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Abstract
Mutual trust between humans and interactive artificial agents is
crucial for effective human-agent teamwork. This involves not only
the human appropriately trusting the artificial teammate, but also
the artificial teammate assessing the human’s trustworthiness for
different tasks (i.e., artificial trust in human partners). Literature in-
dicated that transparency and explainability is generally beneficial
for human-agent collaboration. However, communicating artificial
trust potentially affects human trust and satisfaction, which impact
team dynamics. Towards studying these effects, we developed an
artificial trust model and implemented five distinct communication
approaches which varied in modality (visual/graphical and/or text),
level (communication and/or explanation), and timing (real-time or
occasional). We evaluated the effects of the different communica-
tion styles through a user study (N=120) in a 2D grid-world Search
and Rescue scenario. Our results show that all our artificial trust
explanations improved human trust and satisfaction, but the mere
graphical communication of it did not. These results are bound to
the specific scenario and context in which this study was run and
require further exploration. As such, this work presents a first step
towards understanding the consequences of communicating and
explaining to a human teammate their assessed trustworthiness.
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1 Introduction
With the current expansion of artificial intelligence, interactive
artificial agents are evolving from mere tools to being perceived as
true teammates [31], in a variety of embodiments and scenarios,
from robots in search and rescue [16, 49] and domestic cases [23],
to virtual agents in cooperative video games [47]. Team trust is
essential in collaborative interactions [55]. This is affected by two
teammates’ mutual trust, i.e., trust relationships in which the trustor
is a human (natural trust), and where the trustor is an artificial agent
(artificial trust) [55].

On the one hand, humans need to trust artificial agents appro-
priately to collaborate effectively [34]. On the other hand, recent
literature suggests that artificial agents should incorporate trust
into their decision process to determine how and with whom to
engage (artificial trust) [3, 6]. Both can impact safety, efficiency, and
the overall success of joint operations. Mutual appropriate trust
is intertwined with communication and, consequently, the team’s
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shared mental models [36, 51]. In fact, human trust in artificial
agents (including AI agents) is often built on the artificial agent’s
communication such as explanations [4, 60, 61]. Ideally, artificial
agents should also communicate and explain their beliefs, in order
to explain their actions and decisions. Similarly, as artificial agents
use artificial trust for decision-making, they should explain their
beliefs about human trustworthiness. However, communicating
trust may have different effects depending on how it is done. In
this paper we explore how the communication of artificial trust by
an artificial agent impacts the natural trust of the human in that
agent, as well as their satisfaction, and collaborative behaviour in
human-agent teams1.

Artificial trust (AT) has recently been used as a tool for decision-
making in human-agent teams [6, 9], for decision-making or task
selection.When building artificial trust, artificial agents form beliefs
in human characteristics that are cues for trustworthiness [11, 19].
Beliefs about trustworthiness can be divided into belief in a team-
mate’s competence (i.e., can they do it?), and belief in willingness
(i.e., will they do it?) [18]. With an accurate mental model of these
human teammate’s characteristics, the agent adjusts its behaviour
towards effective collaboration.

Artificial agents should communicate the beliefs underlying their
decisions to human teammates. When these beliefs and decisions
are based on artificial trust, the agents should communicate their
assessment of human trustworthiness which led to such decisions.
Communicating AT, how it is affected by human actions, and how it
consequently affects the agent’s actions may make the interaction
more transparent and understandable. Although transparency can
lead to higher trust [17, 29], some users can be happier when not
knowing the whole truth [48]. We imagine that the communication
of perceived human trustworthiness should be transparent, but, just
like in trust repair strategies, it may be tricky. Research shows that
while communication of trust positively impacts teamwork, the
impact of communicating distrust is not as straightforward [28, 35].
Imagine, for example, that you have an artificial teammate and you
need to collaboratively pilot a plane. Imagine that your artificial
teammate (accurately) believes that you are not competent to pilot
the plane in a certain context (e.g., in fog) and decides to call for help,
but you firmly believe that you are.While transparency is important,
communicating (dis)trust may or may not affect how the human
feels, and consequently, quality of the teamwork. Furthermore,
communication of beliefs can be done in several ways, from verbal
to visual, from real-time to occasional communication, and from
mere communication to full explanation. This work is a first step
towards exploring how the communication of AT beliefs should be
done and what the impact is of such communication on the human
teammate’s emotions and behaviour.

In this paper, we compare five AT communication methods, as
well as a baseline without AT communication. This paper makes
three contributions: 1) we developed an artificial agent with an
artificial trust model which is updated in real time (presented in
Section 3.2), 2) we developed five different methods to communi-
cate artificial trust (presented in Section 3.4), and 3) designed and
ran a user study (N=120) on a 2D grid-world Search and Rescue

1In this context, we use the terms human-agent, human-AI, and human-machine
interchangeably.

scenario to evaluate the effect of the communication styles on the
participants’ trust and satisfaction (presented in Section 3.3). The
results are presented in Section 4 and discussed in 5. This work
was executed as a part of a final project of a Computer Science BSc,
where five students each designed and tested a different type of
AT communication and evaluated their effect on natural trust and
satisfaction.

2 Background
2.1 Artificial Trust
Although artificial trust is relatively unexplored for human-machine
teams, it has been vastly used inmulti-agent systems, i.e., in systems
with only artificial agents. However, these works do not necessarily
call this artificial trust, but rather trust [18], as in human societies,
or computational trust, see e.g. [56]. The term artificial trust is
recent [6]. It appears with the need to distinguish between the trust
relationships in which the trustor is an artificial agent (artificial
trust) and a human (natural trust).

According to Sabater-Mir and Vercouter (2013), the first step for
an artificial agent to trust another agent is trust evaluation [50].
The trust evaluation phase consists on modelling the trustworthi-
ness (or krypta [19]) of the trustee based on accumulated available
information [50], such as directly observable cues and behaviours
(also known as manifesta [19]). Previous literature has outlined
multiple frameworks for modelling the trustworthiness, such as the
ABI (Ability-Benevolence-Integrity) Model developed for human-
human teams [39] or the Socio-Cognitive Model of Trust [18], used
mainly for multi-agent systems.

The Socio-Cognitive Model states that the trustor can form an
evaluation of trust through two beliefs regarding the trustee: com-
petence belief and willingness belief. The competence belief is related
to the ability, e.g., set of skills, of the trustee to perform a given task.
The willingness belief represents how much the trustor thinks the
trustee is willing, e.g., intention, to perform the given task. Trust
and trustworthiness, as well as the beliefs of competence and will-
ingness, are task and context dependent. Trustworthiness in one
domain or task does not necessarily imply trustworthiness in an-
other [3, 45]. For example, a doctor is considered competent in the
health domain, but not necessarily when suggesting a restaurant.
Similarly, willingness can be affected by the teammate’s preferences
(e.g., preferring to do one task over another), environmental factors
(e.g., going for a task that is physically closer), or strategy (e.g. going
for tasks they have seen before) [11, 41]. Based on these concepts,
the agent can form beliefs of trustworthiness regarding each team-
mate’s through the evaluation of competence and willingness for
each task.

Forming competence and willingness beliefs from behavioural
cues, in particular human teammates, is quite challenging and not
directly present in literature. However, there is research on cues for
detection of intentions [63], natural trust [1, 24] in interaction with
embodied AI. With studies in 2D grid-worlds, literature presents
metrics to assess teamwork fluency, such as metrics of performance
or task completeness [8, 59]. Similarly, we can find metrics for
ability, benevolence and integrity, such as speed, favouritism, and
commitment, respectively, also in a 2D grid-world [11]. Finally,
[7] presents a model that learns the human teammate’s sequential
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behaviour, using reinforcement learning. Overall, the modelling of
human trustworthiness, as well as the consequent evaluation of
trust, are underdeveloped and we attempt to advance them in this
paper.

Once trust is evaluated, Sabater-Mir and Vercouter (2013) identify
the second stage of the trusting process as the trust decision, which
determineswhether the trusteewill be trustedwith a given task [50].
Based on the trust decision, the trustor may adjust its behaviour. For
example, if one agent trusts that another agent can and will perform
a certain task successfully, it may proceed to the next task. On the
other hand, if they do not trust the agent, then they may decide
to help or suggest a different allocation of tasks. The works [3, 6]
show through a simulation that trust based on human teammates’
capabilities can be used to efficiently allocate tasks in human-AI
teamwork scenarios. In human-machine teams, decisions based on
an appropriate level of trust in the human teammate may increase
performance, safety, and overall human satisfaction [27].

2.2 Communication in human-machine teams
Closed-loop communication is important to share the mental mod-
els among teammates and to guarantee mutual trust [51]. For mu-
tual and appropriate trust, the agent should be transparent, and
able to explain its decisions [64]. This means that when using ar-
tificial trust to make decisions, the agent should then be able to
communicate its trust model to the human teammate. As a broader
concept, communication is seen as a central point in human-AI team
processes and a facilitator of shared knowledge [67]. The current
literature highlights its critical role in supporting cognitive [21] and
affective processes [52], while also enhancing job satisfaction [22].
Communication can thus be viewed as an effort towards making
systems more transparent and understandable to humans [62].

There are multiple ways to communicate an artificial agent’s
beliefs and decisions to a human teammate. In terms of modality,
human-agent communication can include, for example, textual ex-
planations [20], summaries [14], visual/graphical representations
[33], audio [2], or mixed modalities [5, 46]. Research shows that hu-
mans can process visual representations faster compared to textual
ones [53] and that it can be an effective modality for communication
within human-machine teams [43]. However, other works suggest
that mixed modalities, combining visual and another modality, such
as text or audio, can be more effective [46, 54].

Furthermore, the timing of communication [12], such as real-
time or summary-based, can influence team dynamics [67]. In gen-
eral, collaborative tasks are considered to be an opportunity for
more frequent feedback and updates [51]. This advantage can be
used by presenting the trust beliefs of the AI agent in a real-time
manner, on every trust update or behaviour change. On the other
hand, information overload, which real-time communication is
prone to due to the high message frequency, should be avoided,
especially in situations with high stakes such as urban search and
rescue environments [37, 38].

Finally, it is worth discussing the level of information that should
be provided in human-AI communication. While previous studies
showed that providing reasoning information can significantly in-
crease natural trust [15, 44], communication can also serve the

purpose of simply informing the human teammate, without offer-
ing any justifications or explanations. This distinction aligns with
the broader contrast between explainable and transparent systems.
While transparency discloses knowledge about the system func-
tionality, or answers to what-questions, explainability provides
answers to why or how-questions, clarifying relations between sys-
tem elements and thus supporting human understanding [62]. Thus,
communicating trust can involve not only presenting factual infor-
mation but also providing the reasoning behind any changes. There
is a vast variety of approaches, and current research has not reached
a general consensus on which communication strategy is most ef-
fective. These choices are also domain specific and they have not
been tested to communicate artificial trust in human-agent teams.
This motivates us to investigate how different strategies impact on
the human teammate’s emotions and behaviour.

3 Methodology
3.1 Environment

Scenario: The experiment used a 2D grid-world simulated Urban
Search and Rescue environment, adapted from an existing imple-
mentation [58] and developed using the MATRX Software [57]. The
environment features a map with 10 areas where a virtual robot
(RescueBot) and the human participant navigate and interact, along
with a chat area where the teammates exchange information (see
Figure 1). There are 6 victims to be rescued, with variable level
of injury severity. The critically injured victims (red) could only
be rescued with the RescueBot’s help, while the mildly injured
ones (yellow) could be rescued by only one teammate, but working
together improved efficiency. There are obstacles, such as rocks,
trees, and stones, which needed to be cleared to access some rooms.
Clearing rocks (grey) demanded cooperation from both teammates
to clear them, while trees (green) could only be removed by the
robot itself. Stones (brown) were the most flexible obstacle - either
teammate could handle them, although working together improved
efficiency. The visibility was restricted to close obstacles only and
the mission lasted ten minutes. The goal of this simulation was to
successfully find and transport all victims to the rescue zone.

Communication: In the chat area, the participant could communi-
cate with the robot using predefined phrases, presented as buttons.
This interface allowed for:

• Sharing decisions about searching (“I will search in area X”)
• Requesting help with removing obstacles (“Help remove at
X”)

• Answering questions (“Remove alone/together”, “Rescue
alone/together”, “Continue”)

• Announcing the discovery and rescue of victims (“I have
found X”, “I will pick up X”).

3.2 Artificial Trust Model
Although this study does not focus on developing a trust model,
we need to explain the model we used to guide the communica-
tion and explanations. Based on the previously mentioned Socio-
CognitiveModel [18], we developed a task-dependent artificial trust
(AT) model based on the perceived competence and willingness
of the human teammate for this search and rescue scenario. An
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Figure 1: Environment used during the experiment. Left side shows the initial map configuration (without visibility restrictions).
Right side shows the chat area.

agent may trust a human teammate for a certain task at time 𝑡 as
𝐵𝑒𝑙𝑖𝑒 𝑓 (𝐴𝑇𝑡𝑎𝑠𝑘,𝑡 ) = 𝐵𝑒𝑙𝑖𝑒 𝑓 (𝐶𝑎𝑛𝑡𝑎𝑠𝑘,𝑡 ) + 𝐵𝑒𝑙𝑖𝑒 𝑓 (𝑊𝑖𝑙𝑙𝑡𝑎𝑠𝑘,𝑡 ), where
𝐴𝑇 is artificial trust, and 𝐶𝑎𝑛 and𝑊𝑖𝑙𝑙 are the competence and
willingness beliefs, respectively. For simplicity of trust calculation,
we consider three tasks: searching rooms, removing obstacles, and
rescuing victims. At the start of the search and rescue mission
(𝑡 = 0), the values of 𝐶𝑎𝑛 and𝑊𝑖𝑙𝑙 are 0 for all three tasks. The AT
belief is bound between -1 and 1.

The beliefs in competence and willingness are updated by adding
a factor 𝑓 , through behaviour and context observation. This factor
depends on the importance and interdependence level of the task.
The value of 𝑓 can be small (0.1), medium (0.2), or large (0.4), and in a
positive (+) or negative (-) direction. For example, lying about a crit-
ically injured victim’s location has a large and negative (-0.4) 𝑓 ad-
justments on both competence and willingness, while lying about a
mildly injured victim’s location has a medium and negative (-0.2) 𝑓 .

Furthermore, an additional preference factor 𝑃 (𝑡𝑎𝑠𝑘) is added
when computing the willingness belief at a given time:

𝐵𝑒𝑙𝑖𝑒 𝑓 (𝑊𝑖𝑙𝑙𝑡𝑎𝑠𝑘,𝑡 ) = 𝐵𝑒𝑙𝑖𝑒 𝑓 (𝑊𝑖𝑙𝑙𝑡𝑎𝑠𝑘,𝑡−1) +𝑓 (𝑤𝑖𝑙𝑙, 𝑡𝑎𝑠𝑘) +
𝑃 (𝑡𝑎𝑠𝑘). This study considers that preferences can impact the will-
ingness of a human to perform a certain task, independent of their
competence. To compute the preference factor, this research consid-
ered a heuristic-based approach, centred on the idea that humans
prefer to do less difficult tasks. There is evidence supporting this
heuristic. For example, complex tasks are associated with negative
emotions and are deemed less engaging [42], which may lead par-
ticipants to choose tasks with the least effort associated to them
[11].

Finally, we consider a confidence value that reflects the level
of consolidation of each belief. Since the study is dealing with
short-lived collaboration, blindly making decisions based on trust
in early stages can negatively impact the overall goal. This addition
aims to mimic how users’ trust in intelligent systems changes over
time as they gain more experience, a point highlighted in earlier
studies [26]. The value of confidence, 𝐶 is ∈ [0, 1] and increases

when consistent observations related to one belief occur, i.e., more
observations with the same tendency, more confidence in the belief.

To decide on whether to engage in a trust relationship, the
agent computes the trust decision. This decision is made by 1)
comparing the artificial trust belief with the set thresholds for a
required task and 2) verifying whether the confidence is higher
than the confidence threshold. More information on the code can
be found in Section 6.

3.3 User study
To test the effects of different types of artificial trust communication,
we designed a between-subject user study. This study was approved
by Delft University of Technology’s ethical committee (HREC), with
ID 5063, and the dataset can be found in Section 6. We compare the
effect of six artificial trust communication types (baseline, real-time
textual explanations, real-time visual communication, real-time
visual communication and explanations, occasional textual commu-
nication and explanations, and occasional visual communication
and explanations) on the human’s trust and satisfaction.

3.3.1 Participants. To conduct this experiment, 120 participants
were recruited using the author’s personal networks. All partici-
pants resided in Europe and most belonged to the 18-24 age group
(96). Ages were between 18 and 54. Most participants had an aca-
demic Computer Science-related background (89) and were Bach-
elor students or graduates (65). Regarding gender, 86 participants
identified themselves as men, 31 as women, and 1 as non-binary.
Some of them had experience with the MATRX software (31). The
gaming experience ranged from no experience (8), very little ex-
perience (21), some experience (37), to a lot of experience (54). In
terms of the simulation environment, 76 of the participants used
macOS as their operating system, and 44 used Windows.

3.4 Communication conditions
Basic communication was already available on the environment
chosen, which was used as a baseline (B). As shown in Fig. 1, this
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included messages from the RescueBot (in white) regarding its ac-
tions, or requests of help. The RescueBot informs which in area they
will search, which victims they have found where, and whether
they will rescue any victim (and take them to the safezone). This
communication does not include information regarding the Rescue-
Bot’s AT, nor any justification/explanation for it. As such, five types
of AT communication were developed, besides the baseline commu-
nication (six communication conditions in total). These conditions
were designed to provide a broad exploration of different possible
ways of communicating, varying in timing, modality, and level.

Real-time short textual explanations (RTE):. This type of com-
munication is the closest to the baseline. It adds to the baseline
by sharing information with the human teammate whenever the
artificial trust beliefs are altered based on an action. For example,
if the participant mentions they found a victim but the victim is
not there, (action) then the RescueBot will mention that the trust
regarding searching victims decreased because of that (explanation).
Some of these explanations can be found in Table 1.

Real-time visual (graphical) communication (RV):. In this condi-
tion, the AT beliefs are presented to the human through a bar chart
(see Fig. 3). They are updated in real-time, as the mission happens.
The bars have different colours depending on whether the human is
trusted (green) for a task, not trusted (red), or in between (yellow),
and are accompanied by an emoticon. This method is transparent
but not explainable.

Real-time visual (graphical) communication + explanations (RVE):.
Similar to RV, this method presents bar charts of the artificial trust
beliefs (see Fig. 4). However, this condition presents the values
of competence, willingness and confidence separately but not per
task, without the presence of colours or emoticons. In addition,
this condition presents a line plot with overall AT values and its
changes in time. The user can hover for further textual explanations
regarding the changes.

Occasional textual summary of changes (OTE):. Instead of provid-
ing information in real-time, this approach provides two text-based
summaries during the mission and one at the end. Each summary
provides an extensive description of the status of the game, as well
as the AT levels. Furthermore, these summaries explain how human
actions impacted AT beliefs, as well as how AT beliefs impacted
the RescueBot behaviour (an example of the latter is showed in Fig.
2). Text regarding positive and negative impacts was displayed in
green and red, respectively. During each progress point, the game
was paused, and the summary was displayed as a pop-up, covering
most of the screen. After checking the fours pages of summary, the
player could resume the game by clicking on a closing button.

Occasional visual (graphical) summary of changes (OVE):. Occa-
sional visual (graphical) summary of changes: Similar to OTE, this
communication of AT beliefs is done through an occasional visual
summary, as in Fig. 5. This visual summary allowed hovering for
textual explanations.

3.4.1 Measures.

Subjective Measures: To measure the participant’s self-reported
trust and satisfaction, two validated questionnaires were used: the

Figure 2: Part of the communication of AT in OTE condition.

Figure 3: Communication of AT in RV condition.

Figure 4: Communication of AT in RVE condition showing
explanation on hovering

Figure 5: Communication of AT in OVE condition showing
explanation on hovering.

Trust Scale for the XAI Context and the Explanation Satisfaction
Scale [25]. Both questionnaires were based on a 5-point Likert scale
and were adapted slightly to fit the topic of this research. The
survey also contained an exploratory, optional section in which
participants could respond to four open-ended questions regarding
their perception of RescueBot. The integral questionnaires can be
found in Appendix A.
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Table 1: Overview of some action-explanation pairs present in RTE communication.

Action Message with explanation
Human mentions they searched an area, but the robot
found a stone blocking the path.

You mentioned that you had searched in area 1, but I found a stone blocking the
way. I will now check the other area you claimed to have searched, as my trust
in your searching has significantly decreased.

Human mentions that they found a victim in an area,
without mentioning they searched that area.

Thanks for mentioning, however, since you did not mention that you were going
to search that area, my trust regarding your searching decreased.

Human communicates that they are going to search
an area.

Thanks for mentioning, now I can search for other unsearched areas. My trust in
you regarding searching has increased.

Human said they would come to remove an obstacle
together, but did not come.

I decided to remove the stones blocking area N, since you did not respond to me
and it is important to remove obstacles blocking areas. My trust in you regarding
obstacles decreased.

Human asks for help removing an obstacle in area N. Thanks for asking for help in area N. My trust regarding obstacles increased.
Human responds to the RescueBot that they will come
to remove an obstacle.

It seems that you are willing to help removing obstacles.

RescueBot sees a stone or tree, while it does not trust
the human regarding obstacles.

Since I do not trust you with removing obstacles based on your previous actions,
I decided to remove alone stones blocking area N.

RescueBot finds a victim the human said it collected. Found the victim in area N although you said you collected it. My trust in you
regarding victims decreased heavily.

Human mentions they found a critical victim, while
the victim is not there.

Since you lied about finding a critical victim, my trust regarding victims decreased
significantly. I consider critical victims as very important.

Human comes to rescue a victim, because the robot
asked.

Thanks for coming over. My trust in you regarding victims increased.

Objective Measures: During the simulation, objective metrics
were recorded and collected in the background for analysis. Specif-
ically, we logged the number of messages received from the partici-
pant, the number of human and RescueBot actions (both individual
and joint), the number of successful joint tasks proposed by the
RescueBot, the completion time of the simulation in ticks, and the
artificial trust beliefs of the RescueBot at the end of the simulation
(competence, willingness, confidence). These logs were then
used to compute multiple metrics potentially capable of indicating
trust and satisfaction. Particularly, we computed the final artifi-
cial trust, the communication rate, the action rate, the level
of collaboration in tasks, and compliance, i.e., the proportion
of tasks suggested by RescueBot that the human takes. Both high
communication rate and compliance may indicate trust [30].

3.5 Procedure
The participants were first asked to read a research overview and
complete a consent form before proceeding with the experiment.
After consenting, they were randomly assigned to one of the exper-
imental conditions. Then, each participant was asked to complete a
personal information survey in which they stated their age group,
gender, region, level of education, game experience, knowledge of
the MATRX Software, and whether they major(ed) in a Computer
Science-related field. The participants then followed a tutorial in
a toy environment to familiarize themselves with the tasks, con-
trols, and chat system. After the completion of the tutorial, a brief
explanation of the trust model was given. They were informed
about the mental model of the artificial agent, the definitions of
trust (competence/willingness/confidence), and the behavioural
adaptations. Depending on the condition, participants were famil-
iarized with communication method. Following that, the official

Figure 6: Distribution of the results, per condition, regarding
(natural) trust.

task would begin. The user was instructed to collaborate with the
RescueBot during the search and rescue mission. Once the game
was completed, the user would fill in the questionnaires.

4 Results
In order to compare trust and satisfaction measures across condi-
tions, we ran a Kruskal-Wallis analysis, since the data did not meet
the normality assumption. Kruskal-Wallis showed a significant dif-
ference among conditions for the metrics of natural trust (𝐻 = 13,
𝑝 = 0.02), satisfaction (𝐻 = 16, 𝑝 < 0.01), competence (𝐻 = 12.3,
𝑝 = 0.03). The distribution per condition of these three metrics
can be found in Fig. 6, 7 and 8, where trust is specified as natural
trust, and competence as artificial competence, to demonstrate it is
a computed belief, part of artificial trust. For these three metrics,
we proceeded towards a pairwise analysis, which can be found in
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Figure 7: Distribution of the results, per condition, regarding
satisfaction.

Figure 8: Distribution of the results, per condition, regarding
(artificial) competence.

table 2. Depending on the normality of the conditions involved,
we ran either a t-test (parametric) or a Mann-Whitney U test (non-
parametric). We found statistically significant averages differences
between some of the conditions and the baseline, but not between
any of the other conditions. Particularly, all conditions except RV
present a significant difference both in trust and satisfaction when
compared to the baseline. Three conditions (OVE, RV, and RTE)
show a significant difference in competence when compared to the
baseline.

We also found differences across conditions in the action rate
metrics. However, this was discarded since this metric seemed to
be confounded by several variables: the operative system in which
the environment was run, as well as the age, game experience, and
educational background of the participants. All other metrics were
either not significant.

5 Discussion
5.1 Results
Our results suggest that explaining the artificial trust values, and
not simply being transparent about them, improves the human
teammate’s trust and satisfaction. Accordingly, all conditions with
this level of information, (RVE, RT, OTE, and OVE) seem to have
outperformed the baseline in terms of trust and satisfaction. Exist-
ing literature corroborates that explanations, not just transparency,

increase trust, see e.g., [4, 61]. Similarly, other works also found
explanations of mental models to increase satisfaction [32, 65]. The
only condition without explanations, the RV condition (real-time
visual communication), was the only condition that did not show a
significant difference when compared to baseline. However, we can
also see that this condition has a higher mean for participant compe-
tence than the baseline. This suggests the communication was not
harmful to the performance, and even improved it. In any case, this
condition did not show any significant difference when compared
with the other communication conditions (besides baseline), which
suggests it was also not significantly worse than the others.

In terms of modality, [54] suggests hybrid explanations are pre-
ferred by users, and RVE and OVE can both be considered hybrid.
Besides the above-mentioned works, [46] also showed that the vi-
sual modality was less effective when compared to text, audio, or
hybrid approaches. The RV condition, which did not show a sig-
nificant difference in trust and satisfaction, was only visual. From
our results, we cannot conclude which modality or timing is bet-
ter, since AT communication conditions did not show significant
differences when compared against each other. These results are
not unexpected as the conditions were not designed to isolate the
effects of modality and timing.

Although most objective metrics (potentially indicative of trust)
did not show any statistically significant difference among condi-
tions, competence did. Competence, or artificial competence, is one
of the beliefs that constitutes artificial trust, besides willingness.
Three conditions (OVE, RV, and RTE) showed a significant higher
competence than baseline. This suggests that the human behaviour
was affected by the communication of artificial trust. Research
shows that effective communication, including transparency and ex-
planations, can affect team efficiency and operator performance [13,
40, 66]. In particular, this may mean that the human behaviour was
affected by the artificial trust itself, as suggested by [9]. This may be
because certain feelings were triggered, or simply because the par-
ticipants took the AT communication as a guide for how to behave.

5.2 Limitations and Future Work
Our main limitation was that the conditions were not very compa-
rable between each other. As mentioned before, each condition was
developed by a different CS student, which increased the differences
in implementation. This means that the effects of modality, timing
and level were not isolated, making it hard to control for these
variables. For example, we could not conclude whether real-time
or occasional explanations worked better, since there were other
manipulations among the conditions. In contrast, our contributions
are more diverse and can serve as baseline for further exploration
of modalities, timing, and level in the communication of AT in
human-AI teams.

In our study, the artificial trust values were consistently high
across conditions. This was possibly because our experimental
setup naturally encouraged trustworthy behaviour from partici-
pants. Having mainly positive communication of AT poses a limita-
tion, introducing questions about the communication of distrust
assessments. Future research should explore how humans react to
distrust signals from AI (e.g., “I don’t trust you due to past failures”)
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Table 2: Statistically significance pairwise differences between baseline and other communication conditions. The test column
specifies which test was used, either t-test or Mann-Whitney U test (MW U). The statistic column presents the Z value for
Mann-Whitney and t-statistic for t-test.

Variable Condition 1 Condition 2 Test Statistic p-value

Trust B (M=3.66, SD=0.59)

OVE (M=4.1, SD=0.64) MW U 111.50 <0.05
RVE (M=4.24, SD=0.32) t-test -3.82 <0.01
OTE (M=4.09, SD=0.44) MW U 109.5 <0.05
RTE (M=4.12, SD=0.4) t-test -2.86 <0.01

Satisfaction B (M=3.79, STD=0.68)

OVE (M=4.28, STD=0.53) t-test -2.51 <0.05
RVE (M=4.31, STD=0.42) t-test -2.87 <0.01
OTE (M=4.51, STD=0.41) MW U 72 <0.01
RTE (M=4.41, STD=0.47) t-test -3.31 <0.01

Competence B (M=0.66, STD=0.18)
OVE (M=0.82, STD=0.15) MW U 96 <0.01
RV (M=0.8, STD=0.16) MW U 104 <0.05
RTE (M=0.8, STD=0.09) t-test -2.94 <0.01

in different contexts. While withholding information or even de-
ception might improve the human-AI relationship, as suggested
by Rogers’s work on deception [48], we believe this approach is
ethically problematic. However, explicitly expressing distrust could
also damage human-AI collaboration. This creates a significant chal-
lenge that requires further investigation to balance transparency
with effective teamwork.

Another limitation is the demographics of our sample. Given
that this was a Computer Science BSc final project, many partici-
pants were from similar circles of background, age, area of studies,
etc. This may have given us biased results and should be further
investigated with, for example, participants with lower knowledge
of computers and AI. Moreover, the study focused on short-term
trust assessments, having the users play a single mission and report
their subjective experiences. Longitudinal studies could explore
how the artificial trust model, as well as its communication, may
impact trust over extended periods of interaction with the system.

6 Conclusion
In this paper we present the effects of artificial trust (AT) com-
munication in human-AI teamwork. We ran a user study (N=120)
to evaluate five different AT communication methods that vary
in level of information, modality and timing. For this, we imple-
mented an AT model which is based on the beliefs of competence
and willingness, and that takes into account human preferences
and overall confidence in the beliefs. Our results show that explana-
tions of AT during human-agent teamwork can improve both trust
and satisfaction. Furthermore, results also suggest that some condi-
tions impact human behaviour, increasing their competence. This
work marks the first step towards understanding the impacts of AT
and its communication in human-agent teamwork, and raises ques-
tions regarding the communication of distrust in teamwork. Both
communication and mutual appropriate trust are major pillars for
effective collaboration between humans and advanced interactive
artificial intelligence and need to be further research.
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A Questionnaires
The following questionnaire (Table 3) was used to assess the participants’ self-reported trust and satisfaction, based on a 1-5 Likert scale.
The questionnaire is adapted from two scales proposed by Hoffman et al. (2023), the Trust Scale for the XAI Context and the Explanation
Satisfaction Scale [25]. The items with ∗ represents distrust, i.e., the score needs to be inverted when aggregating results.

Table 3: Questionnaire used to assess self-reported measures, split by sections.

Trust

I am confident in RescueBot. I feel that it works well.

The outputs (communication, decisions) of RescueBot are very predictable.

The RescueBot is very reliable. I can count on it to be correct all the time.

I feel safe that when I rely on RescueBot I will get the right result.

RescueBot is efficient and works very quickly.

I am wary of the RescueBot.*

The RescueBot can perform a task better than a novice human user.

I like using the RescueBot’s guidance for decision making.

Satisfaction

From RescueBot’s explanations, I know how it works.

The RescueBot’s explanations of how it works are satisfying.

The RescueBot’s explanations of how it works have sufficient detail.

The RescueBot’s explanations of how it works seem complete.

The RescueBot’s explanations of how it works tell me how to use it.

The RescueBot’s explanations of how it works are useful to my goals.

The RescueBot’s explanations show me how accurate the system is.

Open Questions

What information would you have liked the RescueBot to provide but was missing?

What did you like most about your collaboration with RescueBot?

What did you like least about your collaboration with RescueBot?

What do you think RescueBot thinks of you? How does that make you feel?
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