human moral values are elicited and
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implemented in the robot, allowing robot identification of morally sensitive situations. Elic-

iting human values for implementing artificial moral agents is a complex and multifaceted

process, and there is a lot of discussion on its need and feasibility. Nevertheless, there are

several approaches for value elicitation, each with its own strengths and weaknesses. For

example, a rule-based elicitation questionnaire can be used where participant responses

directly influence an autonomous agent’s behavior through predefined rules [214]. Another

example is using advanced machine learning and natural language processing techniques

to infer and reason about human moral values [96, 127]. For dynamic allocation of moral

decisions during firefighting, a questionnaire and crowdsourcing approach could be suitable

to identify and use moral features as predictors of moral sensitivity (e.g., the number of

victims, fire duration, and risk of building collapse).

After this value elicitation process, the firefighting robot should autonomously perform

its explore and extinguish tasks while being morally supervised by the human operator who

retains the power to override the robot’s behaviour [2, 213]. Using variable autonomy, the

robot identifies morally sensitive situations and allocates moral decision-making in these

situations to the human operator, while making all non-moral decisions itself. This way,

the variable autonomy approach ensures that humans can be held accountable for moral

decisions and robot behavior, while the robot can decrease the workload of firefighters by

preventing them from exercising control unnecessary often.

Variable autonomy approaches vary in terms of which aspects of autonomy are ad-

justed, by whom, how, why, and when [19, 29, 144]. The variable autonomy approach

in Table 5.1 adjusts robot decision-making, and these adjustments are executed by either

the human operator or robot (i.e., a mixed-initiative approach). The robot is primarily

responsible for autonomy adjustments when it identifies situations as morally sensitive

and requiring human moral decision-making. In contrast, the human is responsible for

autonomy adjustments when during moral supervision he/she intervenes when the robot

attempts to make moral decisions because it incorrectly identified moral sensitivity. Dur-

ing dynamic task allocation using variable autonomy, the autonomy level is adjusted in

a discrete way from (semi-)autonomous robot decision-making in not morally sensitive

situations to manual human decision-making in morally sensitive situations. The reasons

for adjusting autonomy to complete human control in morally sensitive situations are

pre-emptive to ensure meaningful human control. Finally, autonomy adjustments are

executed during active operation of the robot in real firefighting scenarios by responding

to changes in the moral sensitivity of situations.

For variable autonomy approaches to be effective, it is important to explicitly define

which entities (human, robot, or both) are capable and responsible for which tasks [144].

Using team design patterns to describe the variable autonomy approach provides such

a definition of roles and responsibilities and determines who transfers control of what,

when and why it is needed, and to whom. To ensure adequate fulfillment of defined

roles and responsibilities, there must be an appropriate means for information exchange

allowing the states of the robot and environment to be understood. Moreover, this means of

information exchange should achieve situation awareness and appropriate trust calibration

without overloading the human operator’s cognitive abilities [60, 118, 144]. Therefore,

robot explanations are crucial during dynamic task allocation using variable autonomy in

human-robot teams for firefighting. More specifically, the robot should involve and support
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the human operator by explaining the moral context and its non-moral and allocation

decisions. It is crucial that these robot explanations do not (1) bias the human operator

in its decision-making; (2) reduce situation awareness by information overload; or (3)

cause misuse or disuse by information underload [118, 214]. However, without these

robot explanations the human operator will not be able to exercise control in a timely and

accurate manner [214].

The explanations of the robot are especially important when it classifies situations as

not morally sensitive and allocates decision-making to itself. We suggest that the responses

of the human operator when the robot allocates decision-making to itself can be can be

classified using signal detection theory [57, 245]. More specifically, this classification

considers the presence or absence of human reallocation interventions, robot classification

of situations asmorally sensitive or not, and the true nature of situations asmorally sensitive

or not. For example, hits refer to human reallocation interventions when the robot classifies

morally sensitive situations as not morally sensitive. In contrast, misses refer to no human

interventions when the robot classifies morally sensitive situations as not morally sensitive.

On the other hand, false alarms refer to human reallocation interventions when the robot

classifies not morally sensitive situations as not morally sensitive. Finally, correct rejections

refer to no human interventions when the robot classifies not morally sensitive situations

as not morally sensitive. From a meaningful human control perspective, one could argue

that hits and misses are crucial to ensure human moral decision-making, whereas false

alarms and correct rejections are less problematic. Classifying human operator responses

using signal detection theory provides quantitative measures that can be applied to verify

if the variable autonomy approach truly ensures meaningful human control.

5.2.3 Existing operationalizations of meaningful human con-
trol

Imposing meaningful human control as a requirement and verifying if variable autonomy

approaches indeed fulfill this requirement calls for methods to measure meaningful human

control. So far, only few operationalizations of meaningful human control have been

proposed. One of them introduced three measurable dimensions of meaningful human

control: (1) Experienced meaningful human control and behavioral compliance with (2)

ethical guidelines and (3) moral values [214]. The authors argue that humans experience

meaningful human control, which can be measured subjectively. Moreover, they argue

that the behavioral compliance with moral values and ethical guidelines provides evidence

for meaningful human control. In their work, they measure experienced control with a

semi-structured interview using eight five-point Likert scale statements on concepts like

time pressure, responsibility, and decision-making comfort and quality.

Another operationalization are the four necessary properties for human-robot teams

to be under meaningful human control [30]. The first property requires an explicitly

specified moral operational design domain where the robot should adhere to. This involves

norms and values to be considered and respected during design and operation. Here, it is

important that the robot embeds concrete solutions to constrain actions of the team within

the boundaries of the moral operational design domain. Moreover, it is crucial that humans

are aware of their responsibilities to make conscious decisions if andwhen the team deviates

from the boundaries of the moral operational design domain. The second property requires
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humans and robots to have appropriate and mutually compatible representations of each

other and the team, to decide which actions to take and perform. These representations

should include reasons, tasks, desired outcomes, role distributions, preferences, capabilities,

and limitations. Building these mental models of both team members can be achieved

by for example communication and explanations. The third property requires relevant

human agents to have the ability and authority to control the robot, so that they can act

upon their moral responsibility. This means humans should be able to change the robot’s

goals and behavior to track reasons, as well as intervene and correct robot behavior. Here,

it is important to clearly and consistently define role distributions, task allocations, and

control authority. Again, team design patterns are particularly useful for describing and

communicating such design choices. Finally, the fourth property requires the actions

of the robot to be explicitly linked to actions of humans who are aware of their moral

responsibility. This means the human-robot team should simplify and aid achieving human

moral awareness, for example using explanations of the robot’s actions.

In contrast to operationalizing the whole concept of meaningful human control, other

studies operationalized only its tracing condition. For example, the cascade evaluation

approach subjectively quantifies traceability [25, 26, 48]. This approach is centered around

four aspects: (1) The exertion of operational control; (2) the involvement of a human agent;

(3) the ability of a human agent to understand and interact with a robot; and (4) the ability

of a human agent to understand their moral responsibility over a robot. For each aspect,

involved human agents (e.g., operator or designer) are given a score along a six-point Likert

scale, reflecting the degree of that aspect for the human agent. However, each aspect is

considered as part of overall traceability, and therefore the scores from the previous and

current aspects are compared to determine critical scores. This way, the critical scores

for aspects 2, 3, and 4 are all influenced by the aspects that preceded them. Ultimately,

the critical score of aspect 4 reflects the final traceability score. This operationalization of

traceability is suitable for both a-priori and a-posteriori evaluation of robots and/or variable

autonomy approaches. For example, the authors apply the cascade approach by presuming

the situation of an inattentive driver struggling with the ability to retake control of an

automated vehicle. However, the approach can also be applied to a-posteriori evaluate a

variable autonomy approach by involved human agents or a third party.

The tracking condition of meaningful human control has been operationalized as

reason-responsiveness (i.e., robots being responsive to human reasons to act) [139]. Here,

the main idea is that the humans whose reasons are being tracked have the kind of control

over robots that make them morally responsible for the actions of robots. A proximity

scale has been introduced to identify and order human reasons according to proximity and

complexity with respect to how closely they influence robot behavior [139]. In decreasing

order of proximity and complexity, a distinction is made between the reasons values, norms,

plans, and intentions. The authors argue that more proximal reasons (e.g., the intention to

reallocate decision-making) are often closer in time to robot behavior and also simpler than

more distal reasons (e.g., the plan to rescue all victims). However, this operationalization of

tracking as reason-responsiveness has been questioned by demonstrating it is ambiguous

in distinguishing between motivating and normative reasons [225]. More specifically, it

is argued that tracking is operationalized in terms of motivating reasons (mental states)

instead of normative reasons (facts), while the idea of responsibility attribution is derived
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from normative reason-responsiveness. Furthermore, this work shows that tracking cannot

play an important role in responsibility attribution because normative reasons are agent-

neutral (i.e., a fact for agent A is also a fact for agent B). Therefore, the author proposes

that the tracing condition should be the sole determinant of responsibility, and that the

humans to which robot actions can be traced back are the humans in control of and

responsible for robot outcomes. Consequently, one could argue that verifying if dynamic

task allocation using variable autonomy indeed ensures meaningful human control only

requires measuring traceability.

These discussed operationalizations of meaningful human control demonstrate that

only a few properties are actually transformed into quantifiable measures, while most

properties still remain hard to quantify. Furthermore, the quantitative measures are all

subjective such as experienced control [214] or the subjective traceability score [25, 26, 48].

To impose meaningful human control as a requirement and verify if variable autonomy

approaches fulfill this requirement, more quantitative operationalizations and objective

measures are appreciated.

5.3 Method
5.3.1 Overview
To explore quantitative operationalizations of meaningful human control during dynamic

task allocation in human-robot teams for firefighting, we conducted an online qualitative

focus group. During the study, we presented several statements about and inspired by the

operationalizations discussed in Section 5.2. In summary, we presented the following six

statements: (1) Operationalizing the tracing condition can only be done using subjective

measures; (2) the cascade approach evaluates all tracing aspects; (3) thresholding the final

score of the cascade approach to determine sufficient tracing would be a good idea; (4)

misses resulting from operator unawareness of moral sensitivity indicate the robot is not

under meaningful human control; (5) misses when the operator is overloaded but aware of

moral sensitivity indicate the robot is still under meaningful human control; and (6) the hit

rate is an important property for the robot to be under meaningful human control, while

the true discovery rate is not. All statements were formulated somewhat provocatively

in an attempt to elicit strong responses. We invited experts in the field and asked them

to respond to our statements while engaging in a discussion with each other. Data was

collected from one focus group study with the experts and analyzed using reflexive thematic

analysis [21].

5.3.2 Data collection
Since the topic of operationalizing meaningful human control is complex and involves

technical terminology and concepts not easily understood by laymen (e.g., the tracking

and tracing conditions), we recruited five experts in the field of meaningful human control.

To capture and represent the multifaceted nature of the topic, we recruited experts with

various backgrounds such as engineering (1), law (1), human factors (1), and computer

science (2). All participants published articles on meaningful human control and four of

them specifically on operationalizing meaningful human control. Therefore, we believed

the recruitment of these experts to facilitate the in-depth discussions and critical analyses
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required to generate concrete ideas on operationalizing meaningful human control during

dynamic task allocation. We informed the expert participants that we would present

statements on operationalizations of meaningful human control during dynamic task

allocation using variable autonomy in human-robot teams for firefighting. Moreover, we

asked them to respond to our statements while engaging in a discussion with each other.

The first three statements corresponded to quantitative operationalization of the tracing

condition, whereas the last three centered around objectively quantifying meaningful

human control based on team and robot outcomes. All participants signed an informed

consent form before participating in the study, which was approved by the ethics committee

of our institution (ID 2477). The online focus group lasted around one and a half hours

and was automatically transcribed using Microsoft Teams. Afterwards, this transcript was

checked and improved using a video recording of the study, which was destroyed after this

data processing step.

5.3.3 Data analysis
Data was analyzed using reflexive thematic analysis [21], a method for producing a co-

herent interpretation of the data, grounded in the data. This approach is centered around

the researcher’s role in knowledge production and subjectivity rather than achieving con-

sensus between coders. Reflexive thematic analysis involves familiarization with the data,

generating codes, constructing themes, revising and defining themes, and producing the

report of the analysis. We outline the process for the first five phases below, the last phase

is reported as Section 5.4. We first familiarized ourselves with the data by fine-tuning the

transcription of the focus group using the video recording. Next, we read the full transcript

in detail to double check for potential mistakes during the transcription process. During

this step we already highlighted and took notes of potentially interesting text excerpts.

We systematically coded the transcript by searching for instances of talk that produced

snippets of meaning relevant to the topic of operationalizing meaningful human control.

These instances were coded using comments in Microsoft Word, highlighting the relevant

text excerpt for each code. The coding of thematic analysis can be either an inductive

approach, deductive approach, or combination of the two. This decision depends on the

extent to which the analysis is driven by the content of the data, and the extent to which

theoretical perspectives drive the analysis. Coding can also be semantic, where codes

capture explicit meaning close to participant language, or latent, where codes focus on a

deeper, more implicit or conceptual level of meaning. We used a deductive coding approach

driven by prior literature and existing operationalizations, as well as operationalization

ideas that we formulated. Semantic codes capturing explicit meaning close to participant

language were noted, such as “challenges the use of thresholds”.

During the construction, revision, and definition of our themes, we first sorted our

codes into topic areas using bullet-point lists. Next, we used visual mapping (using Miro)

and continuous engagement with the data to further construct, revise, and define our

themes. These candidate themes were grouped into one overarching theme of quantitative

operationalization of meaningful human control, which encompassed ten themes and eight

sub-themes. The process of revising and defining themes again involved visual mapping

and continuous engagement with the data, mainly to check for relationships between

themes. For example, we checked whether initial themes should be sub-themes of other
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themes, or whether sub-themes could be promoted to themes. Finally, this resulted in our

full thematic map of six themes and eleven sub-themes. We grouped these themes and

sub-themes into the overarching theme “quantitative operationalization of meaningful

human control during dynamic task allocation using variable autonomy in human-robot

teams for firefighting”.

5.4 Results
Our analysis revealed that the following six themes are underlying the main overarching

theme: (1) The cascade approach as valuable tool for quantifying traceability; (2) meaningful

human control as a spectrum rather than binary; (3) team and system outcomes as proxies

for meaningful human control; (4) context and assumptions as crucial factors to study,

define, and evaluate meaningful human control; (5) system design(er) as output and reason

for meaningful human control; and (6) operationalizing meaningful human control does not

imply quantification. Belowwewill discuss these six themes in detail. The full thematic map

can be seen in Figure 5.1. Some themes consist of several sub-themes and were constructed

based on extensive discussions clearly highlighting their importance (such as the theme

described in section 5.4.3). On the other hand, some themes do not consist of any sub-

themes and were constructed based on briefer discussions that still highlighted significant

relevance to be main themes (such as the theme described in section 5.4.2). Although these

themes are described in less detail, this does not mean they are less important.

5.4.1 The cascade approach toqantify traceability
The first main theme that we identified was “the cascade approach as valuable tool for

quantifying traceability”. Most participants viewed the cascade approach as a valuable

tool to quantify traceability during dynamic task allocation using variable autonomy. One

participant considered the approach “as a first step to see how one could start to evaluate

something which in itself is not quantifiable". Most participants also shared how the

approach is not perfect or the only method, but at the same time none of the experts were

aware of (better) alternatives for quantitative evaluation of the tracing condition. Another

expert explained how the cascade approach can also be used: “The cascade approach can

give an indication, but then there should still be a human who can evaluate if the tracing

condition is met based on the indication that the method gives.”

One sub-theme that we identified within this theme was “context as determining the

application and evaluation of the cascade approach”. Some participants mentioned that the

cascade evaluation approach misses some tracing aspects. Along those lines, most experts

shared how context and level of abstraction are important for determining how to apply

the approach and whether the approach evaluates all tracing aspects. For example, one

expert explained: “I do think the cascade approach misses something, but I believe that

if you make it more context specific you stand a chance at capturing the key aspects of

tracing.”

Another sub-theme that we identified was “assumptions and awareness as enabling

objective measures of operator understanding”. One expert speculated how the traceability

aspect operator understanding of the robot can also be measured objectively, but that this

requires assumptions about specific scenarios. This participant further mentioned the
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use of situation awareness and operational tests for measuring operator understanding

objectively: “Let us assume a certain scenario for the operator. You could then test the

operator to see if the operator is aware of what the robot might do in a certain circumstance.

You can then let the robot perform the task and you can check to see if that is actually met.

It is very hard to generalize this, but you can do this for very specific situations and then

also objectively measure understanding in those specific situations.”

We also identified the sub-theme “examine all critical scores rather than just the final

critical score”. This sub-theme is related to comparing the four traceability aspects of the

cascade approach to determine critical scores, as discussed in Section 5.2.3. One of the

experts explained: “If you accumulate the individual critical scores into one final score

then you are removing information. So, it depends on the purpose of the tracing score, but

I would be more interested in the individual scores that are composing the final score.” All

the other participants agreed with this point. Another expert mentioned how considering

both individual scores and final score can be relevant for comparing different robots, and

that the individual scores can provide more information about which robot is easier to

correct in order to improve traceability.

The final sub-theme that we constructed was “strive for the highest tracing score

rather than a minimum value”. When discussing the use of a threshold to define when

the final critical score reflects sufficient fulfillment of the tracing condition, all experts

articulated how the goal should be to get the highest possible final score rather than a

minimum value reflecting sufficient traceability. Furthermore, they mentioned how the

critical scores are subjective and therefore it is inaccurate, not possible, and not necessary

to set a threshold defining sufficient traceability. Finally, one expert explained how the

scores of the cascade evaluation approach are more useful to inform rather than automate:

“I would even challenge the very notion of thresholding because it reflects the kind of

intrinsic desire to quantify everything. It does feel like this subjective cascade approach

might actually inform decision-making without automating it because a threshold is a way

of automating the decision.”

5.4.2 Meaningful human control as a spectrum
The second theme that we identified is closely linked to the previously discussed sub-theme.

We called this theme “meaningful human control as a spectrum rather than binary”. Two

participants explicitly mentioned that the evaluation of the presence of meaningful human

control is more nuanced than saying yes or no and should be considered as a spectrum

instead: “Meaningful human control itself as well as its different conditions is never black

and white, is not binary, it is a spectrum basically. So there is an extent of meaningful

human control, but it is never that there is full meaningful human control or there is zero.”

The other experts all seemed to agree with this viewpoint.

5.4.3 Outcomes as proxies for meaningful human control
The third main theme that we constructed was “team and system outcomes as proxies for

meaningful human control”. We identified this theme during the discussion of using signal

detection theory to classify operator responses during during dynamic task allocation

using variable autonomy. One sub-theme that we identified was “better outcomes as

reason for rather than indication or result of meaningful human control”. Most participants
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shared how the quality of team and robot outcomes is not always an indication or a result

of meaningful human control. One expert explained: “A bad outcome is not always an

indication of a lack of meaningful human control and a good outcome is not always an

indication of meaningful human control being present. It could also be that the human who

is in control has made an error.” Similarly, another participant complemented: “Meaningful

human control also does not equate to moral acceptability of any situation. A system can

be under meaningful human control and show very questionable outcomes.” On the other

hand, two experts articulated that one of the reasons for pursuing meaningful human

control is to achieve better and ethically sound outcomes.

Another sub-theme that we constructed was “team and system outcomes for verifying

rather than evaluating meaningful human control”. One expert questioned the correctness

of assessing meaningful human control in terms of team and robot outcomes. Another

expert agreed that outcomes alone are not sufficient for determining the presence of

meaningful human control, but explained that “you can use outcomes to see whether they

are in accordance with guidelines.” Moreover, this expert mentioned how outcomes can

be used to verify the presence of meaningful human control rather than evaluate it. The

expert who initially raised questions agreed with these points: “I totally agree that there is

a relationship between meaningful human control and outcomes. Maybe the outcomes can

be indirect evidence of meaningful human control.”

We also identified the sub-theme “single outcome or situation as no guarantee for

meaningful human control”. Two participants mentioned how considering single situations

and outcomes is not sufficient for determining the presence of meaningful human control:

“A bad outcome is not always an indication of a lack of meaningful human control and a

good outcome is not always an indication of meaningful human control being present. If

you have enough situations and samples, then it does give a very good overall picture, but

for one specific situation it does not give that guarantee. Sometimes in isolation a situation

can be a bit misleading.”

Another constructed sub-theme was “hit rate and misses as important proxies for

meaningful human control”. In addition to classifying operator responses during dynamic

task allocation as hits, misses, false alarms, and correct rejections, we explained participants

the distinction between the hit and true discovery rate. More specifically, the hit rate refers

to the percentage of relevant situations where the operator correctly intervenes (by dividing

hits by hits and misses). In contrast, the true discovery rate refers to the percentage of

operator interventions which are necessary (by dividing hits by hits and false alarms). Two

experts articulated how the true discovery rate and false alarms are not so important in

relation to meaningful human control, while the hit rate and misses are: “If you intervene

in the sense that you keep awareness and keep responsibility to yourself, even though

there was not a necessary situation, I would say that the true discovery rate is not an

important property for a system to be under meaningful human control, whereas the hit

rate is.” Similarly, the other expert mentioned: “As long as the operator intervenes it does

not really matter if they intervene even in the situation when the robot is kind of okay, but

it does matter when the human does not intervene when the robot is not okay.”

We also identified the sub-theme “operator overload as an indication of a lack of

meaningful human control”. All participants felt that misses resulting from operator

overload indicate a lack of meaningful human control. The experts explained several



5.4 Results

5

89

reasons, such as “the system is in operation outside of what is reasonable to expect for that

person”, “you need the ability to intervene in time and in a proper fashion”, and “this is an

example of operator capacity being lower than their responsibility.”

Another sub-theme that we constructed was “moral sensitivity unawareness as an

indication of lowmeaningful human control”. Most participants shared that misses resulting

from operator unawareness of the moral sensitivity indicate lowmeaningful human control.

One expert explained: “If the robot misinterprets the situation but the operator does not

intervene, then there is obviously a lower level of meaningful human control because the

robot in its design has not been able to identify the situation correctly and also the operator

does not correctly intervene”. Another expert elaborated on the distinction between human

control and meaningful human control: “Strictly speaking the system is under control of

the human operator because he/she has the capability and the authority to intervene. So,

strictly speaking, I should say it is under control of the human operator, but that does not

necessarily imply meaningful human control.”

The final sub-theme that we constructed was “reasons for moral sensitivity unawareness

as determinants of meaningful human control”. All participants mentioned how knowing

the reasons for the operator’s unawareness of the moral sensitivity is very important for

determining the extent of meaningful human control. For example, one expert mentioned

how there would be no meaningful human control if the operator does not have the means

to be aware of the moral sensitivity. Another participant explained: “Is the operator

unaware because he/she cannot do anything about it, then the operator should not be held

responsible. Then, the question is, depending on how the system was designed, does this

lead to a responsibility gap or does this mean that responsibility should be attributed to a

designer or someone else?”

5.4.4 Context and assumptions as crucial factors
Another theme that we identified during the discussion of the previously reported sub-

theme was “context and assumptions as crucial factors to study, define, and evaluate

meaningful human control”. Two participants mentioned the importance of communicating

the assumptions of our definitions, variable autonomy approach, and robot design and

communication. For example, one expert explained: “I think what is very important when

you do this, because I see the value, is communicating the assumptions you are using.

Basically, you want to create a shared mental model.”

5.4.5 Design(er) and meaningful human control
We also identified the theme “system design(er) as output of and reason for meaningful

human control”. One expert shared how operationalizing meaningful human control can

result in requirements for robot design: “It does feel to me that one of the major benefits of

operationalizing meaningful human control through tracking and tracing is to arrive in

every individual context at a set of very context specific requirements for the design of

the system”. On the other hand, several participants mentioned how meaningful human

control can be present by system design and how both the system designer and robot

operator should be considered during the discussion. For example, one expert shared: “You

basically have two human agents here, you have the operator and you have the robot

designer. If at least one of them is able to influence the situation in a way that human
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control is meaningful, then meaningful human control is still present. This does not have

to be the operator necessarily, it can also be the way the robot is designed.”

5.4.6Qualitative operationalization of meaningful human
control

The final theme that we identified during the focus group study was “operationalizing

meaningful human control does not imply quantification”. Most experts mentioned that

quantification of meaningful human control has its value, but that it is very difficult to

accurately quantify its elements and conditions. Moreover, two participants shared that

operationalizing meaningful human control does not require or mean quantifying it. More

specifically, one expert explained: “I just want to challenge the kind of implicit assumption

here that operationalizing the tracing condition would require quantifying it, because

I think that you can actually operationalize any notion to some extent in a completely

qualitative way.”

5.5 Discussion and Conclusion
5.5.1 Discussion
Our results emphasize the usefulness of the cascade approach to quantify traceability during

dynamic task allocation using variable autonomy in human-robot teams for firefighting.

Moreover, the results highlight a new application of the approach in comparing how

different robot implementations or variable autonomy approaches affect traceability, for

example in terms of robot behavior, explanations, or autonomy adjustments. Another

novel suggested application is comparing all individual aspect scores as well as the final

critical score to provide relevant information about traceability and potential points of

improvement. These applications are novel compared to its original usage of evaluating

implemented robots or variable autonomy approaches using only the final traceability score.

The results further emphasize the importance of using a scale for such comparisons, where

certain robot implementations or variable autonomy approaches may exhibit varying levels

of traceability. Ultimately, the goal should be to get the highest possible traceability score

rather than a minimum sufficient value. This is in line with some earlier interpretations

of meaningful human control as ratio rather than binary [25, 30]. On the other hand,

it contradicts the discussion on defining how much of each of the four properties for

human-robot teams to be under meaningful human control is sufficient [30].

Results also highlight a new application of situation awareness and operational tests to

objectively measure the traceability aspect “human ability to understand and interact with

a robot”. The (modified) Situation Awareness Global Assessment Technique (SAGAT) can

be used to objectively measure human understanding of the robot during simulations of

representative tasks [176, 232]. This way, SAGAT can also be used to investigate whether

certain robot explanations can increase traceability by improving human understanding

of the robot. Figure 5.2 shows an example of what a simulated task could look like for

dynamic task allocation using variable autonomy in human-robot teams for firefighting.

This simulated task is especially valuable for evaluating human-robot collaboration before

real-world deployment, enabling easier manipulation and evaluation of aspects like robot

communication and behavior [180, 183, 223, 232]. For example, the simulated task in
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Figure 5.2: Simulation of the collaboration between the human operator and explore and extinguish robot during

dynamic task allocation using variable autonomy. The robot is autonomously exploring an office building to

search and rescue victims. The human operator is supervising the robot and they communicate via a chat box.

When the robot perceives the need for a moral decision, it allocates decision-making to the human operator. All

non-moral decisions are made by the robot.

Figure 5.2 allows the evaluation of different robot explanations such as textual, visual, or

hybrid explanations [197]. Moreover, it allows the rapid implementation and evaluation of

different variable autonomy and control approaches such as having a human-in-the-loop

or having a human-on-the-loop.

The results further highlight the use of team and robot outcomes as verification of

meaningful human control during dynamic task allocation using variable autonomy in

human-robot teams for firefighting. In terms of outcomes, operator hits and misses during

robot allocation of decisions are considered to be more important than false alarms and

correct rejections. These objective outcomes provide novel measures for assessing the op-

erator’s supervision performance during dynamic task allocation using variable autonomy.

Using these team and robot outcomes to verify meaningful human control corresponds

with the operationalization by [214] that uses behavioral compliance with moral values and

ethical guidelines as evidence for meaningful human control. Our results also emphasize

that meaningful human control can be present by system design. This aligns with the

claim that robots with variable autonomy can ensure meaningful human control over these

robots [144]. It also aligns with our expectation that dynamic task allocation using variable

autonomy in human-robot teams for firefighting can ensure meaningful human control

by design. However, this could be verified using measures like the hit rate and whether

outcomes are in accordance with firefighting guidelines, such as evacuating victims first
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when the location of the fire source is unknown and smoke spreads fast. Finally, the results

introduce a new perspective by stressing the importance of collecting outcomes during

multiple task simulations because single positive/negative outcomes are not always an

indication of the presence/absence of meaningful human control.

Finally, our results highlight a novel perspective by emphasizing the importance of

qualitatively identifying reasons underlying outcomes, such as why an operator is over-

loaded or unaware of moral sensitivity, to determine the extent of meaningful human

control and how to increase it. Therefore, we believe that conducting follow-up interviews

after completing simulations of representative tasks can be particularly effective to identify

reasons underlying outcomes. For example, after the simulated task operators could be

questioned about reasons for misses and how to improve the variable autonomy approach

to avoid them. More specifically, if the operator has a low hit rate during the task, follow-up

interviews could determine whether this results from an overload of robot information

or unawareness of moral sensitivity due to limited experience. This distinction is crucial

because these reasons determine the extent of meaningful human control and how to

improve it. For example, an overload of robot information indicates a lack of meaningful

human control requiring robot improvements such as decreasing robot communication.

On the other hand, operator unawareness of moral sensitivity due to limited experience

indicates low meaningful human control that can be addressed by more operator training.

In summary, the following novel knowledge on operationalizing meaningful human

control has been gained because of the expert study. First, using the cascade approach for

comparing different robot implementations or variable autonomy approaches, and not by

comparing only the final critical score but also all individual aspect scores. Furthermore,

using situation awareness and the hit rate to objectively measure the traceability aspect

“human ability to understand and interact with the robot”, and collecting these measures

during multiple task simulations for a more robust indication of meaningful human control.

Finally, qualitatively identifying reasons underlying outcomes, like operator overload or

moral unawareness, to determine the extent of meaningful human control and how to

increase it.

5.5.2 Evaluating meaningful human control during dynamic
task allocation

Based on these results, our main contribution is proposing the following evaluation method

of meaningful human control during dynamic task allocation using variable autonomy

in human-robot teams for firefighting. We suggest adapting the cascade approach to

not only subjectively quantify traceability, but also objectively using operator responses

during and after task simulations. The first aspect of the cascade approach involves scoring

the exertion of operational control by human and robot separately, and the maximum

of these scores is taken as the critical score of this aspect. This aspect can be scored

a-priori based on the fixed collaboration characteristics during dynamic task allocation,

where the robot exercises more operational control as it makes all non-moral decisions and

handles allocation of decision-making. However, we suggest combining this a-priori score

with an a-posteriori score determined by the involved human him/herself, for example by

measuring experienced control [214].

The second aspect of the cascade approach involves scoring the involvement of the
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human operator, and the minimum of this score and the critical score of the first aspect

determines the critical score of the second aspect. The involvement of the human operator

can also be scored a-priori based on the expectation of continuous supervisor involvement

during dynamic task allocation. However, we suggest combining this a-priori score with an

objective measure of situation awareness, which assesses the human operator’s perception,

comprehension, and projection of environmental elements [60]. Here, higher situation

awareness can be taken as a higher human operator involvement during the task. Situation

awareness can be measured objectively using the traditional Situation Awareness Global

Assessment Technique (SAGAT) [60, 62]. This involves a-priori defining the information

and situation awareness requirements of the operator using goal-directed task analysis.

Next, SAGAT queries should be formulated that objectively evaluate operator knowledge

of this situational information. These queries should be asked during random pauses of

the task simulation, either once or multiple times. The percentage of correctly answered

queries can then be used as objective measure of situation awareness.

The third aspect of the cascade approach involves scoring the ability of the human

operator to (1) understand the robot and (2) interact with the robot. The minimum of

these two scores is then compared with the critical score of the second aspect, and the

minimum of this comparison determines the critical score of the third aspect. We suggest

to objectively measure the ability of the human operator to understand the robot using sit-

uation awareness of the robot’s behavior processes and decisions. In addition to measuring

situation awareness, SAGAT is also suitable for objectively measuring human understand-

ing of explainable systems like the robot dynamically allocating tasks [60, 176, 232]. In

this case, the goal-directed task analysis involves the definition of situational information

requirements specifically related to robot behavior. Again, the task simulation should be

paused at random times, followed by evaluating operator knowledge of the predefined

informational needs. Furthermore, we suggest to objectively measure the ability of the

human operator to interact with the robot using task performance. Task performance can

be determined by the operator’s hit and true discovery rates during the robot’s dynamic

allocation of decision-making, where higher hit and true discovery rates would refer to

better performance. Finally, the minimum score of the human ability to (1) understand the

robot and (2) interact with the robot is taken as the score that is compared with the critical

score of the second aspect.

The fourth and final aspect of the cascade approach involves scoring the ability of the

human operator to understand their moral responsibility over the robot, and the minimum

of this score and the critical score of the third aspect determines the final traceability

score of the variable autonomy approach. We suggest quantifying this aspect using a

semi-structured interview after completing the task simulation. This semi-structured

interview can efficiently be followed by open questions to identify reasons underlying

outcomes like operator misses. Identifying these reasons is crucial to further improve

the variable autonomy approach, for example by adjusting robot communication if many

operators suffer from information overload. Finally, we suggest combining this subjective

measure of moral responsibility understanding with an objective measure of how many

outcomes adhere to ethical firefighting guidelines, such as not sending in firefighters when

temperatures exceed auto-ignition temperatures of present substances. This way, not only

the subjective understanding is considered but also translation of that understanding into
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Aspect Measure Score OO Score IO
1 Human operational control 3 3

Robot operational control 2 2

2 Human involvement 3 3

3 Human understanding of robot 4 2
Human interaction with robot 0 2

4 Human understanding of moral responsibility 4 2
Final traceability 0 2

Table 5.2: Example of the cascade approach for two types of operators. OO refers to overloaded operator, IO to

inexperienced operator. Bold highlights the cause(s) of the final traceability score.

adherence to ethical guidelines.

Our initial goal was a quantitative operationalization of meaningful human control

during dynamic task allocation using variable autonomy in human-robot teams for firefight-

ing. Ultimately, we propose a hybrid operationalization where some required qualitative

elements (reasons underlying outcomes) supplement the quantitative elements (traceability

aspects). During evaluation, we recommend using all aspects scores instead of just the

critical scores to arrive at improvements for the variable autonomy approach. For example,

consider an overloaded human operator with the critical aspect scores 3, 3, 0, and 0; and a

inexperienced human operator with the critical aspect scores 3, 3, 2, and 2. These scores

indicate a lower traceability/final critical aspect score for the overloaded operator (0) than

the inexperienced operator (2). However, closer inspection of all aspect scores (see Table

5.2) could reveal that the overloaded operator only lacks the ability to interact with the

robot. Similarly, inspecting all scores of the inexperienced operator could reveal that the

operator suffers from a low ability to both understand and interact with the robot and

understand their moral responsibility over the robot. So, while the overloaded operator has

a lower traceability score than the inexperienced operator, analyzing all scores suggests

that the traceability score of the overloaded operator can be improved more easily as it

results from only one aspect score instead of three.

5.5.3 Limitations
We identify a few limitations of our work. First of all, we conducted a single focus group

that was coded individually. It can be favourable to conduct the same focus group mul-

tiple times with different experts, until reaching a saturation point. However, since our

goal was to capture a particular perspective within a specialized domain, we considered

one focus group appropriate to reach our objectives. Furthermore, thematic analysis is

often associated with achieving consensus between multiple coders and high inter-coder

reliability. However, it was our goal to generate rich, contextually situated, and nuanced

themes instead. Therefore, we employed reflexive thematic analysis, emphasizing the

researcher’s role in knowledge production and centering around researcher subjectivity

[21]. All in all, while we acknowledge the limitations associated with a single focus group

and individual coding, these were strategic choices aligned with our research objectives

and the specialized nature of our domain.

Another limitation concerns the generalizability of our proposed evaluation method
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for meaningful human control (section 5.5.2). Since this method is tailored to evaluating

meaningful human control during dynamic task allocation using variable autonomy in

human-robot teams for firefighting, it is questionable how it would translate to different

contexts and systems. However, this is not necessarily a problem as the conditions, proper-

ties, and implementation of meaningful human control are context- and system-specific

[30, 179]. On the other hand, we do believe some aspects can be used for different contexts

and systems with similar levels of autonomy and outcomes. For example, objectively quan-

tifying human ability to understand and interact with systems using situation awareness

and task performance can also be done during simulations of drivers collaborating with

automated driving systems. Here, even the hit and true discovery rates can be used when

the task includes incorrect automated driving behavior requiring the human driver to

intervene. Finally, we believe semi-structured interviews after task simulations can be

generalized to all contexts and systems by providing a robust way to identify reasons

underlying behavior and outcomes.

5.5.4 Future Work
For future work, we want to verify if dynamic task allocation using variably autonomy

indeed ensures meaningful human control in human-robot teams for firefighting. We

believe that a user study in a simulated task environment similar to Figure 5.2 could

provide valuable insights before considering in field tests. To implement the variable

autonomy approach, the robot should be sufficiently able to identify morally sensitive

situations (see Table 5.1). We are currently collaborating with the fire department of

Rotterdam on this robot identification of morally sensitive situations. More specifically,

we created a questionnaire to understand how people view morally sensitive situations

in human-robot teams for firefighting. This questionnaire presents various situations

during the collaboration between firefighters and their firefighting robot, such as locating

the fire source, rescuing victims, and switching deployment tactic. These situations are

characterized by different features such as the number of victims, fire duration, and fire

resistance to collapse. In the questionnaire, participants specify how morally sensitive

they consider each situation on a 7-point scale ranging from not morally sensitive to

extremely morally sensitive (inspired by [163]). Moreover, they explain which feature(s)

contributed the most to their rating and what feature changes would result in alternative

moral sensitivity ratings. This way, we can identify which of the features are moral features

and use them as predictors to statistically significantly predict the moral sensitivity of

situations. This regression model can be implemented in the firefighting robot, together

with a threshold for determining when the predicted moral sensitivity is too high and thus

requires human decision-making. For future work, we want to first implement the dynamic

task allocation and above mentioned regression model in a virtual robot and simulated

environment similar to Figure 5.2. Next, we want to verify if dynamic task allocation indeed

ensures meaningful human control during the collaboration. This work is presented in

Chapter 6.

To verify this, we need to measure meaningful human control during the user study.

The results of our expert study will influence the measurement of meaningful human

control during this user study in several ways, in line with our proposed evaluation

method in section 5.5.2. More specifically, we will determine the participants’ exertion of
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operational control a-priori based on the fixed collaboration characteristics during dynamic

task allocation. The involvement of the participants as supervisors and understanding

of the robot’s behavior will be determined by objective measures of situation awareness

obtained by queries asked during random pauses of the task [60, 62, 232]. We will determine

the participants’ ability to interact with the robot using task performance, more specifically

their hit rate during the robot’s allocation of moral decisions (i.e., do they intervene

when the robot classifies morally sensitive situations as not morally sensitive). Finally,

participants’ understanding of their moral responsibility over the robot will be measured

after task completion, using a semi-structured interview. This interview will also be used

to identify reasons underlying task performance.

In addition to verifying if dynamic task allocation ensures meaningful human control,

we are particularly interested in which robot explanations can support the human operator

to intervene and reallocate moral decision-making when the robot incorrectly classifies

morally sensitive situations. To support the human operator during moral supervision

of dynamic task allocation by the robot, robot explanations are crucial. For example, the

robot can provide reason explanations underlying allocations [16], or explain the likely

positive and negative consequences of decision options [194]. The ultimate goal of these

explanations is to raise human moral awareness by fulfilling the epistemic condition of

direct moral responsibility [16, 172]. However, it is crucial that the robot explanations do

not influence the human operator to hold the robot accountable [125]. Instead, the robot

explanations should make operators aware that robot behavior can be traced back to them

and therefore they are in control and responsible for the outcomes [225].

A final suggestion for future work is evaluating the consistency and generalizability of

our proposed evaluation method of meaningful human control to different contexts and

systems. It would be especially interesting to investigate how the method generalizes to

variable autonomy approaches with higher levels of autonomy, for example a completely

autonomous artificial moral agent supervised by a human operator. Ultimately, these

insights can result in a more general evaluation method of meaningful human control

in human-robot teams using variable autonomy. Since designers of variable autonomy

approaches lack metrics for systematically addressing meaningful human control while

at the same time it is increasingly imposed as a requirement, such a general evaluation

method would greatly benefit the field. All in all, our suggestions for future work can

contribute to the further development of our evaluation method for meaningful human

control and variable autonomy approach for human-robot firefighting teams.

5.5.5 Conclusion
This chapter answers the fourth research sub-question of the thesis: How can we measure
meaningful human control during human-agent teaming? To answer this question, we

conducted a qualitative focus group on operationalizing meaningful human control during

dynamic task allocation using variable autonomy in human-robot teams for firefighting,

aimed at creating an evaluation method of meaningful human control for this scenario.

Our results highlight the usefulness of quantifying the traceability condition of meaning-

ful human control, especially for comparing different robot implementations or variable

autonomy approaches. Furthermore, our findings suggest the use of objective situation

awareness and performance to measure human ability to understand and interact with
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the robot. Results also highlight the use of team and robot outcomes to verify meaningful

human control and the importance of identifying reasons underlying outcomes to im-

prove the variable autonomy approach and determine the exact level of meaningful human

control. Based on these results, we propose an evaluation method of meaningful human

control during dynamic task allocation using variable autonomy in human-robot teams

for firefighting. This method involves subjectively and objectively quantifying traceability

using human responses during and after simulations of the collaboration. Moreover, the

method involves semi-structured interviews after the simulation to identify reasons under-

lying outcomes and suggestions to improve the variable autonomy approach. Designers of

variable autonomy approaches currently lack metrics to systematically address meaningful

human control while at the same time it is increasingly imposed as a requirement of their

approaches. Our evaluation method provides an important contribution that can verify if

dynamic task allocation using variable autonomy in human-robot teams for firefighting

ensures meaningful human control over the robot.
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6
Agent Allocation of Moral
Decisions in Human-Agent

Teams: Raise Human
Involvement and Explain
Potential Conseqences

Humans and artificial intelligence agents increasingly collaborate in morally sensitive situa-
tions such as firefighting. These agents can often perform tasks with minimal human control,
challenging accountability and responsibility. Combining higher agent autonomy levels with
meaningful human control can address such challenges. For example, agents can allocate deci-
sions to themselves in less morally sensitive situations and to humans in more sensitive ones.
However, how to responsibly and effectively design and implement agents for this dynamic
task allocation remains unclear, with their autonomy level and provided explanations being
crucial considerations. Therefore, we conducted experiments in simulated firefighting environ-
ments where participants (n = 72) collaborated with a more and less autonomous artificial
moral agent. These agents either provided no additional information, feature contributions, or
potential consequences when allocating decision-making. Our results show that moral trust,
agreement, and meaningful human control are higher when the agent is less autonomous.
Furthermore, people disagree and reallocate decisions to themselves more when the agents
explain potential consequences, especially when moral sensitivity is higher. Overall, our
findings highlight that people prefer more involvement over higher agent autonomy and take
on greater moral responsibility when agents explain potential consequences. These actionable
insights are crucial for designing transparent artificial moral agents that enhance human
moral awareness and responsibility. Ultimately, this supports the responsible implementation

� Ruben S. Verhagen, Mark A. Neerincx, and Myrthe L. Tielman. Agent Allocation of Moral Decisions in

Human-Agent Teams: Raise Human Involvement and Explain Potential Consequences. Proceedings of the 2025
ACM Conference on Fairness, Accountability, and Transparency. 2025.
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of dynamic task allocation in practice and enhances human-agent collaboration in morally
sensitive situations.

6.1 Introduction
Humans and artificial intelligence (AI) agents are increasingly collaborating on complex

tasks such as firefighting in situations too dangerous for firefighters [101, 107, 216]. Several

factors determine the success of these human-agent teams, including situation awareness

and mutual trust [99, 175, 231]. The ultimate goal of human-agent teams is to combine the

strengths of humans and agents to accomplish what neither can do alone [3, 232].

Artificial moral agents are required when human-agent teams operate in morally

sensitive situations [6, 213]. These agents can increasingly perform tasks with little human

intervention and control [179]. However, humans must remain accountable when agent

behavior violates ethical guidelines [179, 214]. Therefore, increased agent autonomy should

always be combined with meaningful human control and moral responsibility [154, 179].

Dynamic task allocation can be useful for moral decision-making in human-agent teams

to ensure meaningful human control during the collaboration [16, 47, 120, 214, 219, 233].

This approach involves an artificial moral agent that allocates decisions to itself in less

morally sensitive situations and to a human in more sensitive ones, while the human retains

the power to override the agent [2, 213–215, 233]. Key factors include the agent’s explana-

tions and level of autonomy, yet their impact on dynamic task allocation remains unclear

[15, 38]. For example, the agent can be highly autonomous and allocate most decisions to

itself, but also operate with low moral agency and keep humans more involved. Moreover,

the agent can explain what features contribute most to its allocations, but also the potential

consequences of decisions [16, 194, 214]. Given the variety of possible autonomy levels

and explanation types, it is crucial to first investigate how these factors influence dynamic

task allocation. Such actionable insights can support the responsible implementation of

dynamic task allocation in practice and enhance human-agent collaboration in morally

sensitive situations.

We will fill these gaps by studying how agent autonomy (low and high moral agency)

and explanations (no additional information, feature contributions, or potential conse-

quences) influence trust in agent capacity and morality, allocation agreement, and mean-

ingful human control. We believe feature contributions and no additional information can

lead to overtrust from overestimating agent capabilities and incomplete mental models,

respectively [24, 59, 118]. In contrast, we expect potential consequences to best support hu-

man moral awareness because this explanation closely aligns with utilitarianism [30, 194].

Finally, we expect people to prefer low artificial moral agency because they do not perceive

supervising autonomous artificial moral agents as collaboration and prefer collaboration

over supervision [11, 214]. Therefore, we pre-registered the following hypotheses [227]:

H1a: Capacity trust will be higher in the less autonomous artificial moral agent than the

more autonomous agent.

H1b: Capacity trust will be higher in the more autonomous artificial moral agent that

explains feature contributions or no additional information rather than potential conse-

quences.

H2a: Moral trust will be higher in the less autonomous artificial moral agent than the more

autonomous agent.
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H2b: Moral trust will be highest in the more autonomous artificial moral agent that ex-

plains no additional information, followed by feature contributions, and lowest for potential

consequences.

H3a: Agreement will be lower with the more autonomous artificial moral agent than the

less autonomous agent when both explain potential consequences.

H3b: Agreement will be lower with the more autonomous artificial moral agent that

explains potential consequences rather than feature contributions or no additional infor-

mation.

H4a: Meaningful human control will be higher over the less autonomous artificial moral

agent than the more autonomous agent.

H4b: Meaningful human control will be higher over the artificial moral agents that explain

potential consequences rather than feature contributions or no additional information.

6.2 Background
6.2.1 Meaningful Human Control
Meaningful human control assumes that humans should ultimately remain in control of,

and thus morally responsible for, the behavior of autonomous agents [179]. Designing

for meaningful human control means ensuring that humans are aware and equipped to

act upon their moral responsibility [30]. Consequently, meaningful human control can

help prevent responsibility gaps in culpability, moral and public accountability, and active

responsibility [30, 178, 225]. This is especially important in human-agent teams that operate

in morally sensitive situations, where people’s welfare, rights, and values may be directly

or indirectly affected [57, 162, 214].

Early work on meaningful human control introduced two necessary conditions: Track-

ing and tracing. Tracing requires at least one human involved in the design or interaction

with agents to have a proper moral and technical understanding of their behavior, capabili-

ties, and effects [25, 179]. Tracking requires agents to respond to relevant moral reasons

of humans who are then considered in control of and morally responsible for the agents

[139, 225]. These reasons have been ordered based on their proximity and complexity in

influencing agent behavior. More proximal reasons, such as intentions, are argued to be

simpler and closer in time to agent behavior than more distal reasons, such as values [139].

However, this operationalization is ambiguous in distinguishing between motivating and

normative reasons [16, 90, 225]. Therefore, it is argued that tracing should be the sole

determinant of responsibility [225].

Since the tracking and tracing conditions are quite abstract, more actionable solutions

for addressingmeaningful human control in human-agent teams have been proposed. These

include team design patterns to shape meaningful human control [30, 217], value sensitive

design to respect norms and values [30, 75], machine ethics to implement artificial moral

agents [6, 30], explainable AI to achieve human moral awareness [30, 47], and variable

autonomy to allow human control and responsibility [16, 30, 144]. These approaches can

also be combined, for example, during dynamic task allocation.

6.2.2 Dynamic Task Allocation
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Variable Autonomy
Dynamic task allocation combines variable autonomy, machine ethics, and explainable

AI and can ensure meaningful human control over artificial moral agents by promoting

accountability, responsibility, and transparency [144, 233]. It allows humans to remain

accountable for highly sensitive decisions and agent behavior while reducing workload

and avoiding unnecessary control [37, 247]. Variable autonomy enables the dynamic

adjustments and allows humans to (re)take control over agent behavior [144, 233]. This

control is typically categorized as having humans-in-the-loop, humans-off-the-loop, or

humans-on-the-loop [33, 46, 144]. Maintaining humans-in-the-loop requires informed

human approval for all elements of agent behavior, whereas allowing humans-off-the-loop

involves autonomous agents without human involvement. Dynamic task allocation involves

humans-on-the-loop and requires a human supervisor who monitors and influences agent

behavior when necessary [46, 233].

Variable autonomy approaches define which aspects of agent autonomy are adjusted,

by whom, how, why, and when [19, 29, 36, 144]. Dynamic task allocation employs a

mixed-initiative approach to switch from agent decision-making in less morally sensitive

situations to human decision-making in more sensitive situations [136, 233]. The agent

adjusts its autonomy when identifying situations as too sensitive and requiring human

moral decision-making. In contrast, the human adjusts agent autonomy when intervening

and reallocating decision-making [2, 213, 214, 233]. Finally, agent autonomy is adjusted

during active operation and in response to the moral sensitivity of situations to ensure

meaningful human control preemptively [233].

Artificial Moral Agents
Dynamic task allocation also requires machine ethics to implement artificial moral agents.

Machine ethics aims to create autonomous artificial moral agents that make moral and

ethical decisions based on notions of right and wrong [6]. Such agents can be developed by

constraining their actions or operational environment to avoid unethical behavior [213].

However, they can also be implemented top-down by incorporating ethical principles in

their decision-making processes, allowing for intrinsic morality [147, 214, 236]. Alterna-

tively, artificial moral agents can be developed bottom-up by learning morality from human

behavior and interactions [7, 43, 96, 127, 153, 236]. Finally, these methods can be combined

into hybrid approaches as well [10, 106, 213].

Achieving full artificial moral agency would require holding agents accountable for

their decisions [31, 39]. However, this conflicts with the goal of meaningful human control

to identify responsible humans to hold accountable, even when fully autonomous agents

violate ethical guidelines [179]. In contrast, some machine ethics approaches focus on

agents that support and enhance humanmoral agency rather than putting ethics into agents

[88, 194]. The discussion on the feasibility and desirability of full or partial artificial moral

agents, or agents that enhance human moral agency, remains active [147, 213, 221, 236]. We

believe artificial moral agents should always be combined with meaningful human control,

for example, using dynamic task allocation [214, 219, 233]. This ensures that agent behavior

can be meaningfully influenced by humans and traced back to human responsibility and

understanding [30, 179].
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Explainable AI
Finally, dynamic task allocation requires explainable AI [214, 233]. Explainable AI aims to

make agents more understandable by explaining their behavior, ideally fostering appropri-

ate trust [9, 80, 115, 144]. Without such explanations, humans attribute agent behavior by

assigningmental states that explain the behavior [9, 132, 133, 145]. In contrast, providing ex-

planations helps humans build a Theory of Mind of agents and understand their capabilities

and limitations [9]. Explainable AI comprises generation, communication, and reception

phases [149]. Explanation generation involves extracting explanations from agents, such

as which features influence their behavior [1, 214]. Explanation communication concerns

the content and form of explanations, such as textual, visual, or hybrid [174, 197]. Finally,

explanation reception concerns empirical research on explanation effectiveness, which is

still lacking in realistic human-agent teaming scenarios [148, 149].

Dynamic task allocation requires explainable AI to support human moral supervision

by explaining decisions, allocations, and the moral context, enabling humans to exercise

control properly [214, 233]. These explanations should not influence humans to hold the

artificial moral agent accountable but instead achieve human moral awareness by fulfilling

the epistemic condition of direct moral responsibility [16, 125, 172]. More specifically,

they should ensure humans are aware that (1) agent behavior traces back to them and (2)

they are in control and responsible for all outcomes [16, 172, 214, 225, 233]. Finally, these

explanations should also support situation awareness and appropriate trust calibration

without overloading humans’ cognitive abilities [64, 103, 118, 144, 229].

6.3 Method
6.3.1 Design
We conducted an experiment to investigate how agent explanations and autonomy influence

the dynamic allocation of moral decision-making in human-agent teams. The experiment

had a 3x2 mixed design, with agent autonomy as the within-subjects independent variable

and agent explanations as the between-subjects variable. Agent autonomy consisted of

two conditions (low moral agency and high moral agency) and agent explanations of three

conditions (no additional information, feature contributions, or potential consequences).

We measured trust in, agreement with, and meaningful human control over the artificial

moral agents as dependent variables. Moreover, we counterbalanced the order of tasks, the

order of collaboration with the artificial moral agents, and the names assigned to the agents.

We pre-registered our hypotheses and methodology at the Open Science Framework [227].

6.3.2 Participants
We recruited 72 participants from our university and personal contacts (34 female and

37 male participants, one preferred not to say). Seventeen participants were 18-24 years

old, 51 were 25-34 years old, three were 35-44 years old, and one preferred not to say.

One participant obtained a high school diploma, two participants some college credit but

no degree, one participant an Associate degree, 21 participants a Bachelor’s degree, 44

participants a Master’s degree, two participants a PhD degree or higher, and one participant

preferred not to say. Seven participants had no gaming experience at all, 21 participants

a little, 21 participants a moderate amount, 11 participants a considerable amount, and
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12 participants a lot. All participants signed an informed consent form approved by our

university’s ethics committee (ID 3670).

We balanced demographics, risk propensity [140], propensity to trust technology [143],

and utilitarianism [104] across explanation and counterbalancing conditions to reduce the

risk of confounds. We report these statistics in Appendix B. Although our sample was

not diverse in all demographic factors (i.e., age and education), it captured meaningful

variation in biological and psychological traits relevant to moral psychology and human-

agent teaming [164]. More specifically, we ensured a well-balanced gender distribution

and variability in participants’ risk propensity (IQR = 1, 1-9 scale), propensity to trust

technology (IQR = 0.87, 1-5 scale), and utilitarianism (IQR = 0.84, 1-5 scale).

6.3.3 Hardware and Software
We used the Python package Human-Agent Teaming Rapid Experimentation to generate 2D

grid worlds simulating firefighting tasks [95]. Furthermore, we used Qualtrics to create our

surveys and R to implement moral sensitivity predictions and agent explanations. We also

Dockerized our testbed to facilitate reproducibility and future research [226]. Finally, we

used a Dell Latitude 7410 laptop running Ubuntu 20.04 LTS to conduct the experiments.

6.3.4 Environment and Task
The experiment involved two simulated firefighting tasks based on the actual collaboration

between the Rotterdam Fire Brigade and their firefighting robot. We built two environments

with 14 offices, one safe zone, and multiple victims and fires (Figure 6.1). We created four

victim types represented by different icons (older woman, older man, woman, and man)

and two injury types represented by different colors (mildly and critically injured). Finally,

we added one artificial moral agent to each environment (Brutus or Titus).

The task objective was to search and rescue the victims in the 14 offices. Participants

supervised and collaborated with the artificial moral agents using buttons and a messaging

interface (Figure 6.2). Six firefighting features characterized the tasks, displayed above the

messaging interface. These features were the resistance to collapse, temperature, number

of victims, smoke spreading speed, fire source location, and distance between a victim and

the fire source.

The resistance to collapse reflected how long the building could burn before collapsing

and counted down from 150 minutes. Six seconds of real-time equaled one minute of game

time, so each task took a maximum of 15 minutes. The temperature was expressed relative

to a safety threshold and depended on the resistance to collapse and the extinguished

fires. This feature was close to (<≈) or higher than (>) the safety threshold. The number

of victims was known beforehand for one of the tasks, but unknown for the other. The

tasks automatically ended after rescuing all victims or if the resistance to collapse ran out.

The smoke spreading speed was slow, normal, or fast, and was updated when finding fire

or smoke. The fire source location was either unknown or found. Finally, the distance

between a victim and the fire source was small if the fire originated in adjacent offices;

otherwise, the distance was large.

Four decision-making situations occurred during the tasks. The first was whether

to continue the current deployment or switch to the alternative one (Figure 6.2). The

agents always started with an offensive deployment to search and rescue victims; the
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Figure 6.1: Half of the two task environments used for the experiments, one with Brutus (top) and Titus (bottom).
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alternative was a defensive deployment to extinguish fires. This situation occurred four

times with intervals of 20 in-gameminutes. The second situation was whether to extinguish

or evacuate first whenever the agents found mildly injured victims in burning offices.

Extinguishing first was sometimes followed by iron falling from the roof and blocking the

exit; evacuating first was sometimes followed by the fire expanding. The third situation was

whether to send in firefighters to locate the fire source. This situation occurred only once

after 30 minutes. Finally, the fourth situation was whether to send in firefighters to rescue

critically injured victims (Figure 6.2). Participants could safely send in firefighters when the

temperature was not higher than the safety threshold or when the temperature was higher

but the agents extinguished at least one big fire with a smoke plume. However, a new

smoke plume appeared at one of the other big fires if not extinguished with 30-35 minutes

left. The temperature started close to the safety threshold but exceeded the threshold with

50 minutes left. However, the temperature became close to the threshold again if the agents

extinguished more than 80% of the fires with 25 minutes left. Finally, the firefighters always

aborted their tasks when sent into too dangerous circumstances.

6.3.5 Agent Behavior
The agents always allocated decision-making to themselves or the participants based

on their predictions of the moral sensitivity of situations. Implementing agent behavior

for this dynamic task allocation required modeling moral sensitivity. However, our core

contribution lies not in the modeling itself, but in the study of agent autonomy and

explanations during dynamic task allocation. Accordingly, our priority was to ensure that

the agents’ moral sensitivity models were reasonable, interpretable, and capable of varying

autonomy and generating explanations. Therefore, we grounded our modeling approach

in input from expert firefighters, ensuring that the models captured relevant situational

features and decision-making dynamics in a concrete and realistic context.

To implement these models, we collaborated with the Rotterdam Fire Brigade and

used a hybrid crowdsourcing approach to identify moral features as predictors of moral

sensitivity (see Appendix B for survey). This resulted in four linear regression functions to

predict moral sensitivity, each corresponding to a decision-making situation explained in

Section 6.3.4. We first asked the expert firefighters which features they considered most

important, yielding an initial set of four features per decision-making situation. We then

created a survey that presented two instances of the four decision-making situations. We

characterized each situation using different combinations of the feature values to ensure

sufficient variation. Next, participants (n = 54) specified how morally sensitive they rated

each situation on a 7-point scale ranging from not morally sensitive to extremely morally
sensitive. Moreover, they explained what feature changes would result in alternative ratings

and how comfortable they would feel if artificial moral agents made such decisions.

Ultimately, we ended up with 1153 data points. Using this data, we built statistically

significant regression models for each of the four situations, removing the non-significant

predictor fire duration. For deciding the deployment tactic, we modeled moral sensitivity

(𝑀) as a function of the victims (𝑉 ), resistance to collapse (𝑅), and fire source location (𝐿):

𝑀 = 0.37+3.74 ⋅𝑉𝑢+4.63 ⋅𝑉𝑜 +4.65 ⋅𝑉𝑚+0.002 ⋅ 𝑅+0.39 ⋅ 𝐿𝑢 (6.1)

Victims consisted of the categories unknown (𝑉𝑢), one (𝑉𝑜), multiple (𝑉𝑚), and none (as



6.3 Method

6

107

reference). Fire source location consisted of unknown (𝐿𝑢) and known (as reference). For

deciding to extinguish or evacuate first, we modeled moral sensitivity (𝑀) as a function of

the number of victims (𝑉 ), smoke spreading speed (𝑆), and fire source location (𝐿):

𝑀 = 2.20+0.31 ⋅𝑉 −0.41 ⋅ 𝑆𝑛−2.22 ⋅ 𝑆𝑠 +1.73 ⋅ 𝐿𝑢 (6.2)

Smoke spreading speed consisted of normal (𝑆𝑛), slow (𝑆𝑠), and fast (as reference). Fire
source location consisted of unknown (𝐿𝑢) and known (as reference). For deciding to send

in firefighters to locate the fire source, we modeled moral sensitivity (𝑀) as a function of

the victims (𝑉 ), resistance to collapse (𝑅), and temperature (𝑇 ):

𝑀 = 3.58+2.27 ⋅𝑉𝑢+3.76 ⋅𝑉𝑜 +3.26 ⋅𝑉𝑚−0.020 ⋅𝑅−0.61 ⋅ 𝑇ℎ−1.48 ⋅ 𝑇𝑙 (6.3)

Victims consisted of unclear (𝑉𝑢), one (𝑉𝑜), multiple (𝑉𝑚), and none (as reference). Tem-

perature consisted of higher than (𝑇ℎ), lower than (𝑇𝑙), and close to the safety threshold (as

reference). For deciding to send in a firefighter to rescue, we modeled moral sensitivity (𝑀)

as a function of resistance to collapse (𝑅), temperature (𝑇 ), and distance between victim

and fire source (𝐷):

𝑀 = 6.47−0.050 ⋅ 𝑅−1.91 ⋅ 𝑇𝑙 −0.48 ⋅𝐷𝑠 (6.4)

Temperature consisted of lower (𝑇𝑙) and higher than the safety threshold (as reference).

Distance between victim and fire source consisted of small (𝐷𝑠) and large (as reference).
We implemented these functions in the agents to allow predictions of moral sensitivity,

expressed on a scale from zero to six. Next, we determined two moral sensitivity thresholds

for allocating decision-making, one for each agent autonomy condition. To determine

these thresholds, we asked the participants how comfortable they were with agents making

decisions in the described situations, on a scale from −3 (extremely uncomfortable) to +3

(extremely comfortable). A linear regression analysis showed that this comfort would turn

negative at a moral sensitivity of 4.2. Therefore, we considered this the “appropriate” thresh-

old to deviate from and determine our low and high moral agency conditions. Ultimately,

this resulted in thresholds of 3.5 (low moral agency) and 5.0 (high moral agency), both

approximately equally far from 4.2 and intuitive as a half or whole number. The agents

only allocated decision-making to the participants when the predicted moral sensitivity

exceeded these thresholds. However, participants could always intervene and reallocate

decision-making to themselves or the agents (Figure 6.2).

Except for the moral sensitivity predictions, the two agents were deterministic, rule-

based firefighting agents. They only differed in terms of their moral agency. Both agents

followed firefighting guidelines as much as possible, moved to the closest unexplored offices

to search for fire or victims, and memorized all task details during execution. Moreover,

they could detect victims and fire within one grid cell, iron debris within two grid cells,

and offices and smoke from anywhere. Finally, they could extinguish and remove small

fires and iron in five seconds, extinguish large fires in ten seconds, and remove large iron

debris in 15 seconds.

6.3.6 Agent Explanations
We generated three agent explanations for allocating decisions (Figure 6.2). All three

conveyed information about the situation, decision options, allocation, and predicted moral



6

108 6 Agent Allocation of Moral Decisions in Human-Agent Teams

sensitivity. The first explanation did not provide additional information and served as the

baseline. The second explanation visually added how much each feature contributed to the

predicted moral sensitivity and served as a more technical explanation. The third expla-

nation visually added the potential positive and negative consequences of both decision

options and served as a more ethical explanation. In addition, the agents always explained

their behavior and decisions. For example, that they navigated to offices to search for

victims or fires.

We generated the explanations on feature contributions using SHAP and our four

regression functions [1]. This method started from an expected prediction without condi-

tioning on any features, commonly set as the mean response value. Then, it determined

how much each feature changed the expected prediction. Therefore, we referred to the

expected prediction as the baseline moral sensitivity. The final predicted moral sensitivity

was obtained by summing the baseline sensitivity and the individual contributions of each

feature. We manually generated the explanations on potential consequences before the

study, using our knowledge of the tasks. Finally, we designed these two explanations to be

as visually similar as possible.

6.3.7 Measures
We quantitatively measured trust in, agreement with, and meaningful human control

over the agents (Table 6.1). In addition, we qualitatively collected participants’ observed

differences between the agents and preferred agent via open survey questions, and reasons

for behavior via interviews. We conducted these interviews with a subset of 22 of the 72

participants. All survey questions can be found in Appendix B. We subjectively measured

trust in the agents using the multi-dimensional measure of trust scale [134]. This scale

distinguished between capacity and moral trust, each measured by eight one-word items

scored on a scale from 0 (not at all) to 7 (very). Moreover, the scale provided the option

does not fit, which turned selected items into missing values. We computed the means as

the final capacity and moral trust scores.

We measured human agreement with the agents’ allocations both objectively and sub-

jectively. We objectively calculated the agreement rate as the proportion of agent-allocated

decisions that participants did not override. This measure strongly aligned with meaningful

human control because it captured whether participants actively intervened rather than

passively complied with the allocations. Meaningful human control requires that humans

remain aware and capable of acting upon their moral responsibility by overriding agent

behavior when necessary. By directly reflecting human interventions, our agreement rate

provided an objective and behaviorally grounded measure of meaningful human control.

For subjective agreement, we asked participants about their agreement and comfort with

the agent allocations on a 5-point Likert scale ranging from I disagree strongly to I agree
strongly. We computed the mean as the final subjective agreement score.

We used a combination of subjective and objective measures to operationalize meaning-

ful human control over the agents [233]. More specifically, we measured participants’ (a)

exertion of operational control, (b) involvement, (c) understanding of the agents, (d) inter-

action with the agents, and (e) understanding of their moral responsibility. We subjectively

measured (a) exertion of operational control using the experienced control survey [214].

This survey included seven questions on a 5-point Likert scale ranging from I disagree
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Figure 6.2: Feature contributions (top) and potential consequences (bottom). The explanation without additional

information removed the images and sentence before that. The top of the figure shows the situational features

and values.
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strongly to I agree strongly, and assessed aspects such as time pressure and decision com-

fort. We computed the mean as the exertion of operational control score. We objectively

measured (b) involvement and (c) understanding of the agents using situation awareness

(of the agents) [60, 62, 177, 232]. More specifically, we created multiple choice questions

evaluating participants’ knowledge of situational information and the agents’ behavior.

These questions assessed each of the perception, comprehension, and projection levels

[60]. The percentage of correct answers determined the involvement and agent under-

standing scores. We objectively measured (d) interaction with the agents using correct

behavior based on the “appropriate” allocation threshold of 4.2. For high moral agency,

we considered self-reallocations below a sensitivity of 4.2 as inefficient interventions, no

self-reallocations above 4.1 as missed interventions, and agent-reallocations above 5.0

as inappropriate interventions. For low moral agency, we considered self-reallocations

below a sensitivity of 3.6 and agent-reallocations above 3.5 as inefficient interventions.

The correct behavior rate determined the agent interaction score. Finally, we subjectively

measured (e) understanding of moral responsibility using the responsibility scale [201].

This scale included two questions on a 7-point Likert scale ranging from not at all to very,
and asked participants how morally responsible they held themselves and the agents [201].

We computed the mean as the understanding of moral responsibility score.

We determined the final meaningful human control score using the cascade approach

[25, 48]. We first normalized all measures to a range of zero to one. Then, we determined

temporary score (1) by taking the minimum of measures (a) and (b). Next, we determined

the minimum of measures (c) and (d), and determined temporary score (2) by taking the

minimum of that value and temporary score (1). Finally, we determined the minimum of

temporary score (2) and measure (e) as the meaningful human control score.

6.3.8 Procedure
Participants first answered the demographic, risk propensity, trust propensity, and util-

itarianism surveys. Next, they completed a tutorial to get familiar with the research

environment. After this tutorial, participants completed the two tasks. We paused each

task twice (after five and ten minutes) to ask the situation awareness questions. During

each pause, we asked participants eight questions, four for both types of situation aware-

ness. Participants filled out the surveys on trust, control, agreement, and responsibility

immediately after each task. We collected the qualitative data on participants’ observed

differences between the agents, preferred agent, and reasons for behavior immediately

after the final surveys. The whole study lasted about an hour and was conducted in person.
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6.4 Results
6.4.1 Counterbalancing and Completeness
We first examined whether the three counterbalanced factors (task order, agent order,

and agent-name pairs) influenced our measures. However, we did not find statistically

significant differences across any of these factors. Next, we explored whether agent expla-

nation or autonomy affected task completeness (automatically logged as the proportion of

rescued victims), which might influence trust. We deliberately designed and extensively

tested our tasks to be challenging yet achievable, aiming to avoid low or highly varying

task completion rates. The observed ranges of task completeness (82% to 100%, with most

participants rescuing all victims) and time taken (69% to 100%, with most participants

taking around 94% of the allowed time) indicated that we achieved this goal. Furthermore,

we did not find main effects or an interaction between agent explanation and autonomy on

task completeness. Detailed statistics for these analyses are available in Appendix B.

6.4.2 Trust
Since the data was not normally distributed, we conducted a non-parametric rank-based

mixed ANOVA for both capacity and moral trust (Figures 6.3A and B). Results showed no

statistically significant main effects of agent explanation (F(1.98) = 1.39, p = 0.25, effect size

= 0.19) and autonomy (F(1.00) = 0.89, p = 0.34, effect size = 0.11) on capacity trust, nor an

interaction between them (F(1.98) = 0.02, p = 0.98, effect size = 0.03). For moral trust, results

showed no statistically significant main effect of agent explanation (F(1.99) = 1.36, p = 0.26,

effect size = 0.19) or interaction effect between explanation and autonomy (F(1.98) = 0.08,

p = 0.92, effect size = 0.05). However, results did show a statistically significant main effect

of agent autonomy on moral trust (F(1.00) = 9.32, p < 0.005, effect size = 0.36), revealing

a significant difference in moral trust between the high (mean rank = 63.75±42.65) and

low (mean rank = 76.16±36.85) moral agency conditions. These results did not confirm

hypotheses H1a, H1b, and H2b, while confirming hypothesis H2a.

6.4.3 Agreement
Since the data was not normally distributed, we conducted the non-parametric mixed

ANOVA for both subjective and objective agreement (Figures 6.3C and D). Results showed

no statistically significant main effect of agent explanation (F(1.97) = 0.23, effect size = 0.08)

or interaction between agent explanation and autonomy (F(1.92) = 0.88, p = 0.41, effect

size = 1.71) on subjective agreement. However, results did show a statistically significant

main effect of agent autonomy on subjective agreement (F(1.00) = 7.64, p < 0.01, effect

size = 0.33), revealing a significant difference between the high (mean rank = 64.56±42.81)

and low (mean rank = 80.44±37.61) moral agency conditions. For objective agreement,

results showed no statistically significant interaction effect between agent explanation

and autonomy (F(1.77) = 1.54, p = 0.22, effect size = 0.22). However, results did show a

statistically significant main effect of agent autonomy on objective agreement (F(1.00) =

28.63, p < 0.0001, effect size = 0.63), revealing a significant difference between the high

(mean rank = 57.7±40.90) and low (mean rank = 87.26±36.19) moral agency conditions.

Moreover, results showed a statistically significant main effect of agent explanation on

objective agreement (F(1.95) = 3.81, p < 0.05, effect size = 0.34). Pairwise robust ATS
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post-hoc comparisons revealed statistically significant differences in objective agreement

between the potential consequences (mean rank= 59.02±38.33) and (1) feature contributions

(mean rank = 78.14±41.84) (F(1.00) = 6.07, p < 0.05) and (2) no additional information (mean

rank = 80.34±40.89) (F(1.00) = 5.88, p < 0.05) conditions. These results partially confirmed

hypotheses H3a and H3b.

Following these pairwise comparisons, we conducted a chi-square test of independence

to examine the overall association between agent explanations and human behavior (no

interventions, self-reallocations, or agent-reallocations). Results revealed a statistically

significant association (𝜒 2
(4)= 27.90, p< 0.0001, Cramer’s V= 0.086). Pairwise comparisons

using chi-square tests with Bonferroni corrections revealed significant differences in human

behavior between the potential consequences and (1) feature contributions (adj. p < 0.005)

and (2) no additional information (adj. p< 0.0001) conditions. Next, we conducted a residual

analysis to examine what drove these pairwise differences and if, within explanations,

human behavior deviated from the overall expected frequencies. Results showed that

explaining potential consequences led to more self-reallocations than expected (Pearson

residual = 3.85), while providing no additional information led to fewer self-reallocations

than expected (Pearson residual = −2.26).

To further explore how agent explanations influenced self-reallocations, we visualized

self-reallocation percentages across explanations, moral sensitivity, and agent autonomy

(Figure 6.4). We defined moral sensitivity “bins” representing meaningful intervals and

values, with a minimum of 12 and an average of 25 observations per “bin”. Results showed

that potential consequences led to higher self-reallocation percentages in most “bins”

and for both moral agency conditions. However, these differences were modest for the

low moral agency condition but increased beyond a moral sensitivity of 4.1 for the high

moral agency condition. More specifically, potential consequences led to increased self-

reallocation percentages beyond a moral sensitivity of 4.1, while both feature contributions

and no additional information showed flat trends.

Finally, we qualitatively analyzed participants’ reported reasons underlying no in-

terventions and self-reallocations using reflexive thematic analysis [21]. Reasons for no

interventions mostly concerned high trust in the agents and perceiving them as competent,

predictable, and ethical, irrespective of the agents’ explanations. In contrast, the reasons

for self-reallocations showed some variation between explanations. These included task

performance and safety (two) and agent capability and alignment (three) when participants

received no additional information. One participant mentioned: "I did not understand

how the sensitivity was calculated, so per situation, I determined the appropriateness of

agent decision-making." When participants received the feature contributions, reasons

included task performance and safety (two), agent capability and alignment (three), and

human control and responsibility (four). Finally, the reasons for self-reallocations included

agent capability and alignment (five) and human control and responsibility (five) when

participants received the potential consequences. One participant mentioned: "I reallocated

this decision to myself because an agent should not make highly sensitive decisions."

6.4.4 Meaningful Human Control
Since the data was not normally distributed, we conducted the non-parametric mixed

ANOVA (Figure 6.3E). Results showed no statistically significant main effect of agent
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explanation (F(1.97) = 1.76, p = 0.17, effect size = 0.21) or interaction between explanation

and autonomy (F(1.96) = 0.04, p = 0.96, effect size = 0.03) on meaningful human control.

However, results did show a statistically significant main effect of agent autonomy on

meaningful human control (F(1.00) = 4.98, p < 0.05, effect size= 0.26), revealing a significant

difference between the high (mean rank = 65.55±41.61) and low (mean rank = 79.45±39.57)

moral agency conditions. These results confirmed hypothesis H4a but not H4b.

Next, we investigated which measures determined the meaningful human control scores

across agent explanation and autonomy conditions. In general, agent understandingwas the

most frequent cause (39.46%), followed by involvement and exertion of operational control

(19.05%), responsibility understanding (12.24%), and agent interaction (10.20%). Exertion of

operational control and agent interaction were respectively more and less frequent causes

for the potential consequences (24.00% and 4.00%) than for the feature contributions (16.67%

and 10.42%) and no additional information (16.33% and 16.33%) conditions. Finally, we

observed differences between the low and high moral agency conditions for exertion of

control (26.03% vs. 12.16%) and agent interaction (1.37% vs. 18.92%).

6.4.5 Difference and Preference
Finally, we investigated whether participants observed the difference between the two

agents and preferred one of them. Results showed that only 52.78% of the participants

observed the difference, even though one allocated 70.62% of the decisions to humans and

the other only 18.58%. Among those who observed the difference, 57.89% preferred the

less autonomous agent, 28.95% preferred the more autonomous agent, and 13.16% had no

preference.

6.5 Discussion and Conclusion
6.5.1 Discussion
Agent Autonomy
Our results indicate higher moral trust in the less autonomous artificial moral agent

(confirming H2a), suggesting that participants perceive this agent as more ethical and

sincere than the more autonomous one. This differs from findings that agents with higher

agency and autonomy are blamed less than those with lower agency and autonomy [243].

However, our task included the opportunity to intervene, so increased disagreement with

the more autonomous agent may have resulted in this difference. In contrast, we find no

evidence that agent autonomy affects capacity trust (not confirming H1a). This differs

from predictions that people will trust agents with higher agency and autonomy more to

perform competently [243]. We believe another performance-based factor, agent behavior,

contributed more to capacity trust than agent autonomy [82]. The consistent behavior of

following guidelines and rescuing victims likely contributed significantly to both the high

capacity and moral trust ratings for the more (5.65±1.29, 5.44±1.22) and less (5.92±0.87,

5.81±0.86) autonomous agents [158].

The results also show lower subjective and objective agreement with the more au-

tonomous artificial moral agent, irrespective of its explanations (partially confirming H3a).

For dynamic task allocation, this suggests that people prefer more involvement over in-

creased agent autonomy. This is also supported by the 57.89% of participants who preferred
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the less autonomous agent. This preference aligns with research suggesting that people

do not perceive supervising a fully autonomous artificial moral agent as collaboration

[214] and prefer collaboration over supervision [11]. These findings are promising for

meaningful human control as they suggest that people want to take responsibility for

morally sensitive decisions rather than rely on artificial moral agents [30, 154].

Furthermore, our results indicate higher meaningful human control over the less au-

tonomous artificial moral agent (confirming H4a). This suggests that increased human

involvement during moral decision-making in human-agent teams leads to higher mean-

ingful human control over the artificial moral agent, which aligns with prior research [214].

Overall, participants achieve mean meaningful human control scores of 46.90±11.97% over

the more autonomous agent and 50.58±10.46% over the less autonomous agent. Given

that the cascade approach emphasizes the weakest aspects, these scores suggest moderate

meaningful human control with room for improvement [25, 26, 48]. Exertion of operational

control, which considered factors such as maintaining an overview and experienced time

pressure, is a main area for improvement with the less autonomous agent [214]. Given the

increased participant involvement when collaborating with this agent, it is understand-

able that the higher cognitive demands negatively affect these factors. We believe more

training and interactions with the less autonomous artificial moral agent can combat these

issues [33, 178, 233]. In contrast, interaction with the more autonomous agent requires

improvement. This interaction required many interventions involving self-reallocations

when the moral sensitivity was 4.2 or higher. However, participants only intervened with

26.99±29.70% of the allocations within this range, suggesting that they struggled to act upon

their assumed responsibility. Therefore, we recommend increasing human involvement

during dynamic task allocation.

Agent Explanations
We find no evidence that agent explanations affect capacity or moral trust (not confirming

H1b and H2b). This suggests that when artificial moral agents provide a basic level of

transparency, additional explanations do not significantly enhance trust. These results align

with [232] but also contradict [18, 157] prior research. Perhaps the additional explanations

encouraged participants to evaluate the agents more critically due to a better understanding,

leading to more appropriate trust [118, 141, 144]. However, our results mainly suggest that

agent behavior contributes more to capacity and moral trust than explanations.

Our results also show that people intervene more when artificial moral agents explain

potential consequences rather than feature contributions or no additional information

(partially confirming H3b). Furthermore, our findings indicate that people are less likely to

reallocate decision-making to themselves when not provided with additional information.

Perhaps they lack sufficient understanding to intervene confidently, such as the quoted

participant in Section 6.4.3. However, it is also possible that the lack of self-reallocations

results from overtrusting the agents [118, 144]. In contrast, people are more likely to

reallocate decision-making to themselves when they receive potential consequences, which

is even amplified by moral sensitivity. This increased likelihood suggests that explain-

ing potential consequences facilitates better trust calibration [118, 144]. Perhaps this

explanation reminds people of their forward-looking responsibility to act proactively and

responsibly to ensure future outcomes are positive [125, 207]. The frequent mention of

human control and responsibility as reasons for self-reallocations also supports this. The
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potential consequences probably also better fulfill the epistemic condition of moral re-

sponsibility, especially awareness of probable consequences and moral significance of

actions [16, 152, 172]. Moreover, this explanation likely better satisfies the foreseeability

and control conditions of moral and legal culpability [178]. Overall, these results indicate

that explainable AI can indeed raise human moral awareness to take responsibility, but

only if a proper explanation is used [30].

Finally, we find no evidence that agent explanations affect meaningful human control

(not confirming H4b). However, our results indicate differences in the factors determining

meaningful human control. Agent interaction and the exertion of operational control

determine meaningful human control less and more frequently when the agents explain

potential consequences. Given the increased self-reallocations when receiving potential

consequences, it is understandable that the higher cognitive demand leads to the exertion

of operational control more frequently determining meaningful human control. We believe

more training and interactions can further improve this [33, 178, 233]. Since the self-

reallocations in response to potential consequences increase with moral sensitivity, it also

follows that agent interaction determines meaningful human control less frequently. Yet,

we are not convinced that more training with the agents explaining feature contributions or

no additional information can improve interaction with these agents. These explanations

simply seem unable to sufficiently (1) remind people of their forward-looking responsibility

and (2) fulfill the conditions of moral responsibility and culpability [16, 125, 152, 172, 178,

207]. We believe the potential consequences can do so and recommend that agents provide

these explanations during dynamic task allocation.

6.5.2 Limitations and Future Work
We acknowledge a few limitations of our work. The first one is the implementation of our

artificial moral agents. We used a hybrid approach that incorporated ethical principles

and predicted moral sensitivity. This approach simplified real firefighting scenarios but

enabled us to implement complex yet interpretable artificial moral agents. Furthermore,

these agents’ moral sensitivity models were domain-specific. However, the underlying

methodology - eliciting moral sensitivity ratings through structured scenarios and statis-

tically modeling key predictors - is adaptable to other domains. Focusing on statistically

significant predictors ensured that our models reflected meaningful moral sensitivity fac-

tors rather than an arbitrarily chosen set. Future work can explore alternative modeling

techniques or apply our methodology to additional domains to enhance generalizability.

Another limitation is the selection of the “appropriate” allocation threshold of 4.2.

Although we determined this threshold using human comfort data, it remains subjective as

no absolute ground truth exists for when morally sensitive decisions should be allocated to

humans. However, our approach ensured that the allocation thresholds were empirically

grounded in human judgements rather than arbitrarily set. Moreover, its alignment of task

allocation with human comfort is crucial for developing trustworthy artificial moral agents.

Interestingly, self-reallocations in response to potential consequences increased notably

from 4.2 onwards. Adjusting this “appropriate” threshold would likely not affect our results

much, as it was merely used to calculate the correct behavior rate. In contrast, we believe

that increasing the difference between the agents’ thresholds could amplify the effects of

agent autonomy. However, there may be a cut-off point for the less autonomous agent,
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as we suspect that approaching complete human decision-making would not be preferred

either. Overall, our testbed facilitates future empirical research on dynamic task allocation,

while our approach and thresholds offer valuable benchmarks.

The generalizability of our findings is also worth discussing. While our controlled

experiments focused on a firefighting use case with participants from our university and

personal contacts, such human-grounded evaluations are essential for providing results

that can be validated in real-world settings [56]. This is crucial given that fewer than 1% of

explainable AI papers validate explainability with humans [195]. We explicitly designed

our study to capture key challenges in human-agent collaboration under high stakes and

time pressure, factors that are generalizable beyond firefighting and enhance the ecological

validity of our findings. Future research should extend these findings through application-

grounded evaluations and across different domains. In addition, although expanding to a

larger, more demographically diverse participant sample would further enhance external

validity, this was not feasible given the face-to-face nature of our experiments. However,

this ensured sustained and deep participant engagement, something often lacking in crowd-

sourced studies. This trade-off prioritized internal validity and provides a solid foundation

for applying our findings to other settings and real-world applications. Overall, we believe

our sample size, participant diversity regarding relevant moral psychology and human-

agent teaming traits, and rigorous experimental design ensure the robustness and broader

relevance of our results.

We identify several suggestions for future work on the influence of different agent

explanations and collaboration configurations. For example, supplementing the current

local explanations with global explanations of agent behavior during decision-making

[56, 79, 126]. Another option would be to explore contrastive explanations that illustrate

what would have resulted in alternative allocations [145, 211]. Furthermore, comparing

our approach to a collaboration where humans determine all allocations is important.

Prior research has shown that people prefer agent-determined allocations over shared

or self-determined ones [77], but this preference might shift when moral decisions are

involved. Finally, it would be interesting to place the human at the operative level and

the artificial moral agent at the oversight level. This could provide a stronger coupling

between moral actions and responsible humans [38], although a responsibility gap could

emerge if the artificial moral agent intervenes and violates ethical guidelines.

6.5.3 Conclusion
This chapter answers the fifth research sub-question of the thesis: How do agents’ autonomy
and their transparency and explanations influence responsible human-agent teaming, individ-
ually and interactively? We explored the influence of agent autonomy and explanations

during the dynamic allocation of moral decision-making in human-agent teams. We con-

ducted user studies in simulated firefighting environments where participants collaborated

with a more and less autonomous artificial moral agent. These agents provided no addi-

tional information, feature contributions, or potential consequences during the allocation

of moral decision-making. Our user studies show a higher moral trust in, agreement with,

meaningful human control over, and preference for the less autonomous agent. Moreover,

we show that people disagree and reallocate decision-making to themselves more when

artificial moral agents explain potential consequences. This difference amplifies with moral
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sensitivity when people collaborate with the more autonomous agent. These findings

demonstrate that people (1) prefer more involvement over higher agent autonomy and

(2) take on greater moral responsibility when artificial moral agents explain potential

consequences. Overall, our study provides crucial insights for responsibly implement-

ing dynamic task allocation and enhancing human-agent teamwork in morally sensitive

situations, such as raising human involvement and explaining potential consequences.





7

121

7
Empowering Human-Robot

Interaction for Firefighting:
Mixed-Methods Comparison

of Teleoperation and
Collaboration

Robots can play a crucial role in firefighting by executing tasks that are too dangerous for
humans. However, they are still often directly controlled through teleoperation, which is
challenging in low-visibility conditions. To address this, we developed TEAMS (Transparent
and Explainable Autonomy for Mapping and Searching), a system that moves from teleop-
eration to collaboration. TEAMS is grounded in expert knowledge and combines fuzzy logic
control, explainable AI, and meaningful human control to facilitate effective and responsible
human-robot collaboration. We compared TEAMS with teleoperation in a mixed-methods
study that combined in-person (n = 4) and video-based (n = 26) evaluations by non-experts,
along with a domain expert review of the videos. Results show a clear contrast between the
qualitative evaluations of in-person interactions and the quantitative evaluations of video-
recorded interactions. Participants highly appreciate TEAMS during in-person interactions,
while they score its video worse than teleoperation on workload, situation awareness, and
usability. We discuss the implications of these results for in-person and video-based evaluations
of human-robot teamwork, as well as for using TEAMS during firefighting.

� Ruben S. Verhagen, Mark A. Neerincx, and Myrthe L. Tielman. Empowering Human-Robot Interaction

for Firefighting: Mixed-Methods Comparison of Teleoperation and Collaboration. Submitted to: The ACM/IEEE
International Conference on Human-Robot Interaction. 2025.
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7.1 Introduction
Humans and robots are increasingly collaborating in high-stakes domains such as fire-

fighting. These human-robot teams combine the unique capabilities of both parties to

achieve outcomes that would be otherwise impossible [3]. However, the robots in these

teams are still frequently under direct human control, for example, when teleoperating

firefighting robots in conditions too dangerous for humans. This is highly challenging

in low-visibility conditions, adding another burden to the already substantial workload

of operators. To reduce this workload, there is a desire to make firefighting robots more

autonomous, especially during navigation [52].

When designing these autonomous robots, it is crucial that the human-robot collab-

oration is effective and ensures meaningful human control [99, 179]. In this chapter, we

present TEAMS (Transparent and Explainable Autonomy for Mapping and Searching) for

such human-robot collaboration. Furthermore, we compare TEAMS with teleoperation

in a mixed-methods study. This study combines (1) a qualitative, in-person evaluation by

non-experts, (2) a quantitative, video-based evaluation by non-experts, and (3) a qualitative

evaluation of the same videos by a domain expert. Consequently, we not only compare

teleoperation and collaboration, but also evaluations of in-person and video-recorded

human-robot interactions. Moreover, our mixed-methods study leverages the complemen-

tary strengths of quantitative and qualitative approaches, pairing generalizable effects with

nuanced experiential insights [198].

7.2 Background
7.2.1 Human-Robot Teams for Disaster Response
Robots are already being used to explore and map environments during disaster response,

such as urban search-and-rescue and firefighting. These robots are still frequently under

direct human control, but there is a strong motivation to make them more autonomous

to reduce human workload [52]. Several papers have compared teleoperation with more

autonomous robots during human-robot collaboration, showing that increased autonomy

enhances team performance and efficiency. However, these studies are frequently conducted

in simulated environments [78, 93, 240–242]. Moreover, their collaboration systems mainly

allow humans to determine navigation destinations [78, 111, 240] or fully autonomous

robot navigation with the ability for operators to take over control or assist [71, 93, 241].

Instead, TEAMS enables the robot to propose three navigation destinations to the human,

who then decides.

A related, in-field study evaluated a semi-autonomous robot with the option for opera-

tors to take over control [111]. The semi-autonomous mode used short spoken operator

commands to control the robot. Results showed that operators only briefly used this mode

but quickly took over complete control via teleoperation. The authors believe the robot’s

lack of behavioral transparency contributed to this by negatively affecting the operators’

trust in the robot’s capabilities. Considering that the level of robot autonomy was still

fairly limited in their study, we believe robot transparency and explanations will be even

more important in TEAMS.
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7.2.2 Robot Transparency and Explanations
Explainable AI (XAI) is the field that develops methods for generating and communicating

such robot transparency and explanations [9, 149]. Without it, people might attribute

robot behavior by assigning inappropriate mental states that explain the behavior, such

as incorrect beliefs, goals, and intentions [132, 133, 145]. Common explanation types

include feature attributions and contrastive explanations [214]. Feature attributions clarify

which relevant features influence robot behavior, making them useful for enhancing

predictability and identifying biases [1]. Contrastive explanations clarify why robots make

certain decisions over others and help improve predicability and understand reasoning

[145]. Studies often show that increasingly transparent and explainable agents/robots

enhance situation awareness, trust, and performance, but also negatively impact workload

[34, 142, 157, 187]. A significant goal within XAI is designing robots that can adapt

their transparency and explanations based on users [9, 157]. For example, by decreasing

information load in response to high human workload. Such personalized explanations

can be generated and/or communicated based on user models, but also by allowing users

to decide for themselves.

During human-robot teamwork, transparency and explanations are crucial for humans

to exercise control properly [214, 234]. Ultimately, humans should be aware of their

responsibility for outcomes resulting from robot behavior [16, 125]. Meaningful human

control requires humans to be both aware and able to act upon this responsibility [30, 179].

This is particularly important for human-robot teamwork in morally sensitive domains

such as firefighting, where people’s welfare, rights, and values may be directly or indirectly

affected [57, 214]. How the collaboration is designed and shaped can partially achieve

this [30, 219], for example, by keeping humans-in-the-loop [33, 46, 144] and making them

responsible for object recognition and determining navigation destinations.

7.2.3 Evaluating Human-Robot Interaction
Human-robot interaction can be evaluated in various ways. Videos are increasingly used

(e.g., in [116, 203]), as they provide flexibility and can reduce the resources required to

conduct studies, though at the cost of lower fidelity [119]. Several studies have compared

people’s perceptions of in-person and video-recorded human-robot interactions [124, 135,

204, 249]. Overall, these studies have yielded mixed results, showing both agreement

between the two interaction modalities [135, 249] and more positive perceptions of robots

during in-person interactions [124, 204]. However, these comparative and video evaluation

studies focus primarily on more social human-robot interactions rather than functional

human-robot teamwork.

7.2.4 Hypotheses
For our quantitative, video-based evaluation, we formulated the following hypotheses

based on the need for more autonomous robots that reduce human workload [52] and

enhance collaboration [93] (pre-registered at the Open Science Framework [228]):

Compared to teleoperation, collaboration will lead to lower perceived workload (H1),
higher trust in robot performance (H2), higher perceived situation awareness (H3), higher
system usability (H4), and a stronger overall preference (H5).
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As pre-registered, we expect similar themes to emerge from the qualitative, in-

person evaluations by non-experts and the qualitative, video-based evaluation by the

domain expert.

7.3 Human-Robot Interaction Testbed
7.3.1 Hardware and Software
We used a TurtleBot3 Waffle Pi and a Dell Latitude 7410 laptop running Ubuntu 20.04

LTS for our human-robot interaction studies. Robot behavior and communication were

implemented with ROS 1 Noetic and MATLAB R2024b. RViz provided the human-robot

interaction interface, combining sensor visualizations (LiDAR LDS-02 and Raspberry Pi

Camera Module v2.1) with custom panels for operator inputs via ROS topics, enabling

bidirectional communication. For teleoperation, we used the RC-100B Bluetooth joystick.

7.3.2 Task and Environment
The in-person studies involved two simulated firefighting tasks. The goal of the tasks was to

map the environments and find victims. We created two similar but distinct environments,

each with four rooms, six victims, and 12 obstacles. Moving boxes were used as walls,

openings between these boxes as doors, waste bins with sad faces as victims, and books as

obstacles (Figure 7.1). We blurred the robot’s camera to simulate low-visibility conditions

commonly encountered during human-robot interaction for firefighting.
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Figure 7.1: Experimental setup of our task and environment.

7.4 TEAMS
7.4.1 Design
We applied the socio-cognitive engineering method [150] to develop TEAMS for firefighting.

TEAMS combines fuzzy logic control, XAI, andmeaningful human control to foster effective

and responsible human-robot collaboration. We first elicited foundational knowledge

regarding operational demands, technology, and human factors through discussions with

firefighters. These discussions provided us with stakeholder preferences and requirements

for the robot and interaction, which we integrated into TEAMS. For example, the firefighters

told us that more autonomous navigation is their biggest challenge and desire. Therefore,

other robot functionalities, such as computer vision for object recognition, have lower

priority and are tasks they can execute themselves. They also emphasized the importance

of identifying doors and highlighted the need to simultaneously map and navigate the

environment to avoid delaying the mission. Regarding human-robot interaction, the

firefighters preferred active and explicit human control over fully autonomous robot

behavior. More specifically, they preferred a decision support system supplemented by

visual robot explanations.

7.4.2 Robot Navigation
Based on this foundation, we specified and implemented TEAMS (Figure 7.2). A Mamdani-

type fuzzy logic controller drove the robot’s navigation, chosen to encode expert knowledge,

support real-time decisions with low computational cost, and enable autonomous naviga-

tion [58, 114, 155, 165, 191]. This controller received inputs from sensing the environment
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Fuzzy logic controller

Output:

destination 1
destination 2
destination 3

Robot

Map

Camera

Human
inputs

Identified objects:

door
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Decided 
temporary
destination

Robot control system

Human

Figure 7.2: TEAMS: Our human-robot collaboration system.

and from communicating with the human. The environmental inputs included the time

to reach a destination and the path clutter towards that destination. The time to reach a

destination ranged from 2 to 14 seconds, derived from the robot’s perception radius and

maximum speed, and grid cell dimensions. The path clutter ranged from 0 to 1, based on

the proportion of occupied cells in the shortest path to a destination.

The human inputs included the location of victims, doors, and obstacles provided via

the collaboration interface described in Section 7.4.3 and shown in Figure 7.3. Using this

data, the controller derived the distance to victims, doors, and obstacles between all grid

cells in the robot’s perception field, ranging from 0.5 to 7 meters. We mapped all inputs to

three linguistic categories (low, medium, high).

Based on the environmental and human inputs, the controller determined the attraction

value for each grid cell in the robot’s perception field. These attraction values reflected the

relative importance of reaching that destination and ranged from 0 to 1, mapped to five

linguistic categories (very low, low, medium, high, very high). The controller computed

these values using a set of 22 fuzzy rules based on expert knowledge elicited during

discussions with the firefighters, to approximate human-like reasoning. For example:

1. If the time to reach a destination is high, the path clutter is high, the distance to a

door is close, and the distance to an obstacle is close, then the attraction is very low.

2. If the time to reach a destination is low, the distance to a door is close, and the

distance to a victim is close, then the attraction is very high.

The final output of the controller consisted of the three destinations with the highest

attraction. The human then picked their preferred destination from these options, followed

by the robot navigating towards it. For planning trajectories, we used a time-elastic-band

approach [171] instead of a dynamic window approach [72] because it ensured smoother

robot motion. The robot simultaneously mapped and navigated the environment [17].
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When planning trajectories, the robot avoided detected obstacles in its map. After reaching

a destination, the process started again. We kept track of the grid cells traversed during

the previous trajectory and removed those cells as possible destinations during the next

iteration.

7.4.3 User Interface
We facilitated human-robot collaboration with the user interface shown in Figure 7.3. This

interface consisted of (1) live camera footage from the robot, (2) a live 2D occupancy grid

map generated from LiDAR, (3) an enriched recreation of this grid map with attraction

values, identified objects, and highlighted best and worst destinations, (4) a radar chart of

the fuzzy input features for the highlighted best and worst destinations, and (5) operator

input panels for object identification, destination selection, and information customization.

To provide the inputs to the controller, users first clicked a grid coordinate on the live

2D occupancy grid map. Next, they indicated whether this grid coordinate contained a

victim, door, or obstacle, using the object identification panel. These objects were then

added to the enriched recreation of the grid map using intuitive icons to enhance users’

situation awareness during the task. If the grid coordinate contained an obstacle, it was

integrated into the robot’s navigation map and displayed on the live occupancy grid map.

After the controller determined the attraction values for all grid cells, they were overlaid

on the enriched occupancy grid map to enhance users’ situation awareness during the task.

Furthermore, this map highlighted the three destinations with the highest attractions. The

radar chart was also updated to highlight the fuzzy input features of these three destinations,

visually explaining the controller’s reasoning. To further clarify its counterfactual reasoning,

the interface also highlighted the three lowest-ranked destinations on the map and radar

chart. Users selected their preferred destination using the corresponding selection panel.

Finally, we implemented personalized explainable AI by allowing users to customize

the information displayed in the enriched occupancy grid map and radar chart. They

could remove the three lowest-ranked destinations from both images, the attraction values

from the enriched grid map, and the labels from the radar chart. Users could also always

add this information back. This ensured direct human control over the transparency and

explanation content, allowing them to tailor it to their informational needs.
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7.5 Robot Teleoperation
Users directly controlled the teleoperated robot using a joystick, allowing them to move

the robot forward, turn left, or turn right. Each press triggered a short, real-time, fixed-

duration motion, so control was step-wise rather than continuous. Additional button

presses during an ongoing step were registered and executed sequentially. The system

operated with the platform’s default teleoperation configuration upon connecting, without

custom tuning.The human-robot interaction interface during teleoperation did not contain

the radar chart, destination selection panel, and information customization panel. We still

asked participants to add detected victims to the enriched occupancy grid map using the

object identification panel. This way, we could compare the number of victims found for

both conditions.

7.6 Method
7.6.1 Experiment Design
We conducted a mixed-methods, one-factor, within-subjects experiment comparing two

robot autonomy conditions: teleoperation and collaboration/TEAMS. This study consisted

of (1) a qualitative, in-person evaluation by non-experts, (2) a quantitative, video-based

evaluation by non-experts, and (3) a qualitative evaluation of the same videos by a domain

expert. We chose these mixed methods for several reasons. First, hardware issues did not

allow for large-scale, in-person experiments. Furthermore, by combining methods, we

attempted to address the disadvantages of the individual components. Additionally, this

combination provided both generalizable effects and nuanced experiential insights across

levels of fidelity. Finally, we were interested in comparing the evaluations of in-person and

video-recorded human-robot interactions.

7.6.2 Participants
Evaluating In-Person Interactions
We recruited four participants from our academic and personal networks (two female and

two male). Three participants were 25-34 years old and one participant was 18-24 years

old. Two participants obtained a Bachelor’s degree and two a Master’s degree.

Evaluating Video-Recorded Interactions
We recruited 26 participants from our academic and personal networks for the video-based

evaluation by non-experts (13 female and 13 male). Three participants were 18-24 years

old, ten were 25-34 years old, four were 35-44 years old, eight were 45-54 years old, and

one was 55-64 years old. One participant was a high school graduate, four obtained some

college credit but no degree, four an Associate degree, eight a Bachelor’s degree, seven

a Master’s degree, and one a PhD degree. We recruited one domain expert from our

professional network for the qualitative evaluation of the video-recorded interactions. This

male participant was 55-64 years old and a high school graduate. All participants signed

an informed consent form approved by our institute’s ethics committee (ID 6011).
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7.6.3 Video-Recorded Interactions
We used screen recordings of the user interface for the video-based evaluations, interacting

with both systems while mapping half of the environment. We increased the speed of these

videos to 1.6; they took 3 minutes and 8 seconds for teleoperation and 5 minutes and 16

seconds for TEAMS. Finally, we recorded our hand that controlled the joystick and added

this to the teleoperation video. These videos can be found in [228].

7.6.4 Measures
Video-Based Evaluation by Non-Experts
We quantitatively and subjectively measured participants’ perceptions of operator workload

and situation awareness, trust in the robots’ performance, system usability, and interac-

tion preferences. Additionally, we qualitatively collected participants’ reasons for their

interaction preferences through an open-ended survey question. We measured perceived

operator workload using the raw NASA-TLX scale [87]. This scale distinguished between

six workload components, each scored on a scale of 0 to 100 with increments of 5. We com-

puted the mean of these six scores as the final workload score. Perceived operator situation

awareness was measured using the Situation Awareness Rating Technique (SART) [199].

This 10-item scale was scored on 7-point bipolar scales (low vs. high) and distinguished

between demand, supply, and understanding components. We computed the final situation

awareness score using the associated formula.

Participants’ trust in the robots’ performance was measured using the Multi-

Dimensional Measure of Trust (MDMT) [134]. We only used the performance trust subscale,

measured by eight one-word items scored from 0 (not at all) to 7 (very). The scale also
provided the answer option does not fit, which turned selected items into missing values.

We computed the mean of the eight items as the final performance trust score.

System usability was measured using the System Usability Scale (SUS) [23]. This 10-

item survey was scored on 5-point Likert scales ranging from strongly disagree to strongly
agree. We computed the final system usability score using the associated formula. Finally,

we measured interaction preference using a 7-point bipolar scale. This scale ranged from

−3 (strong preference for teleoperation) to +3 (strong preference for collaboration). The middle

point indicated no preference for any approach.

In-Person Evaluation by Non-Experts
We qualitatively explored participants’ workload and situation awareness during the tasks,

trust in the robots, control over the robots, system usability, and interaction preferences

through post-task, semi-structured interviews. Participants first completed the same

surveys described in Section 7.6.4, along with the Experienced Control survey [214]. These

survey scores were then used as prompts to ask open-ended follow-up interview questions

about participants’ reasoning and experiences. Finally, for each interaction, we logged

participants’ number of crashes, explored rooms, and found victims.

Video-Based Evaluation by Domain Expert
We qualitatively explored the domain expert’s comparison of the two systems through an

interview. The domain expert first watched both videos. We then asked him open-ended

questions regarding the challenges, advantages, disadvantages, and applicability of both

systems.
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7.6.5 Procedure
Study Procedure
All participants first filled in the informed consent form and demographic questions. The

non-experts evaluating the video-recorded interactions then watched the video of the

first interaction, followed by the surveys on workload, trust, situation awareness, and

system usability. They then watched the video of the second interaction (the order was

counterbalanced), followed by the same surveys. Lastly, we asked participants about their

interaction preference. The domain expert evaluating the video-recorded interactions

first watched both videos, starting with the teleoperation video. We then conducted the

interview. Both studies lasted approximately 30 minutes.

After completing the consent form and demographic questions, the non-experts evalu-

ating the in-person interactions watched a 10-minute video explaining TEAMS. During the

tasks, participants faced the opposite direction of the environment, so they had to navigate

using the interface only. After the tutorial, participants interacted with one of the two

approaches for a maximum of 15 minutes (the order was counterbalanced), followed by

the surveys on workload, trust, control, situation awareness, and system usability. We

conducted the semi-structured interview immediately after completing the surveys. Next,

participants interacted for 15 minutes with the second approach, again followed by the

surveys and semi-structured interview. After this interaction, we also asked participants

about their interaction preference. We automatically transcribed the audio recordings of

all interviews. The whole study lasted approximately two hours.

Qualitative Data Analysis
We analyzed all the qualitative data using thematic analysis [20]. This data included (1) the

transcripts of the semi-structured interviews after in-person interactions, (2) the transcript

of the domain expert interview after watching the video-recorded interactions, and (3) the

non-experts’ answers to the open-ended question on interaction preference after watching

the video-recorded interactions. The first author and a double coder (non-expert) first

reviewed the data and developed codebooks for each dataset. For the in-person interaction

interviews, the codebook consisted of 64 codes grouped by the six variables discussed

during the interviews. Both coders then independently coded 43 extracts from half of the

transcripts, yielding substantial inter-rater reliability (Cohen’s 𝜅 = 0.71). For the domain

expert interview, the codebook included 21 codes, and the eight extracts were double-

coded with almost perfect agreement (Cohen’s 𝜅 = 0.91). For the non-experts’ open-ended

answers, the codebook comprised 18 codes. Both coders independently coded all 26 answers

with almost perfect agreement (Cohen’s 𝜅 = 0.82). For each dataset, the coders discussed

disagreements until they reached a consensus.

7.7 Results
7.7.1 Evaluation of In-Person Interactions
We first investigated the number of crashes, explored rooms, and found victims. With

four participants, we report descriptive patterns only. Participants crashed more during

teleoperation (Md = 3 [1–9]) than collaboration (Md = 0.5 [0–3]). However, they explored

more rooms during teleoperation (Md = 87.5% [50–100%]) than collaboration (Md = 37.5%
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[25–100%]). Consequently, participants also found more victims during teleoperation (Md
= 75% [50–100%]) than collaboration (Md = 33% [17–100%]).

Next, we clustered the codes resulting from the thematic analysis into themes on the

main topic of comparing teleoperation and collaboration (Figure 7.4). Our analysis revealed

that the following four themes are underlying the main topic: (1) divergent learning

curves: quick-start teleoperation vs. practice-built collaboration; (2) the teleoperation

burden: manual control costs vs. information-rich collaboration; (3) hardware and software

constraints undermine human-robot interaction; and (4) desire for streamlined collaboration

interface. Below, we discuss each theme in detail.

Divergent Learning Curves
All participants mentioned that their interaction with both systems improved over time

by becoming more intuitive and familiar. Most participants (3/4) indicated that TEAMS

required more training and practice to overcome its complexity, but that it ultimately

became easy and simple to learn and use. For example, one participant explained: “A
joystick is something you already know, at least I do from gaming, so I could get started with
it more quickly. The other system is slightly more complex, so naturally it takes a bit longer
before you get used to it.”

The Teleoperation Burden
The first sub-theme that we identified within the second theme was manual costs in
teleoperation. Most participants reported that teleoperating the robot was more frustrating,

demanding, and challenging. All participants agreed that it was difficult to control the

teleoperated robot properly with the joystick. For example, one mentioned: “I found driving
myself quite frustrating because I could not always get the robot where I wanted, whereas
with TEAMS, I did not have to control anything.”

The second sub-theme was guided, information-rich collaborative control. All partici-
pants agreed that they experienced more and easier control during collaboration. Most

participants especially appreciated that TEAMS proposed three destinations and under-

stood their commands by autonomously navigating to the destinations. For example, one

participant explained: “It was quite easy because you just have to press a button and then the
robot will execute that.” While another one mentioned: “With TEAMS, it felt like the robot
and I were helping each other. What I also liked about TEAMS was that it already suggested
where it should drive.” Half of the participants further mentioned that the interface for

TEAMS contained more information and thus required focus to consider all this data.

The third sub-theme was trustworthy, intelligent autonomy. Most participants indicated

that they found the collaborative robot more intelligent. They especially appreciated the

suggested destinations, autonomous navigation, and obstacle avoidance. For example, one

participant mentioned: “It felt like the collaborative robot thought a bit more for itself, moving
to places on its own. I could also see that it kept doing that quite reliably, it really went to
the cell it said. That made my trust higher.” In contrast, half of the participants found the

teleoperated robot unpredictable.

The fourth sub-theme was bounded collaborative control. Two participants mentioned

how the control over the collaborative robot was limited by its selection of just three

suggested destinations. For example: “You cannot choose the targets. Where the robot
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navigates, it decides itself. You can only take small steps. If you want to proceed a lot, you
cannot do that.”

Hardware and Software Constraints Undermine Interaction
Two participants indicated that the camera from TEAMS could be improved or expanded to

ensure a complete view of the environment. For example, one of them mentioned: “A real
advantage of teleoperation is that you can actually look everywhere. The collaborative robot
thinks more for itself, which is less convenient for the visuals. If it were possible to have a front
and back view, that would really make it easier.” Furthermore, two participants indicated

that the teleoperated robot experienced a camera lag. Finally, participants individually

mentioned that the hardware could be improved and that updating information in the user

interface could be faster.

Desire for Streamlined Collaboration Interface
Most participants highlighted aspects of the interface for TEAMS that could be further

improved. Two of them indicated that they did not really use the radar chart with the fuzzy

input features for the best and worst destinations. One of these two further proposed to

use the information customization panel just once, before starting the interaction. The

other suggested to overlay the live 2D occupancy grid map and its enriched recreation into

one map.

7.7.2 Non-Expert Evaluation of Videos
We analyzed the quantitative data with parametric paired samples T-tests if the underlying

assumptions were met; otherwise, we used non-parametric paired samples Wilcoxon tests

(Figure 7.5). Results showed that participants perceived operator workload as significantly

higher during collaboration (M = 49.58, SD = 13.45) than teleoperation (M = 38.56, SD =

17.01) (t(25) = 3.75, p < 0.001). Furthermore, they perceived operator situation awareness

as significantly higher during teleoperation (M = 22.42, SD = 7.11) than collaboration (M =

19.31, SD = 6.03) (W = 48.5, p < 0.01). Participants also scored system usability significantly

higher for teleoperation (M = 64.62, SD = 22.10) than collaboration (M = 47.02, SD = 18.43)

(t(25) = −4.53, p < 0.001). In contrast, the results did not show a significant difference in

participants’ trust in the teleoperated (M = 5.82, SD = 0.74) and collaborative (M = 5.54,

SD = 1.00) robot (W = 122, p = 0.43). Finally, a one-sample Wilcoxon signed-rank test

against 0 (no preference) showed that the participants significantly preferred teleoperation

(M = 1.31, SD = 2.13) (W = 169, p < 0.001). Overall, these results did not support any of

our hypotheses: H1, H3, H4, and H5 showed significant effects in the opposite direction

(favoring teleoperation), while H2 showed no significant difference.

Next, we clustered the qualitative codes into themes related to the comparison of

teleoperation and collaboration (Figure 7.4). Our analysis revealed that the following

three themes are underlying the main topic: (1) divergent learning curves: quick-start

teleoperation vs. practice-built collaboration; (2) the collaboration burden: information-

overloaded collaboration vs. teleoperation ease and control; and (3) human-robot synergy.

Below, we discuss these themes in more detail.
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Figure 7.5: Boxplots of workload, trust, situation awareness, and system usability for both robot autonomy

conditions.



7

136 7 Empowering Human-Robot Interaction for Firefighting

Divergent Learning Curves
We identified the same first theme as for the in-person interaction evaluations. Again,

some participants highlighted teleoperation familiarity and collaboration complexity. For

example: “The operator made teleoperation seem a lot easier and more straightforward to both
use and understand. It also seemed there was less to learn, but I do consider that by spending
time with TEAMS, it might be easier to use and prove to be better.”

The Collaboration Burden
This theme contrasted with the theme identified for the in-person interactions. Many

participants (16) indicated that they perceived teleoperation as easier and more intuitive to

use, while also granting more and easier control. Moreover, several participants (6) reported

that they believed teleoperation would facilitate better coordination and awareness because

TEAMS presented more information and was more interactive.

Human-Robot Synergy
Several (4) participants did appreciate TEAMS, especially the combination of human and

robot intelligence. One participant reported: “Two heads are better than one. TEAMS is likely
to benefit from a human-led search with an integrated automatic search pattern augmenting
the process.” Similarly, another participant mentioned: “TEAMS allows leveraging the
perception technology of the robot, and it increases reliability, which helps in the successful
completion of the task. Teleoperation is mostly reliant on human senses, which may or may
not be able to perceive the perception of the smoke-filled room correctly.”

7.7.3 Domain Expert Evaluation of Videos
Finally, we clustered the qualitative codes for the domain expert evaluation of both videos

into themes related to the comparison of teleoperation and collaboration (Figure 7.4). Our

analysis revealed that the following three themes are underlying the main topic: (1) human

operator expertise vs. technological limits; (2) the teleoperation burden vs. collaboration

value; and (3) streamlining collaboration. Below, we discuss these themes in more detail.

Human Operator Expertise vs. Technological Limits
The domain expert emphasized the importance of human operator involvement because

of their expertise and the limitations of technology. He explained: “Having the operator
identify victims, doors, and obstacles, instead of computer vision, actually works well. I prefer
it, because computer vision is challenging in low-visibility conditions and we, of course, have
our own skills. In the end, we want operators to make enough decisions themselves, since we
bring a lot of expertise.”

The Teleoperation Burden
This theme aligned with the second theme identified for the evaluations of the in-person

interactions. The domain expert emphasized the importance of more autonomous and

straightforward robot navigation due to the challenges of camera-based robot teleoperation

in low-visibility conditions. He perceived TEAMS and the selection of navigation destina-

tions as an improvement over teleoperation, particularly in terms of operator workload

and task efficiency.
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Streamlining Collaboration
This theme aligned with the fourth theme identified for the in-person interactions. The

domain expert mentioned several ways to streamline TEAMS. For example, using one

operator for navigation and another for object recognition to further reduce workload. He

also explained: “A combination of TEAMS with teleoperation would probably work best. I can
imagine that the three suggested destinations are not always sufficient. Sometimes, the option
to occasionally take full manual control would likely be the best.” Furthermore, the domain

expert discussed adapting the fuzzy rules based on task characteristics: “Sometimes the
task determines which navigation destinations are attractive, and therefore the underlying
rules. In that case, we might even leave victims for the moment and first quickly map
everything.” Finally, he emphasized the importance of ensuring TEAMS does not become

too complicated, as autonomous navigation is the most crucial aspect.

7.8 Discussion and Conclusion
7.8.1 Discussion
The results for the in-person interactions highlight that participants appreciate TEAMS

compared to teleoperation, despite its (initial) complexity and lower area coverage. Partici-

pants especially struggled to control the teleoperated robot, as also reflected by the higher

number of crashes. Therefore, they particularly valued the proposed destinations from

TEAMS, as well as its autonomous navigation and obstacle avoidance based on their inputs.

Notably, this enhanced robot autonomy did not improve area coverage, which contrasts

with prior work [93, 168, 241, 242]. However, with only four in-person participants, we

interpret this result cautiously. Finally, participants suggested several ways to enhance

TEAMS. These include adding more cameras to provide a complete view of the environ-

ment, removing the radar chart from the user interface, and merging the two occupancy

grid maps.

These results mostly correspond to the video-based evaluations by the domain expert.

The domain expert also valued TEAMS for selecting destinations and autonomous naviga-

tion while avoiding obstacles. He also emphasized the burden of teleoperation when using

cameras in low-visibility conditions, a common issue within the field [52, 111, 168]. Since

the domain expert had experience with teleoperating firefighting robots, it makes sense

that these results align. Furthermore, he proposed several ways to improve TEAMS. These

include combining TEAMS with the option to take complete manual control (i.e., variable

autonomy [144]), adapting the fuzzy rules based on task characteristics, and simplifying

where possible.

Meanwhile, our results reveal a contrast between the in-person and video-based evalu-

ations by non-experts. While the in-person interactions highlighted the value of TEAMS

and the burden of teleoperation, participants rated the video of TEAMS worse than teleop-

eration on workload, situation awareness, and usability. Furthermore, they emphasized

the user-friendliness of teleoperation and the information overload of TEAMS. These

results contradict prior comparisons of in-person and video-recorded (social) human-robot

interaction, which typically find agreement between modalities or more positive percep-

tions in-person. Similar to other works [124, 204], participants perceived TEAMS more

positively in person than via video. In contrast, participants perceived teleoperation more
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positively via video than in person. On the one hand, this suggests that videos may be

suitable for evaluating social human-robot interaction, but are poor proxies for assessing

human-robot teamwork. Only the in-person interactions seem to accurately capture the

situated dynamics and challenges, such as actually controlling the teleoperated robot. On

the other hand, the video-based evaluations by non-experts still provide valuable insights

for enhancing TEAMS by reducing workload and increasing usability.

Finally, the results provide several practical implications for TEAMS during firefighting.

First, the importance of training. TEAMS requires training to overcome its initial complexity,

but with practice, it becomes more intuitive and efficient. Perhaps more training also yields

better performance, similar to prior work [93, 168, 242]. Second, iterative, human-centered

streamlining. It is crucial to continuously improve TEAMS to optimize operators’ workload,

situation awareness, usability, and performance [150]. Third, enhancing hardware and

software. Hardware improvements should facilitate complete camera coverage, while

optimizing software should accelerate interaction, decision-making, and navigation.

7.8.2 Limitations and Future Work
A first limitation is the use of non-experts to evaluate the video-recorded human-robot

interactions. Based on our results, we argue that video-recorded interactions are poor

proxies for evaluating human-robot teamwork because they do not capture the situated

dynamics. However, such videos might still be effective when evaluated by domain experts

who have actual experience with the interactions, situations, and software shown in the

videos. Therefore, for future work, it would be interesting to recruit sufficient domain

experts to evaluate our video-recorded human-robot interactions quantitatively. Perhaps

the results would then better align with the in-person evaluations and prior literature

[124, 135, 204, 249].

Furthermore, our fuzzy logic controller enables real-time navigation by gathering

information and using fuzzy rules, but does not incorporate prediction capabilities in

decision-making. Such capabilities are valuable in dynamic environments with moving ob-

stacles, for example, resulting from fire spread [73] or victim motion [169]. These dynamics

are typically handled with model predictive control, which forecasts state evolution to

anticipate and avoid unsafe motions [12, 161]. However, the trade-off is a higher computa-

tional load compared to our lightweight fuzzy logic controller. Recent work also integrates

the two control strategies for unknown search and rescue environments [196], suggesting

a promising direction for future work.

As another limitation, TEAMS was not (yet) implemented on a robot of the Fire Brigade

and evaluated at their (more realistic) test sites. The next improved version of TEAMS

should be evaluated at such a test site with domain experts. This would further enhance

the generalizability of our work to real-life settings [56, 195].

7.8.3 Conclusion
This chapter answers the sixth research sub-question of the thesis: How should we design a
semi-autonomous, transparent and explainable robot in human-robot teams for firefighting,
and how does the increased autonomy impact effective and responsible collaboration com-
pared to teleoperation? To address this question and common challenges of teleoperating

firefighting robots, we developed TEAMS (Transparent and Explainable Autonomy for
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Mapping and Searching). TEAMS is grounded in expert knowledge and combines fuzzy

logic control, explainable AI, and meaningful human control to facilitate effective and

responsible human-robot collaboration. Our mixed-methods study compared TEAMS with

teleoperation through in-person trials with non-experts and video-based evaluations by

non-experts and a domain expert. Methodologically, this study leverages the complemen-

tary strengths of quantitative and qualitative approaches, pairing generalizable effects with

nuanced experiential insights. The results yield two main contributions. First, they reveal

a clear contrast between qualitative, in-person evaluations and quantitative, video-based

evaluations. In-person interactions emphasized the value of TEAMS and burden of tele-

operation, whereas non-experts rated the video of TEAMS worse on workload, situation

awareness, and usability. Importantly, the in-person findings aligned with the domain

expert’s evaluation, suggesting that non-expert, video-based evaluations are poor proxies

for assessing human-robot teamwork. Second, both the in-person participants and the

domain expert appreciate TEAMS for providing navigation suggestions and autonomous

navigation, addressing the challenge of camera-based robot teleoperation in low-visibility

conditions. Overall, our findings offer several practical implications for deploying TEAMS

during firefighting. These include providing training to overcome initial complexity, imple-

menting iterative and human-centered refinements, and enhancing hardware and software.
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8
Advancing Human-Machine

Teaming: Definitions,
Challenges, Future

Directions

Humans and intelligent machines increasingly collaborate on complex tasks, although signif-
icant challenges remain before machines can function as effective teammates. The human-
machine teaming research community attempts to address these challenges by developing and
testing methods that identify and enhance the factors essential for successful teaming. However,
this community suffers from a lack of requirements for effective research, numerous methods
without centralized documentation, and a disconnect between research and real-world applica-
tions. These challenges hinder progress and limit the generalizability of research outcomes. To
address these issues, we argue that the human-machine teaming research community should
establish a more structured and systematic approach to studying and advancing the field. This
chapter identifies and discusses several key research directions and actionable outputs for such
an approach. These include taxonomies and guidelines to streamline research, team design
patterns to describe reusable solutions, modular testbeds to facilitate comparability and reuse,
and study templates to foster creativity and encourage sharing. We believe that these elements
can help formulate requirements for effective human-machine teaming research and foster the
development of modular and well-documented testbeds. Achieving these goals can contribute
to more ecologically valid human-machine teaming research and, thus, a stronger connection
between research and real-world applications.

8.1 Introduction
Humans and intelligent machines increasingly collaborate on complex tasks, ranging from

firefighting to manufacturing. As the capabilities of intelligent machines grow, they will

� Ruben S. Verhagen, Mark A. Neerincx, X. Jessie Yang, and Myrthe L. Tielman. Advancing Human-Machine

Teaming: Definitions, Challenges, Future Directions." HHAI 2025. IOS Press, 2025. 49-59.
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increasingly act as full-fledged team members instead of tools. The ultimate goal of human-

machine teams is combining the strengths of both parties to accomplish tasks that neither

can do alone [3]. The success of these human-machine teams can be affected by many

factors, such as mutual trust, coordination, and co-adaptation [99, 175].

Despite ongoing advancements in human-machine teaming, significant challenges

remain before machines can function as truly effective teammates for humans [101]. Intel-

ligent machines often operate as opaque “black boxes", making their inner workings and

behaviors difficult for humans to comprehend and trust appropriately [79, 126, 130, 145].

Furthermore, these systems still lack the necessary knowledge, skills, and strategies to

manage interdependencies with humans effectively [101]. To address these challenges,

the human-machine teaming research community plays a critical role by developing and

testing methods that identify and enhance the factors essential for successful teaming.

Currently, this community suffers from a lack of requirements for effective research,

numerous methods without centralized documentation, and a disconnect between research

and real-world applications. Therefore, in this work, we propose that the human-machine

teaming research community prioritize establishing a more structured and systematic

approach to studying and advancing the field. More specifically, by identifying the require-

ments for human-machine teaming research and emphasizing reusable and comparable

methods and testbeds. We discuss several concrete research directions and actionable

outputs for the community to focus on, such as taxonomies and guidelines, team design

patterns, modular testbeds, and study templates. Ultimately, we believe these efforts can

accelerate progress in the field and contribute to a common platform with essential tools

and resources for human-machine teaming research.

8.2 Human-Machine Teaming (Research)
8.2.1 Background and Definitions
Several terms and concepts related to human-machine teaming exist, such as hybrid

intelligence [3], human-centered artificial intelligence (AI) [189], and human-machine

interaction [157]. In this subsection, we review these concepts in detail. It is important

to note that we do not intend to endorse any single definition over the others. Instead,

we aim to capture emerging trends and highlight the nuances we observe. First, many

human-machine alternatives, such as human-agent/AI/automation/autonomy/computer/

robot interaction, are used. We believe human-machine interaction encompasses all these

alternatives, as they specify the type of machine interacting with a human. This interaction

can be of any kind, complexity, or modality and does not even have to be goal-oriented.

Human-machine teaming is a type of human-machine interaction and can be defined as

at least one human and machine working together toward a shared goal [99]. Interaction

becomes teamwork when there is a degree of 1) interdependence between the activities

and outcomes of humans and machines and 2) machine agency involving independence of

actions and proactivity [131, 157, 238, 252]. Human-machine teams focus on augmenting

human and machine capabilities by combining the unique strengths of both parties to

accomplish what neither could do alone [3]. These teams are generally involved in cognitive

and/or physical work, where the former consists of mental or information processing

activities, while the latter relates to manipulating tangible objects in the world [217]. Team
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members usually have explicit roles during this work, such as supervisor, performer, or

supporter [99]. These roles often result in different interdependencies between humans

and machines, such as required or optional collaboration [99]. The application domains

of human-machine teams include emergency response, healthcare, manufacturing, and

defense. For example, firefighters that teleoperate explore-and-extinguish robots because

of mutually exclusive dependencies to extinguish and navigate [233].

Hybrid intelligence is another type of human-machine interaction and can be defined as

combining human and artificial intelligence to augment their isolated operations [3, 51, 200].

This type of interaction is also described as symbiotic artificial intelligence in other works

[54]. Most existing works on hybrid intelligence adopt a technology-centric perspective

when augmenting human and/or machine intelligence to achieve human or machine goals

[51, 127, 209]. Hybrid intelligence systems are primarily involved in cognitive work, such as

supporting human learning [146] and computer vision [258]. Another example is combining

machine processing with human understanding and reasoning to extract arguments from

opinions [209].

In contrast to this technology-centric perspective, recent research on hybrid intelligence

emphasizes the collaboration between humans and AI toward shared goals [51, 200, 256].

This team-oriented perspective even frames hybrid intelligence systems as hybrid intelli-

gence teaming, providing an overlap with human-machine teaming [157]. However, hybrid

intelligence teams are primarily involved in cognitive work, such as complementing exper-

tise for joint object identification [256] or determining temporary navigation destinations.

Since hybrid intelligence teams are rarely involved in physical work, we consider them a

subset of human-machine teaming.

Another type of human-machine interaction is human-centered artificial intelligence,

which can be defined as augmenting human capabilities with embedded AI methods

while ensuring human control [189]. This perspective places humans and their goals at

the center, focusing on user needs, explainable systems, and meaningful human control

[122, 166, 189, 190]. Human-centered AI can augment human capabilities during both

cognitive and physical work, such as augmented reality helmets to improve situational

awareness or exoskeletons to enhance physical strength [189].

These examples illustrate machines that enhance human capabilities but not necessarily

human intelligence. If human-centered AI systems augment human intelligence by integrat-

ing human and artificial intelligence, this can be considered hybrid intelligence. We define

this overlap between hybrid intelligence and human-centered AI as human-centered hybrid

intelligence. Like hybrid intelligence, human-centered hybrid intelligence is primarily

involved in cognitive work, such as personalized AI support for firefighters by highlighting

how mission characteristics differ from their experience [220].

In Figure 8.1, we visualize the relationships between all discussed concepts above.

Moreover, in Table 8.1, we summarize the conceptual differences between these concepts.

In summary, hybrid intelligence augments intelligence and focuses primarily on cognitive

work, while human-machine teaming and human-centered AI can also augment other

capabilities and focus on physical work. Furthermore, human-centered AI merely augments

humans, while human-machine teaming and hybrid intelligence can augment both humans

and machines. Finally, human-machine teaming merely tries to achieve shared team goals,

while hybrid intelligence and human-centered AI can also try to achieve only human goals.
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Figure 8.1: Venn diagram of human-machine interaction, hybrid intelligence, human-centered artificial intelligence,

human-machine teaming, hybrid intelligence teams, and human-centered hybrid intelligence.

8.2.2 Current State and Challenges
Human-machine teaming is increasingly studied across disciplines such as computer

science, engineering, and social sciences [40]. It is common to conduct human-machine

teaming experiments in simulated and/or controlled environments because studying human-

machine teams in the real world can be both time and cost-expensive. Several human-

machine teaming testbeds have been used for such experiments, although only a few

more frequently [40]. For example, in the Mixed Initiative eXperimental testbed, a human

operator detects targets in collaboration with a RoboLeader that collects information from

subordinate robots with limited autonomy [32]. In the Cognitive Engineering Research

on Team Tasks testbed, a team of three members, with specific roles such as navigator,

photographer, and pilot, must collaborate effectively to achieve the team objective of
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Table 8.1: Summary of the conceptual differences between human-machine interaction types.

Concept Augments Goals Focus Example
Human-Machine Human capabilities Shared Cognitive Robot teleoperation

Teaming Machine capabilities Physical

Hybrid Human intelligence Human Cognitive Data annotation

Intelligence Machine intelligence Machine

Shared

Hybrid Intelligence Human intelligence Shared Cognitive Joint decisions

Teaming Machine intelligence

Human-Centered AI Human capabilities Human Cognitive Augmented reality

Physical

Human-Centered Human intelligence Human Cognitive Personalized support

Hybrid Intelligence

capturing ground targets [53]. Finally, in the Blocks World 4 Teams testbed, participants

must collaboratively deliver blocks in a specific sequence [100].

Some popular research topics facilitated by these testbeds include transparency and

explainability [142, 232, 250], trust calibration and repair [229], and co-learning [223] in

human-machine teams. For example, how interdependence relationships or communication

modalities affect human-machine teaming [40, 157]. In contrast, research and testbeds on

multiple humans and machines, machine leadership roles, and communication methods

beyond text are still lacking [40].

While these testbeds have facilitated significant progress, human-machine teaming

research still faces key challenges. Creating realistic, reusable, and widely adopted testbeds

has proven challenging despite the variety of testbeds. Currently, the field lacks (consensus

on) effective and comparable research requirements. This often results in a disconnect

between human-machine teaming research and its practical applications. Furthermore, it

has resulted in numerous methods and testbeds without centralized documentation [248].

For example, most of the identified testbeds in [40] have only been used once or twice and

emerged in the past ten years. Moreover, the modalities of these testbeds range from 2D

grid worlds to 3D games and augmented to virtual reality. Team characteristics also often

vary, especially regarding team composition, task interdependence, leadership structure,

and communication structure [40].

8.2.3 Goals
The lack of widely adopted and highly diverse testbeds suggests that many human-machine

teaming researchers try to reinvent the wheel. Instead, we argue that this research commu-

nity should aim for more reusable, comparable, and modular methods and testbeds. The

community already adopted this goal during a recent workshop
1
that we organized at the

Lorentz Center (Leiden, The Netherlands) in the summer of 2024. Here, we established

and discussed several community goals, such as developing human-machine teaming as

1www.lorentzcenter.nl/research-environments-for-human-machine-teaming.
html

www.lorentzcenter.nl/research-environments-for-human-machine-teaming.html
www.lorentzcenter.nl/research-environments-for-human-machine-teaming.html
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a methodology and achieving consensus on the community’s positioning. However, the

ultimate goal is a common platform with essential tools and resources for human-machine

teaming research. Ideally, this platform should contain research guidelines and require-

ments for experiment design, a library with reusable and comparable team design patterns,

modular testbeds, and templates for describing and comparing studies. However, the

requirements of such a platform should first be identified and formalized before actually

building it.

8.3 Reusable, comparable, and modular human-
machine teaming research

To achieve its goals, we believe the human-machine teaming research community should

prioritize reusable, comparable, and modular research. Tasks, environments, and measures

could be adapted across different studies and domains instead of reinventing the wheel

and starting from scratch. The community should examine what has worked well for

others and identify key requirements and customizable characteristics for human-machine

teaming research. Moreover, it could benefit from templates for describing, comparing,

and designing studies across domains and teams.

Most importantly, however, the community needs more modular methods and testbeds

at a common platform to build upon existing research. Ideally, a platform where users can

easily browse through modular testbeds that allow customization of tasks, machines, and

teams to meet specific research needs. Before the community can achieve these goals, we

believe it should first take a step back and study how to conduct reusable, comparable, and

modular human-machine teaming research. This way, the requirements for such research

can be identified and formalized, contributing to a more structured and systematic research

approach. In the next subsections, we outline several concrete directions and outputs to

focus on when establishing this approach.

8.3.1 Taxonomies and Guidelines
Identifying requirements and guidelines for human-machine teaming research can provide

a baseline framework for researchers and support comparable studies. Therefore, we

believe these to be a good starting point towards a more structured and systematic research

approach. Such requirements and guidelines can also contribute to characterizing realistic

and reusable human-machine teaming tasks, environments, and scenarios, providing a

stronger connection between research and real-world applications. We believe literature

reviews on human-machine teaming research to be crucial for this, such as the review on

testbeds in [40] and independent and dependent variables in [157].

One particularly valuable contribution would be a literature review that results in a

taxonomy of human-machine teaming tasks. This taxonomy could include task, machine,

human, and team-related categories with examples from literature. Task-related categories

could include domain, type, and goal; human and machine-related categories could include

behavior and communication; and team-related categories could include design, roles, and

interdependencies. These categories could even be structured according to the stages of

experiment design at which they are defined. For example, determining the task domain,

such as firefighting or warehousing, generally precedes decisions about team roles, such
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as supervisor, performer, or supporter. This taxonomy should help human-machine team-

ing researchers to identify and determine their task, machine, human, and team-related

categories. Moreover, it would allow people to compare human-machine teaming studies

more easily. Such a taxonomy with guidelines can be iteratively refined during community

workshops. By establishing this baseline framework, human-machine teaming methods

and research can become more reusable and comparable.

8.3.2 Team Design Patterns
Another desired output should be team design patterns that describe generic, reusable,

and proven solutions for human-machine teaming [217, 218]. These patterns can then be

(re)used during experiment design and compared to others during user studies. Several team

design patterns already exist with varying levels of abstraction, such as abstract patterns

for AI advisors collaborating with humans [222]. However, more concrete patterns also

exist, for example, for humans and machines collaborating in morally sensitive situations

by allocating moral decisions to humans and non-moral decisions to machines [213, 214,

233]. Creating more team design patterns based on stakeholder involvement and realistic

use cases can strengthen the connection between research and real-world applications,

enhancing both translation and generalization [222]. For example, realistic team design

patterns for firefighters collaborating with their explore-and-extinguish robots.

We believe the human-machine teaming research community would also greatly benefit

from a library with all created team design patterns. Such a team design pattern library

can facilitate reusing and comparing human-machine teaming methods. Ideally, a library

that is divided between more abstract and concrete patterns and where more abstract and

generalizable patterns can be created from more concrete ones. More concrete patterns

could also be categorized into common and popular research topics, such as transparency

and explainability, trust calibration and repair, and co-learning in human-machine teams.

These more concrete patterns can describe generic reusable behaviors of humans and

machines for supporting effective and resilient teamwork in these scenarios. For example,

what information explore-and-extinguish robots should explain, and at which moments, to

firefighter supervisors during semi-autonomous victim search tasks.

8.3.3 Modular Human-Machine Teaming Testbeds
Ultimately, these taxonomies and team design patterns should contribute to modular

human-machine teaming testbeds accessible on a common platform. They can inform the

community about which aspects of human-machine teaming testbeds can be standardized

but configurable to allow comparisons, such as interdependence and role distribution. The

community recently started moving in the right direction by sharing customizable testbeds.

For example, a customizable testbed in a 2D grid world where participants collaborate with

an autonomous, rule-based, explainable artificial moral agent during a firefighting task

[226]. In addition to these fixed characteristics, the testbed is customizable with respect

to explanation type (technical, ethical, or none) and artificial moral agency (low or high).

Other important elements are currently fixed, such as explanation modality (hybrid) and

role distribution (human supervision). Customizing these would further strengthen this

testbed and facilitate reuse and comparisons with other studies. For example, allowing

textual explanations or machine supervision. Ultimately, this can accelerate progress in
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the field of moral decision-making in human-machine teams.

Another example is a modular testbed in a 3D environment where participants collabo-

rate with an autonomous, rule-based robot that violates their trust during a warehousing

task [68]. This testbed allows researchers to alter robot reliability (100% or 70%), physical

form (human- or machine-like), and trust repair strategy (apology, denial, promise, expla-

nation, or none). Other important elements are currently fixed, such as trust violation

type (competence-based) and communication modality (audio). Customizing these would

further strengthen this testbed and enhance reusability and comparability. For example,

adding integrity-based trust violations or textual communication.

This testbed is similar to studies in different environments on the influence of trust

repair strategies [109] and interdependence [232] on human trust development. However,

the former concerns a 3D first-person shooter game and the latter a 2D search and rescue

task. The results of these studies would have been more comparable if performed in the

same testbed. Moreover, building upon this customizable testbed prevents researchers from

starting from scratch and reinventing the wheel. We believe this would accelerate progress

in the field of trust calibration and repair in human-machine teams.

These recent customizable testbeds show that the community is moving in the right

direction. However, these examples only allow for the adjustment of some machine-related

settings. Instead, we consider modular testbeds to allow the adjustment of entire task,

team, or machine-related components, such as modifying machines regarding autonomy,

behavior, and communication. A starting point could be to create modular testbeds for the

most common human-machine teaming topics, such as trust calibration and repair, and

transparency and explainability in human-machine teams. Creating these testbeds based

on stakeholder involvement, realistic use cases, and real-world applications could greatly

benefit both research and practice. We believe hackathons at conferences could be great

opportunities to work towards such modular testbeds.

8.3.4 Templates for Describing and Comparing Studies
Finally, the community could benefit from templates to describe, compare, and design

studies across domains and teams. Such templates could be used on a common platform

for contributors to facilitate sharing research and for users to foster creativity by browsing

through and comparing prior research. They should prioritize essential information over

supplementary details, such as task descriptions and variables over autonomy levels and

hypotheses. So, key characteristics of human-machine teaming studies should be identified

first. We believe the aforementioned taxonomies and guidelines can contribute to this

identification, while team design patterns and testbeds can be template categories.

An example could be a template with dropdown options and tags for contributors to

facilitate uploading their human-machine teaming research. This template could include

the categories of team design pattern, task, and research environment. The team design

pattern category could specify the number of humans and machines and their roles and

relationships. The task category could specify the domain, task type, and interdependencies.

Finally, the research environment category could specify the modality, measures, variables,

machine embodiment, machine behavior, communication modality, and link to the testbed.

Platform users could then enter search queries to find their studies of interest. For example,

a user interested in VR studies on trust repair in triads with two humans and one machine.
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Such templates can facilitate reusable, comparable, and replicable human-machine teaming

research. We believe they can be constructed based on literature reviews and domain

expertise, and iteratively refined duringworkshops based on feedback from both researchers

and practitioners.

8.4 Conclusion
This chapter answers the seventh research sub-question of the thesis: How should the
human-agent teaming research community adopt amore structured and systematic approach to
advance the field? We identified three significant challenges for the human-machine teaming

research community: a lack of requirements for effective research, numerous methods and

testbeds without centralized documentation, and a disconnect between research and real-

world applications. To address these challenges, we proposed that the community establish a

more structured and systematic research approach. We outlined four key research directions

and actionable outputs of such an approach: taxonomies and guidelines to streamline

research, team design patterns to describe reusable solutions, modular testbeds to facilitate

comparability and reuse, and study templates to foster creativity and encourage sharing.

We believe these elements can help formulate requirements for effective human-machine

teaming research and foster the development of fewer but more modular, well-documented

methods and testbeds. Achieving these two goals can contribute to more ecologically valid

human-machine teaming research and, thus, a stronger connection between research and

real-world applications. Ultimately, all these efforts can accelerate progress in the field

and lay the foundation for a common platform with essential tools for human-machine

teaming research.
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9
Conclusion

9.1 Findings
The research presented in this thesis focuses on designing transparent and explainable AI

agents that foster effective and responsible human-agent teaming across interdependen-

cies and autonomy levels. It uses a combination of analytical and empirical research to

investigate such teamwork. The analytical studies identified and defined core human-agent

collaboration properties that influence team processes and outcomes. These properties

were operationalized as independent and dependent variables in our empirical studies.

We used simulation environments for the empirical studies on the more fundamental

research questions regarding the effects of interdependence, autonomy, and explanations

on team processes such as trust. To apply transparency and explanations in a physical and

more realistic context, our final empirical study was conducted with a physical robot in a

practically grounded setting inspired by real firefighting scenarios. This study also marked

a step towards the envisioned use case of collaborative firefighting robots.

Starting with an analytical study, this thesis first develops a conceptual framework that

defines and relates agent transparency, explainability, interpretability, and understandabil-

ity (Chapter 2). We used this conceptual framework to define the independent variables

of our empirical study in a simulation environment on the influence of interdependence

and AI agents’ transparency and explanations on human-agent teaming (Chapter 3). A

similar empirical study was conducted in another simulation environment to investigate

the influence of interdependence on the calibration of human trust in transparent and

explainable agents (Chapter 4).

The following analytical study focused more on responsible human-agent teaming by

developing an evaluation method of meaningful human control (Chapter 5). This method

was used to measure meaningful human control in our empirical study on the influence of

AI agents’ autonomy, transparency, and explanations on human-agent teaming (Chapter

6). We used all insights from these empirical studies in simulation environments to design

our physical human-robot collaboration system for firefighting (Chapter 7). Finally, we

synthesized all insights obtained during the design and evaluation of our empirical studies

to develop a research agenda for the human-agent teaming community (Chapter 8). Below,

we present the conclusions that can be drawn from the research sub-questions.
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How should we define and relate agent transparency, explainability, interpretability,

and understandability? (Chapter 2)

We defined agent transparency and explainability as active, objective agent character-

istics that involve disclosing information (transparency) and clarifying that information

(explainability). Agent transparency and explainability can result in interpretability and un-

derstandability, respectively. We defined agent interpretability as the possibility to access,

analyze, and exploit disclosed information. In contrast, agent understandability was defined

as having knowledge of disclosed and clarified information, as well as the relationships

between them. This conceptual framework offered clear and distinct definitions of key

concepts within the field of explainable AI, resolving common ambiguities and the lack of

agreement.

How do interdependence and agents’ transparency and explanations influence

effective human-agent teaming, individually and interactively? (Chapter 3)

We used the conceptual framework presented in Chapter 2 to define the independent

variables of the empirical study conducted to answer the research question of Chapter 3.

To answer this research question, we conducted a user study with 72 participants on the

effects of agent communication style (silent, transparent, explainable, or adaptive) across

high and low interdependence levels. These participants collaborated with a virtual agent

during two simulated search and rescue tasks varying in their level of interdependence.

Our results showed lower trust, reliance, and team performance when interdependence

was high, together with a higher workload and situation awareness. Moreover, when

interdependence was high, people communicated more if the agent was not silent and

contributed more if the agent did not provide explanations. We also found that agent

transparency and explanations lead to higher trust and understanding, without evidence

of a higher workload. Furthermore, agent explanations resulted in greater reliance on the

agent. Finally, when interdependence was high, people had higher situation awareness if

the agent provided explanations instead of being silent.

Overall, this study contributed empirical insights into the human-agent teaming condi-

tions under which agent transparency and explanations are either beneficial or detrimental.

Most importantly, our findings demonstrated how interdependence can influence the effects

of agent transparency and explanations, underscoring the importance of interdependence

in studies on transparent and explainable agents.

How do interdependencies during human-agent teaming influence the

human-agent trust calibration process? (Chapter 4)

To answer this research question, we conducted a user study with 80 participants on

the effects of interdependencies (complete independence, complementary independence,

optional interdependence, required interdependence) on the trust calibration process. These

participants collaborated with a virtual agent during a simulated search and rescue task in
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human-agent teams characterized by one of the four interdependencies. We included an

agent-induced trust violation in the task to facilitate a dynamic trust calibration process.

Our results showed that only in human-agent teams with joint actions, human trust did

not recover to its initial pre-violated value. However, correlation analyses between these

trust values and agent trustworthiness suggested amore accurate trust calibration process in

the human-agent teams with joint actions. Overall, this study provided some first empirical

evidence that interdependence relationships during human-agent teaming influence human-

agent trust calibration. These results highlight the importance of interdependencies in

fostering appropriate trust during teamwork.

How can we measure meaningful human control during human-agent teaming?

(Chapter 5)

We conducted a focus group study with five experts to develop an evaluation method

for meaningful human control. This study explored quantitative operationalizations of

meaningful human control in human-agent teams. Our results highlighted that the trace-

ability requirement of meaningful human control can be operationalized quantitatively,

with situation awareness and performance being useful measures to objectively assess

traceability aspects. Furthermore, results indicated that team and agent outcomes can be

used to verify meaningful human control, while reasons underlying these outcomes can

determine the level of meaningful human control.

Based on these results, we proposed an evaluation method for meaningful human

control. This method involves subjectively and objectively quantifying traceability using

human responses during and after simulations of the collaboration. It also uses semi-

structured interviews after the simulation to identify reasons underlying outcomes and

suggestions for enhancing meaningful human control. Overall, this method enables re-

searchers and designers to assess whether meaningful human control is present during

human-agent teaming.

How do agents’ autonomy and their transparency and explanations influence

responsible human-agent teaming, individually and interactively? (Chapter 6)

We used the evaluation method presented in Chapter 5 to measure meaningful human

control during the empirical study conducted to answer the research question of Chapter 6.

To answer this research question, we conducted a user study with 72 participants on the

effects of agent explanations (no additional information, feature contributions, or potential

consequences) across high and low agent autonomy levels. These participants collaborated

with a more and less autonomous artificial moral agent during simulated firefighting tasks,

while receiving one of the three explanations.

Our results showed a lower moral trust, agreement, and meaningful human control

when the agent was more autonomous. Furthermore, people disagreed and reallocated

decisions to themselves more when the agents explained potential consequences rather

than feature contributions or no additional information, especially when moral sensitivity

was higher. Overall, our findings suggest that people prefer more involvement over higher

agent autonomy and take on greater moral responsibility when agents explain potential
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consequences. These empirical and actionable insights are crucial for designing agents that

enhance human moral awareness and human-agent teaming in morally sensitive situations.

How should we design a semi-autonomous, transparent and explainable robot in

human-robot teams for firefighting, and how does the increased autonomy impact

effective and responsible collaboration compared to teleoperation? (Chapter 7)

We drew on the insights from the empirical studies in Chapters 3 and 6 to design our

human-robot collaboration system for firefighting in Chapter 7, called TEAMS (Transpar-

ent and Explainable Autonomy for Mapping and Searching). This system moves beyond

teleoperating firefighting robots by proposing and explaining intermediate navigation

destinations while autonomously navigating towards them. It combines fuzzy logic con-

trol, explainable AI, and meaningful human control to ensure effective and responsible

human-robot collaboration when searching for victims. The system is grounded in expert

knowledge and our empirical insights on especially adaptive explanations and human

involvement during human-agent teaming. More specifically, we implemented on-demand,

adaptive robot explanations and ensured sufficient human involvement during the collabo-

ration through destination decisions and object recognition.

We conducted a mixed-methods evaluation comparing our system with teleoperation

through four in-person trials with laypeople and video-based evaluations involving 26

laypeople and one domain expert. During the in-person trials, participants interacted with

both systems/robots during two simulated firefighting tasks to map environments and

locate victims. For the video-based evaluations, participants watched us interact with the

user interfaces of both systems.

Our results reveal a clear contrast between qualitative, in-person evaluations and quan-

titative, video-based evaluations. During the in-person trials, laypeople highly appreciated

the information-rich collaboration with TEAMS to address the manual control challenges of

teleoperation. In contrast, for the video-based evaluation, laypeople scored TEAMS worse

than teleoperation on workload, situation awareness, and system usability. The in-person

findings aligned with the domain expert’s evaluation of both systems, who emphasized

TEAMS’ collaborative value and the burden of teleoperation. Therefore, we suggested that

non-expert, video-based evaluations are poor proxies for assessing human-robot teamwork.

Our findings offer several practical implications for deploying TEAMS during fire-

fighting. These include providing training to overcome initial complexity, implementing

iterative and human-centered refinements, and enhancing both hardware and software.

Overall, this study contributes both a practical solution for semi-autonomous, transparent

and explainable robots in real-world firefighting scenarios, as well as the empirical insights

into how such a robot affects human-robot teaming compared to teleoperation.

How should the human-agent teaming research community adopt a more

structured and systematic approach to advance the field? (Chapter 8)

We synthesized all insights from (1) our Lorentz Center workshop on research environ-

ments for human-agent teaming and (2) the design and evaluation of our empirical studies

to develop a research agenda for the human-agent teaming community in Chapter 8. This
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agenda consists of taxonomies and guidelines to streamline research, team design patterns

to describe reusable solutions, modular testbeds to facilitate comparability and reuse, and

study templates to foster creativity and encourage sharing. These directions can accelerate

progress in the field and lay the foundation for a common platform with essential tools for

human-agent teaming research.

9.2 Limitations
There are several limitations of the studies conducted to answer our research questions.

These concern the methods, validity, and generalizability of these studies.

9.2.1 Ecological Validity
First, we primarily conducted human-grounded evaluations using simplified AI agents,

approximations of the relevant context in simulation environments, and laypeople as

participants [56]. For example, we studied meaningful human control and moral decision-

making in simplified firefighting scenarios. We used these evaluations because they are

well-suited for testing general notions of explanations and collaboration in controlled

user studies. Moreover, these studies in interactive simulation environments provided

greater fidelity than commonly used text and video vignettes [119], as participants actively

interacted with agents in real-time rather than passively rating pre-determined or pre-

recorded scenarios. Another primary, practical reason for human-grounded evaluations is

the challenge of recruiting and training sufficient domain experts [56, 195].

Despite these advantages, using such evaluations still raises questions regarding the

validity and generalizability of study findings. Application-grounded evaluations in realistic

contexts, with actual AI agents, and representative population samples that fit the contexts

would enhance the ecological validity of our studies and findings [56, 195]. Therefore,

our findings provide important insights that can be validated with application-grounded

evaluations to examine if they generalize to real-life settings.

9.2.2 External Validity
Second, we primarily focused on human-agent teaming in high-stakes domains. For

example, we operationalized and implemented meaningful human control in the context

of human-agent/robot interaction for firefighting. These domains are characterized by

uncertainty, high workload, risk, and time pressure — factors known to shape trust and

reliance, situation awareness and performance, and the benefits of agent transparency and

explanations [34, 82, 97, 157].

Consequently, the external validity of our study findings is another limitation, as their

generalizability to other human-agent teaming domains is debatable. On the one hand,

this is less problematic for our findings on meaningful human control as its conditions,

properties, and implementation are always context- and system-specific [30, 179]. On the

other hand, we prioritized ecological validity over generalization to other domains by

focusing on high-stakes scenarios that increased domain-relevant realism. Nevertheless,

this ecological validity can be further enhanced by application-grounded evaluations.
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9.2.3 Human-Agent Dyads
Third, we only focused on human-agent teaming in dyads consisting of one human and one

agent. In reality, human-agent teams will likely consist of multiple humans and AI agents

[69, 188]. For example, an exploration and extinguishing robot to map environments on

the ground, a drone to map environments while flying, one operator supervising the robot,

and another one teleoperating the drone. Such multimember configurations strongly shape

the team processes and outcomes studied in our thesis. For instance, trust will develop not

only between team members but also towards all possible dyadic relationships and the

team as a whole [206]. However, the current interaction within the Rotterdam Fire Brigade

involves a single human operator teleoperating a single exploration and extinguishing

robot, which aligns with the dyads in our studies.

9.3 Future Work
We identify several suggestions for future work. These include exploring new dynamics

and adaptive agents, advancing methods, and strengthening validity and generalizability.

9.3.1 Exploring New Dynamics and Adaptive Agents
The first suggestion for future work would be to design and develop adaptive, transparent

and explainable agents based on user models and contextual factors. Our results provide

insights into the conditions under which agent transparency and explanations are beneficial

or detrimental, for example, how explanations benefit situation awareness when interde-

pendence is high. Such insights can inform the design and implementation of adaptive,

transparent and explainable agents.

Developing these agents is one of the main goals of the explainable AI community

[9, 145]. We implemented adaptive, on-demand robot explanations in our human-robot

collaboration system for firefighting. These explanations allow users to personalize the

disclosed and clarified information. Alternatively, the robot could personalize its expla-

nations by modelling users and/or environments and adapting the provided information

based on these models. For example, modelling user workload and tailoring explanations

accordingly. Future work could focus on building these user and context models, as well as

adapting explanations to the specifics of these models. Furthermore, it should compare

user- and agent/robot-personalized explanations to determine which one better supports

understanding, workload, trust calibration, and performance.

Our results show that interdependence influences trust calibration in human-agent

teams. Therefore, it makes sense to tailor trust repair strategies based on interdependence

relationships. To gain insights into how to achieve this, future work could investigate the

interaction between interdependence and trust repair strategies. These insights could then

directly inform the design and development of agents that adapt their trust repair strategies

based on interdependence. For example, agents could promise improvement when trust is

violated during joint actions, but explain what went wrong when trust is violated during

independent actions.

We also show that during agent allocation of moral decision-making, people prefer

greater involvement over higher agent autonomy. Therefore, it would be interesting to

compare these results when collaborating with a less autonomous artificial moral agent or
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when humans allocate moral decision-making [77]. Such results can provide important

insights before validating dynamic task allocation during application-grounded evaluations.

9.3.2 Advancing methods
Another possible next step would be to further enhance our human-robot collaboration

system for firefighting (TEAMS), which transitions from teleoperated exploration and

extinguishing robots to more autonomous teammates. The evaluations of this system

highlighted several ways to streamline the user interface and improve the hardware and

software. For example, reducing the presented information to decrease operator workload

and optimizing software to accelerate the interaction. Another next step could be the addi-

tion of computer vision to detect doors, victims, and obstacles in low-visibility conditions

caused by smoke. It would be interesting to compare how this shift in interdependence

affects meaningful human control during the collaboration.

Designing and developing modular testbeds for human-agent teaming is another im-

portant suggestion for future work. Several human-agent teaming testbeds exist, but only

a few have been used more frequently [40]. Moreover, the modalities of these testbeds

range from two-dimensional grid worlds to three-dimensional games, and from augmented

to virtual reality. The characteristics of the human-agent teams also often vary, especially

in terms of composition, interdependence, leadership, and communication. Finally, only

a few of these testbeds allow customization of important characteristics such as agent

explanations, autonomy, or reliability.

Rather than customizing these specific agent-related settings, modular testbeds should

allow the adjustment of entire task-, team-, or agent-related components. For example,

modifying agents’ autonomy, behavior, and communication. A good starting point would

be to create modular testbeds for highly popular and relevant human-agent teaming topics,

such as trust calibration and repair or transparency and explainability. Widely adopting

such testbeds would facilitate reuse and make studies and their results more comparable.

Moreover, it would prevent researchers from reinventing the wheel and accelerate progress

in the field.

9.3.3 Strengthening Validity and Generalizability
This thesis also presents several opportunities for future work to further strengthen the

validity and generalizability of studies, methods, and findings. First, conducting (more)

application-grounded evaluations in realistic contexts, with actual AI agents, and repre-

sentative domain experts. Such evaluations are challenging because it is hard to recruit

sufficient domain experts [56, 195]. Moreover, these evaluations require a stable prototype

of a human-agent system. Our proposed human-robot collaboration system (TEAMS)

provides such a stable prototype that can be iteratively improved and evaluated by domain

experts at the test sites of the Rotterdam Fire Brigade.

Second, by providing a stable prototype, TEAMS also enables longitudinal studies on

transparent and explainable agents for human-agent teaming in real-life settings. Such

studies are essential for investigating trust calibration, as this is a dynamic process that

involves adjusting trust over time and through repeated interactions [141, 156]. In contrast,

our studies primarily involved single 10-15 minute interactions. Conducting longitudinal

studies instead can reveal how trust develops over time, such as when it calibrates towards
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appropriate trust.

9.4 Contributions
9.4.1 Scientific
The main scientific contributions of this thesis can be grouped into new knowledge, meth-

ods, and valid and generalizable findings.

New knowledge
First, this thesis contributes a conceptual framework that defines and relates key concepts

within the explainable AI community. These concepts are often used interchangeably or

within each other’s definitions, resulting in ambiguity and comprehension challenges. Our

definitions and relationships resolve these issues, facilitating their investigation, manipula-

tion, and implementation.

We also contribute empirical insights into the interdependence conditions under which

agent transparency and explanations are beneficial or detrimental, such as the benefits of

explanations on situation awareness when interdependence is high. Overall, we highlight

that interdependence affects the impact of agent transparency and explanations on the

human-agent teaming processes’ situation awareness, communication frequency, and task

contribution. These insights help us understand what agents should disclose and clarify to

humans to foster effective collaboration across varying levels of interdependence. This

can inform the design and implementation of agents that adapt their transparency and

explanations based on interdependence, to ensure beneficial effects.

Furthermore, we provide first empirical insights into the effects of interdependence on

trust calibration in human-agent teams, highlighting differences in trust calibration between

human-agent teams with and without joint actions. These insights help us understand

how interdependence relationships between humans and explainable agents influence trust

violation, repair, and calibration. This can inform the design and implementation of agents

that adapt their transparency and explanations based on interdependence, to foster an

accurate trust calibration process.

In this thesis, we argue that human-agent teaming should be both effective and re-

sponsible. The emphasis on responsibility is relatively novel yet crucial, as increasingly

autonomous AI agents will be collaborating with humans in morally sensitive situations.

Within this context, we provide empirical insights into the effects of agent autonomy and

explanations on moral decision-making in human-agent teams. More specifically, we show

that people (1) prefer more involvement over higher agent autonomy and (2) disagree

and reallocate decisions to themselves more when agents explain potential consequences,

especially in more morally sensitive situations. These insights highlight the importance

of human involvement and explaining potential consequences for responsible collabora-

tion, helping us understand what agents should disclose and clarify to humans to foster

responsible collaboration across varying levels of agent autonomy. This can inform the

design and implementation of transparent and explainable agents that enhance human

moral awareness and human-agent teaming in morally sensitive situations.

We also provide insights into the design and evaluation of a semi-autonomous, trans-

parent and explainable robot in human-robot teams for firefighting. These findings demon-

strate the potential of such a collaborative robot to reduce the burden of camera-based
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teleoperation in low-visibility conditions by providing destination suggestions and au-

tonomous navigation. However, training is required to overcome initial complexity, while

iterative, human-centered refinements and software optimization should further enhance

the interaction. Moreover, this thesis contributes empirical insights into the effectiveness of

in-person and video-based evaluations of human-robot interaction. These findings reveal

that laypeople evaluated collaboration with the robot much more positively than teleopera-

tion during in-person trials, yet rated it lower in video-based evaluations. This suggests that

non-expert, video-based evaluations are poor proxies for assessing human-robot teaming.

Methodological
In addition to new knowledge, this thesis also contributes novel methods. First, we devel-

oped an evaluation method for meaningful human control in human-agent teams, grounded

in expert knowledge. Such methods are currently lacking, while meaningful human control

is already increasingly imposed as a requirement for AI agents. This method enables

researchers to assess whether meaningful human control is present during human-agent

teaming, while also providing opportunities to build upon it.

We also developed several customizable testbeds for transparent and explainable agents

in human-agent teams across varying levels of interdependence and agent autonomy.

These testbeds enable the customization of various aspects, including interdependence

relationships and agent communication style, explanation type, and autonomy. One of the

testbeds is realistic and inspired by the development and expected use of the Rotterdam

Fire Brigade’s exploration and extinguishing robot. Overall, our testbeds facilitate both

reuse and future research.

We also provide a research agenda with concrete directions for the human-agent team-

ing research community. That agenda is grounded in all the lessons learned during our

empirical studies, as well as a five-day workshop with human-agent teaming experts. These

concrete directions offer several opportunities for future research, including the devel-

opment of taxonomies to streamline research, team design patterns to describe reusable

solutions, modular testbeds to facilitate comparability, and study templates to encourage

sharing.

Finally, this thesis contributes TEAMS (Transparent and Explainable Autonomy for

Mapping and Searching), a human-robot collaboration system for firefighting. This system

moves beyond teleoperating firefighting robots by proposing and explaining intermediate

navigation destinations while autonomously navigating towards them. It is grounded in

domain expert knowledge and combines fuzzy logic control, explainable AI, and meaningful

human control. This system provides a stable prototype that can facilitate crucial future

research on application-grounded evaluations and longitudinal studies.

Validity and Generalizability
We also contribute valid and generalizable findings. First, we validate agent transparency

and explainability through human user studies, something only fewer than 1% of explainable

AI papers do [195]. Moreover, we primarily conducted in-person, high-fidelity user studies

with robust experimental designs, strengthening internal validity. These studies provide

crucial insights that can be further validated in real-life settings through application-

grounded evaluations or directly applied when implementing agents.



9

160 9 Conclusion

Furthermore, including firefighters as direct stakeholders throughout different stages

provides more valid and generalizable results. Beyond strengthening our results, this also

provides a practitioner-in-the-loop methodology for applied human-agent teaming. First,

we included them during the design of a simulation environment based on their interac-

tion with exploration and extinguishing robots. Second, we elicited their preferences and

requirements for our human-robot collaboration system (TEAMS), directly informing its

design and implementation. Third, a video-based expert review compared TEAMS with the

current state-of-the-art teleoperation, providing expert opinions on our system’s advan-

tages, disadvantages, challenges, and applicability. Overall, this stakeholder engagement

enhances the ecological validity of our contributions and provides a reusable protocol that

other researchers can adopt.

9.4.2 Societal
This thesis also provides several contributions to society. First, the empirical insights

into the effects of agent transparency and explanations across interdependence reveal the

conditions under which these effects are beneficial or detrimental. For example, the benefits

of agent explanations on situation awareness when interdependence is high. To ensure

these beneficial effects on society, agents should adapt their transparency and explanations

based on user and context. For example, sharing excessive amounts of information with

firefighters during extremely high-pressure situations can cause information overload and

lead to detrimental outcomes, such as loss of life. Our empirical insights can inform the

design and development of agents that adapt their transparency and explanations based

on user and context, such as providing explanations when interdependence is high, while

being transparent when interdependence is low. Ultimately, this can benefit both direct

stakeholders interacting with these agents (e.g., firefighters) and indirect stakeholders

affected by the consequences of those interactions (e.g., victims).

We also provide an evaluation method for meaningful human control, based on expert

knowledge. This method can help system designers, policymakers, and users measure the

amount of meaningful human control in human-agent teams. Moreover, it can identify

aspects that require improvement, such as interaction with or understanding of agents.

Since such methods are currently lacking while meaningful human control is increasingly

imposed as a requirement, this provides an essential societal contribution.

Furthermore, we show that agent explanations of potential consequences are required

for responsible human-agent teaming. This empirical insight can inform the design and

development of agents that enhance human moral awareness and human-agent teaming

in morally sensitive situations. For example, by generating and communicating agent

explanations of potential consequences in high-stakes, human-agent teaming domains.

This can benefit direct stakeholders interacting with these agents by ensuring meaningful

human control and no accountability issues resulting from detrimental outcomes. It can

also benefit indirect stakeholders affected by (positive) consequences of those interactions

under meaningful human control.

Finally, we contribute a human-robot collaboration system for firefighting that moves

beyond teleoperation by proposing and explaining intermediate navigation destinations

while autonomously navigating towards them. Teleoperation is a well-known and com-

monly acknowledged challenge by the Rotterdam Fire Brigade, as is the desire to enhance
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robot autonomy to address this challenge. Our system provides a concrete solution to their

problem while also ensuring meaningful human control in this morally sensitive domain.

Moreover, it provides decision support to the operator through proposed intermediate

destinations, whereas other works typically leave the selection of destinations completely

to the operators. Consequently, our human-robot collaboration system can further reduce

operator workload. Furthermore, we contribute a modular system that facilitates the adap-

tation of fuzzy rules or the integration of computer vision. Overall, this system represents

a significant step toward the envisioned ideal future scenario of human-robot collaboration

during firefighting, as illustrated in the Introduction. It can directly benefit firefighters

working with these robots, victims of fires, and, consequently, society as a whole.

9.4.3 Ethical Reflection
As agents become increasingly autonomous and interdependent when collaborating with

humans in high-stakes domains, ethical reflections are crucial. We should be careful that

optimizing team performance goes hand in hand with respecting human values, legal

standards, and ethical principles. It is argued that even fully autonomous artificial moral

agents can be under meaningful human control if they satisfy the tracking and tracing

conditions. This would involve an autonomous exploration and extinguishing robot that

determines where to go, what to do, and whom to rescue. We do not view this as a

desirable goal. Instead, we advocate human-agent collaboration. Specifically, designing this

collaboration so each team member does what they do best, with complementary support

to augment each other’s capabilities. For example, allocating moral decision-making to

humans, while agents provide supplementary explanations that enhance human moral

agency and result in better decisions.

We also believe that stakeholder involvement is essential when designing human-agent

teams for high-stakes domains. Early elicitation of preferences and requirements can, a

priori, contribute to human-agent collaboration systems that align with human values, legal

standards, and ethical principles. This does not make a posteriori evaluations of meaningful

human control redundant; we still require more methods for such evaluations. Similarly,

we need application-grounded evaluations in realistic contexts and with representative

domain experts before really deploying such systems in practice.

When designing increasingly autonomous and interdependent agents for responsible

human-agent teaming in high-stakes domains, transparency and explanations can never

be ignored. We still require extensive research on how such information can ensure

alignment with human values, legal standards, and ethical principles. This research should

focus on all phases of explanation generation, communication, and reception. Ultimately,

agents’ autonomy and interdependence should be advanced only to the extent that their

transparency and explanations can still ensure a collaboration that is responsible and under

meaningful human control.

9.4.4 Take-Home Message
Human-agent teaming in high-stakes domains is already contributing positively to society,

despite being in its early stages. The agents in these teams are often still tools instead of

teammates, directly controlled by humans. Becoming teammates rather than tools requires

agents to be more autonomous and interdependent. These two factors determine what hu-
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mans exactly need to know about agents. Agent transparency and explanations can provide

this required knowledge to collaborate effectively and responsibly. As interdependence

relationships and agent autonomy shape information requirements, they also moderate

how transparent and explainable agents affect team processes such as trust. Therefore,

autonomy and interdependence are crucial to consider when designing and evaluating

transparent and explainable agents. Yet, we lacked an empirically grounded understanding

of what agents should disclose and clarify to humans to foster effective and responsible

collaboration, especially across levels of interdependence and agent autonomy.

This thesis aimed to provide such an understanding by investigating how to design

transparent and explainable agents that foster effective and responsible human-agent

teaming across interdependencies and autonomy levels. The key takeaways are:

• Agent transparency and explanations are not the same. Transparency involves

disclosing information, explanations clarify this disclosed information (Chapter 2).

• Interdependence shapes the conditions under which agent transparency and expla-

nations are beneficial or detrimental (Chapter 3).

• Interdependence influences trust calibration in human-agent teams (Chapter 4).

• Meaningful human control in human-agent teams can be subjectively and objectively

quantified (Chapter 5).

• Responsible human-agent teamwork requires agents to explain potential conse-

quences of decisions (Chapter 6).

• A semi-autonomous, transparent and explainable robot for firefighting can address

the challenges of teleoperation in low-visibility conditions (Chapter 7).

• The human-agent teaming research community should develop taxonomies, team

design patterns, modular testbeds, and study templates to accelerate the field’s

progress (Chapter 8).

Overall, this thesis provides shared definitions, empirical insights, an evaluationmethod,

a practically grounded collaboration system, and a research agenda. Collectively, these

contributions support the design and evaluation of transparent and explainable AI agents

that foster effective and responsible human-agent teaming across interdependencies and

autonomy levels.
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Figure A.1: Boxplots of trust (A), reliance (B), workload (C), and situation awareness (D) for both order conditions.

Order 1 started with the low interdependence condition followed by the high interdependence condition. Order 2

started with the high interdependence condition followed by the low interdependence condition.
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Figure A.2: Boxplots of team performance (A), human rescue contribution (B), human messages sent (C), and
system understanding (D) for both order conditions. Order 1 started with the low interdependence condition

followed by the high interdependence condition. Order 2 started with the high interdependence condition

followed by the low interdependence condition.
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Variable Order Mean (SD) Mean Rank (SD) Median (IQR)
Trust 1 3.21 (0.89) 66.32 (40.20) 3.38 (1.28)

2 3.44 (0.87) 78.68 (42.37) 3.62 (1.25)

Reliance 1 34.60 (24.40) 71.15 (45.12) 33.30 (50.00)

2 35.70 (29.90) 73.85 (37.43) 33.30 (30.00)

Workload 1 39.30 (17.00) 78.53 (42.93) 41.20 (23.50)

2 34.60 (15.00) 66.47 (39.82) 35.80 (22.90)

SA 1 49.00 (24.20) 70.01 (44.26) 50.00 (37.50)

2 52.70 (20.60) 74.99 (39.01) 56.20 (31.20)

Performance 1 71.10 (12.20) 71.15 (40.77) 74.10 (7.03)

2 72.00 (10.80) 73.85 (42.87) 74.40 (9.27)

Contribution 1 67.30 (15.30) 72.08 (43.65) 62.50 (13.10)

2 67.10 (12.00) 72.92 (37.48) 62.50 (12.50)

Messages 1 16.20 (4.95) 70.44 (40.00) 16.50 (7.00)

2 16.80 (5.50) 74.56 (43.33) 17.00 (7.25)

Understanding 1 4.92 (1.19) 69.72 (42.21) 5.06 (1.31)

2 5.02 (1.22) 75.28 (41.22) 5.25 (1.16)

Table A.1: Descriptive statistics for trust, reliance, workload, situation awareness, team performance, human

rescue contribution, human messages sent, and understanding for both order conditions. Order 1 started with the

low interdependence condition followed by the high interdependence condition. Order 2 started with the high

interdependence condition followed by the low interdependence condition.

Variable Time Mean (SD) Mean Rank (SD) Median (IQR)
Performance 1 71.60 (8.91) 66.78 (39.32) 73.60 (7.46)

2 71.50 (13.60) 78.22 (43.49) 75.70 (8.10)

SA 1 49.10 (23.90) 69.44 (43.34) 50.00 (37.50)

2 52.60 (21.10) 75.56 (39.94) 56.20 (31.20)

Contribution 1 65.40 (13.50) 67.08 (40.00) 62.50 (17.90)

2 69.00 (13.80) 77.92 (40.63) 62.50 (12.50)

Reliance 1 37.40 (23.00) 76.31 (42.38) 33.30 (46.70)

2 32.90 (21.20) 68.69 (40.18) 33.30 (33.30)

Table A.2: Descriptive statistics for team performance, situation awareness, human rescue contribution, and

reliance for both time points.
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Figure A.3: Boxplots of team performance (A) and situation awareness (B) at each time point. Time point 1

includes all data from the low interdependence condition from order 1 and high interdependence condition

from order 2. Time point 2 includes all data from the low interdependence condition from order 2 and high

interdependence condition from order 1.
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Figure A.4: Boxplots of human rescue contribution (A) and reliance (B) at each time point. Time point 1 includes

all data from the low interdependence condition from order 1 and high interdependence condition from order 2.

Time point 2 includes all data from the low interdependence condition from order 2 and high interdependence

condition from order 1.
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B.1 Method
B.1.1 Participants
We balanced demographics, risk propensity [140], trust propensity [143], and utilitarianism

[104] across explanation and counterbalancing conditions. Results showed no significant

differences between explanation conditions for gender (𝜒 2
(2) = 0.08, p = 0.96), age (W =

2.96, p = 0.23), education (W = 1.22, p = 0.54), gaming experience (W = 0.54, p = 0.76), risk

propensity (W = 0.09, p = 0.96), trust propensity (W = 1.51, p = 0.47), and utilitarianism

(F(2, 69) = 0.12, p = 0.89). Moreover, results also showed no significant differences between

counterbalancing conditions for gender (p = 1.00), age (W = 5.81, p = 0.56), education (W

= 4.63, p = 0.71), gaming experience (W = 1.32, p = 0.99), risk propensity (W = 0.97, p =

1.00), trust propensity (W = 5.19, p = 0.64), and utilitarianism (F(7, 64) = 0.53, p = 0.81).

B.1.2 Agent Behavior
We used the following survey to identify moral features as predictors of moral sensitivity:

1. Situations (two versions with varying feature values):

(a) During the offensive inside deployment of Brutus, the team should decide

whether to send in firefighters to rescue an injured victim or if that is too

dangerous. Several guidelines exist for determining when conditions are safe

enough for firefighters to enter. For example, the temperature should be below

the auto-ignition temperatures of present substances, and the structural condi-

tion of the building must be good enough. To make a decision, the team can

use the following information:

• Estimated fire duration: 45/30 minutes

• Distance between victim and fire source: Small/Large

• Estimated fire resistance to collapse: 30 minutes

• Temperature: Higher/Lower than auto-ignition temperatures of present

substances
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(b) During the offensive inside deployment of Brutus to locate the fire source, the

team should decide whether to send in firefighters to help locate the fire source

or if that is too dangerous. Several guidelines exist for determining when con-

ditions are safe enough for firefighters to enter. For example, the temperature

should be below the auto-ignition temperatures of present substances, and the

structural condition of the building must be good enough. To make a decision,

the team can use the following information:

• People in the building: 0/Unclear

• Estimated fire duration: 15 minutes

• Estimated fire resistance to collapse: 60/90 minutes

• Temperature: Lower than/Close to auto-ignition temperatures of present

substances

(c) After Brutus explored the inside of the burning building, the team should decide

whether Brutus should first extinguish the fire or evacuate people. General

guidelines mention to first extinguish and then rescue. However, when the

location of the fire source is unknown and smoke spreads fast, evacuating

people first might be required. To make a decision, the team can use the

following information:

• People in the building: 1/3

• Smoke spreading: Normally/Fast

• Estimated fire duration: 30/45 minutes

• Location of the fire source: Known/Unknown

(d) During the offensive inside deployment of Brutus, the team should decide

whether Brutus should continue with this tactic or switch to a defensive inside

deployment. The offensive inside deployment is used to fight fire and rescue

people, whereas the defensive inside deployment is used to prevent the spread

of fire, smoke, and damage to unaffected parts of the building. Several factors

are important when deciding on an offensive inside deployment. For example,

the chance of saving people and the building plays a role, which decreases with

the fire duration. Moreover, it is important to know the fire source location. To

make a decision, the team can use the following information:

• People in the building: 0/Unclear

• Estimated fire duration: 15/30 minutes

• Location of the fire source: Unknown

• Estimated fire resistance to collapse: 90/60 minutes

2. Moral sensitivity rating:

This situation could be described as ... (0 = not morally sensitive, 6 = extremely
morally sensitive).

3. Alternative moral sensitivity rating (open option to alter feature values from

described situation):
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On a scale from 0 to 6, you rated the moral sensitivity of this situation as

less than 2/greater than 4/between 2 and 4. When would you have rated the

situation’s moral sensitivity as greater than 4/less than 2?

4. Comfort (-3 = extremely uncomfortable, +3 = extremely comfortable):

How comfortable would you feel if Brutus made the decision in the described

situation?

B.1.3 Measures
We used the following surveys for our user studies:

1. Demographics:

• What gender do you identify as?

– Female

– Male

– Other

– Prefer not to say

• What is your age?

– 18 - 24 years old

– 25 - 34 years old

– 35 - 44 years old

– 45 - 54 years old

– 55 - 64 years old

– 65+ years old

– Prefer not to say

• What is the highest level of education you have completed?

– No schooling completed

– Some high school, no diploma

– High school graduate

– Some college credit, no degree

– Associate degree

– Bachelor’s degree

– Master’s degree

– Ph.D. degree or higher

– Prefer not to say

• How much video gaming experience do you have?

– None at all

– A little

– A moderate amount
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– A considerable amount

– A lot

2. Risk propensity (1 = totally disagree, 9 = totally agree):

• Safety first.

• I do not take risks with my health.

• I prefer to avoid risks.

• I take risks regularly.

• I really dislike not knowing what is going to happen.

• I usually view risks as a challenge.

• I view myself as a ... (1 = risk avoider, 9 = risk seeker).

3. Trust propensity (1 = strongly disagree, 5 = strongly agree):

• I usually trust technology until there is a reason not to.

• For the most part, I distrust technology.

• In general, I would rely on technology to assist me.

• My tendency to trust technology is high.

• It is easy for me to trust technology to do its job.

• I am likely to trust technology even when I have little knowledge about it.

4. Utilitarianism (1 = strongly disagree, 5 = strongly agree):

• If the only way to save another person’s life during an emergency is to sacrifice

one’s own leg, then one is morally required to make this sacrifice.

• It is morally right to harm an innocent person if harming them is a necessary

means to helping several other innocent people.

• From a moral point of view, we should feel obliged to give one of our kidneys

to a person with kidney failure since we don’t need two kidneys to survive, but

really only one to be healthy.

• If the only way to ensure the overall well-being and happiness of the people is

through the use of political oppression for a short, limited period, then political

oppression should be used.

• From a moral perspective, people should care about the well-being of all human

beings on the planet equally; they should not favor the well-being of people

who are especially close to them either physically or emotionally.

• It is permissible to torture an innocent person if this would be necessary to

provide information to prevent a bomb going off that would kill hundreds of

people.

• It is just as wrong to fail to help someone as it is to actively harm them yourself.
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• Sometimes it is morally necessary for innocent people to die as collateral

damage - if more people are saved overall.

• It is morally wrong to keep money that one doesn’t really need if one can

donate it to causes that provide effective help to those who will benefit a great

deal.

5. Situation awareness:

• What is the current fire resistance to collapse?

– 80 minutes/40 minutes

– 90 minutes/50 minutes
– 100 minutes/60 minutes

– 110 minutes/70 minutes

• What is the total number of people to rescue?

– 10/9

– 11/10
– 12/11

– 13/unknown
• How many victims have been rescued so far?

– 7/3

– 8/4

– 9/5

– 10/6

• Where is/was the fire source located?

– office 04/office 01

– office 06/office 03

– office 07/office 11

– office 09/office 14
• Which feature is one of the features that determines if there should be extin-

guished or evacuated first?

– fire resistance to collapse

– number of victims

– temperature

– speed of smoke spread
• Which feature is one of the features that determines if it is safe enough for fire

fighters to enter the building and rescue a critically injured victim?

– localization of the fire source

– number of victims

– speed of smoke spread

– temperature
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• Which feature is one of the features that determines if it is safe enough to send

in fire fighters to help locate the fire source?

– temperature
– number of victims

– speed of smoke spread

– estimated time to locate the fire source

• Which feature is one of the features that determines if the offensive deployment

is still the best tactic?

– fire resistance to collapse
– distance between victims and fire source

– speed of smoke spread

– localization of the fire source

• If three mildly injured victims are found in a burning office, the fire source is

not located, and the smoke is spreading fast; what should you decide?

– use a defensive deployment

– extinguish first

– use an offensive deployment

– evacuate first

• If a critically injured victim is found, the temperature is close to the safety

threshold, and the smoke is spreading fast; what should you decide?

– extinguish first

– send in a fire fighter to rescue
– evacuate first

– do not send in a fire fighter to rescue

• If the fire source has not been located yet, no fires have been extinguished, and

the temperature is lower than the safety threshold; what should you decide?

– extinguish first

– send in fire fighters to locate the fire source
– evacuate first

– do not send in fire fighters to locate the fire source

• If the deployment tactic should be determined, the fire resistance to collapse is

70 minutes, and not all office have been explored; what should you decide?

– extinguish first

– use a defensive deployment

– evacuate first

– use an offensive deployment

6. Situation awareness of the agents:

• Which victim did Brutus find in office 01?
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– critically injured older woman
– mildly injured older man

– mildly injured woman

– mildly injured older woman

• Which victim did Titus find in office 03?

– critically injured older woman

– mildly injured older man
– mildly injured man

– mildly injured older woman

• Which victim did Brutus/Titus find in office 09?

– critically injured older woman

– mildly injured older man/mildly injured man

– mildly injured older woman
– critically injured man

• In which office did Brutus find a mildly injured man?

– office 05
– office 06

– office 07

– office 12

• In which office did Titus find a critically injured older woman?

– office 09

– office 10
– office 13

– office 14

• In which office did Brutus/Titus find a mildly injured older woman?

– office 07/office 01
– office 10/office 02

– office 13/office 04

– office 14/office 06

• When does Brutus allocate decision making to itself in the situation extinguish
or evacuate first?

– if fire source is located

– it smoke is not spreading fast

– if temperature is lower than threshold

– if predicted sensitivity is lower than threshold

• When does Brutus allocate decision making to you in the situation send in fire
fighters to rescue?

– if smoke is spreading fast
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– if temperature is higher than threshold

– if predicted sensitivity is higher than threshold
– if distance between victim and fire source is small

• When does Titus allocate decision making to itself in the situation send in fire
fighters to help locate?

– if fire resistance is more than 100 minutes

– if smoke is not spreading fast

– if predicted sensitivity is lower than threshold
– if distance between fire fighters and potential fire source is large

• When does Titus allocate decision making to you in the situation continue or
switch deployment tactic?

– if smoke is spreading fast

– if temperature is higher than threshold

– if predicted sensitivity is higher than threshold
– if distance between victims and fire source is small

• Which action will Brutus/Titus perform/execute next?

– move to an office

– make a decision itself

– allocate decision making to me

– none of the listed answers

7. Capacity and moral trust (0 = not at all, 7 = very, or alternative option does not
fit):

• Reliable

• Sincere

• Capable

• Ethical

• Predictable

• Genuine

• Skilled

• Respectable

• Someone you can count on

• Candid

• Competent

• Principled

• Consistent

• Authentic
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• Meticulous

• Has integrity

8. Experienced control (1 = I disagree strongly, 5 = I agree strongly):

• It was difficult to keep an overview of victims and situational features.

• I experienced time pressure during decision making.

• I felt responsible for the well-being of the victims and fire fighters.

• I made decisions under inconclusive firefighting- and ethical guidelines.

• I made decisions during the task that I would not want to make in real life.

• I felt uncomfortable during (some) decisions I made.

• I mostly made decisions for victims and firefighters that led to good and safe

task outcomes.

9. Agreement (1 = I disagree strongly, 5 = I agree strongly):

• I agreed with most of the decision allocations by Brutus/Titus.

• I felt comfortable with most of the decision allocations by Brutus/Titus.

10. Responsibility (1 = not responsible at all, 7 = very responsible):

• To what extent do you hold yourself morally responsible for bad task outcomes

such as loss of victims and firefighter risk?

• To what extent do you hold Brutus/Titus morally responsible for bad task

outcomes such as loss of victims and firefighter risk?

11. Agent difference and preference (open questions):

• Did you observe a difference between Brutus and Titus, and if yes, what differ-

ence?

• if you had to chose between the Brutus and Titus in real life, which one would

you pick and why?

B.2 Results
B.2.1 Counterbalancing and Completeness
We examined whether the three counterbalanced factors (agent-name pairs, task order,

and agent order) influenced our measures. Since the data was not normally distributed, we

ran Mann-Whitney U tests. We did not find statistically significant differences between the

two task order conditions for capacity trust (W = 2750.5, p = 0.53), moral trust (W = 2831,

p = 0.08), subjective agreement (W = 2782, p = 0.44), objective agreement (W = 2617.5, p

= 0.92), or meaningful human control (W = 2635.5, p = 0.86). Moreover, we did not find

statistically significant differences between the two agent-name pairs for capacity trust

(W = 2830, p = 0.34), moral trust (W = 2133, p = 0.23), subjective agreement (W = 2557, p

= 0.89), objective agreement (W = 2635.5, p = 0.86), or meaningful human control (W =
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2274, p = 0.20). Finally, we did not find statistically significant differences between the two

agent order conditions for capacity trust (W = 2553.5, p = 0.88), moral trust (W = 2283.5, p

= 0.58), subjective agreement (W = 2723, p = 0.60), objective agreement (W = 2323.5, p =

0.28), or meaningful human control (W = 2462.5, p = 0.60).

Next, we explored whether agent explanation or autonomy affected task completeness,

which might influence trust. Since the data was not normally distributed, we conducted

a non-parametric rank-based mixed ANOVA. Results showed no statistically significant

main effects of agent explanation (F(1.78) = 2.00, p = 0.14, effect size = 0.27) and autonomy

(F(1.00) = 0.25, p = 0.62, effect size = 0.06), nor an interaction between them (F(1.83) = 1.08,

p = 0.33, effect size = 0.17).
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