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Abstract

With the rise of AI presence in various contexts and spheres of life, ensuring effec-
tive human-AI collaboration, especially in critical domains, is of utmost importance.
Explanations given by AI agent can be of great assistance for this purpose. This study
investigates the impact of global explanations, explaining general allocation rules, on
human supervision and trust in AI within the critical domain of a firefighting scenario,
where human and AI agent have to collaborate to save victims. To this end, a user
study involving 40 participants was performed. The user study compared the baseline
and global explanation scenario and the participants’ trust in the AI and explanation
satisfaction were measured. The results indicated no significant differences between
the two types of explanations, and in fact both achieved similar satisfactory outcomes.
This suggests comparable effectiveness of global explanations in enhancing human-AI
collaboration. Essentially, the insights of this study underscore the need for further
exploration into contextual factors influencing the impact of global explanations and
contribute to designing better human-AI teaming systems in dynamic and ethically
sensitive environments.

1 Introduction
With the rapid development in the field of Artificial Intelligence (AI), the integration of
artificially intelligent agents will only grow more widespread in all kinds of contexts. Even
though AI agents have shown to be very capable of efficiently solving complex tasks, often
times their application tends to be a "black box", i.e. mysterious or hard to understand to
the user[20]. This lack of understanding of the actions of the AI agent can pose significant
risks when it comes to more sensitive and critical domains, where the agent can directly
impact people’s well-being and thus a well-melded human-agent collaboration is crucial[12].

Existing research has explored some of the challenges of achieving effective human-agent
collaboration[16]. One of the most significant ones is related to the efficient allocation
of moral decision-making tasks within teams of humans and AI agents. A way to tackle
this is through the design of Artificial Moral Agents (AMAs) that adhere to several Team
Design Patterns (TDPs) [16]. These TDPs vary in the level of involvement and autonomy
of the agent, ranging from agents assisting in decision making to fully autonomous agents
making independent moral decisions [16]. Building on top of this, another challenging area
of interest has to do with maintaining Meaningful Human Control (MHC), to whose end
existing research has investigated how different TDPs affect human-control and decision
making [17]. The findings indicate that MHC is achieved when the consequences of the
human decisions can be directly observed. On the other hand, when the outcomes are
delayed, perceived control was diminished.

In addition to the above-mentioned, another aspect that plays an important role in a
well-integrated human-agent collaboration proves to be the usage of explanations by the
agent[18]. Essentially, explanations can serve as a tool to combat the "black box" notion of
AI agents and moreover the lack thereof constitutes both a practical and an ethical issue
[4]. In fact, existing research has shown that the more personalized and well-suited to the
situation an explanation is, the greater the benefit for the human-agent team, since higher
explanation satisfaction and trust in the agent is achieved [19]. In addition, previous work
also mentions that explanation must strive to be clear, timely, relevant and concise, since
due to stress and big workload, humans do not have the chance to fully comprehend and
interpret the results, and even seldomly read them [17]. However, there remains a knowledge
gap in understanding how specific types of explanations impact human supervision and trust
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in agents, especially in dynamic and uncertain environments requiring ethical judgment.
Addressing this gap is essential for designing effective human-robot collaboration systems.

This research paper is concerned with a specific type of explanations, namely global
explanations, in the context of a firefighting scenario where an AI agent and human col-
laborate to save maximum number of victims. The paper will address the question: "How
do global explanations that explain general allocation rules influence human supervision
over and trust in the robot?". To this end, this paper also discusses key characteristics of
effective global explanations, which in essence provide a broad view of the logic behind the
model, and offers comparison to the baseline scenario. Finally, this study gives insights on
the circumstances under which global explanations relate to satisfactory human-robot col-
laboration outcomes. The motivation behind investigating specifically global explanations
out of other types of explanations lies in their ability to reveal underlying principles and
systematic relationships within complex models. This valuable ability can potentially lead
to improved model transparency, human-AI collaboration, and robustness across diverse
datasets and scenarios, which is very desirable in the field of AI.

Through performing a sufficient literature review, that led to the design and implemen-
tation of global explanations, followed by a user study and data analysis of the resulting
outcomes, this paper concluded that there is no significant difference between the baseline
scenario and the global explanation scenario in terms of trust and satisfaction. However,
both types of explanations achieved similar high results, which implies comparable effec-
tiveness of global explanations in human-AI collaboration. The following sections explain
in detail the process.

2 Background

2.1 Key Characteristics of Global Explanations
Global explanations identify and describe general patterns or trends in the model[2]. Their
aim is to explain the behavior of the model in its entirety, unlike local explanations that
are aimed at explaining individual decision and instances[3]. In essence, global explanations
provide a broad view of the logic behind the model and can even be seen as summaries of
more complex explanations[13]. As such, they offer much more scalability compared to other
types of explanations. In contrast, the information that local explanations convey regarding
the agent’s decision-making is state-specific [6], as is the case with the baseline explanations
in this study, made clear in section 3.6.

Existing work on generation of global explanations involves various machine learning
methods, of which most commonly used are decision trees, rule-based classifiers and neural
networks [13]. Another popular way of constructing global explanations is through com-
bining local explanations based on SHapley Additive exPlanation (SHAP) values [8]. The
SHAP values provide a unified measure of feature importance by computing the average
contribution of each feature across all possible combinations of features [9]. In this way, the
most influential features can be identified and used in the making of global explanations.

These approaches among others are mainly applied in the context of actual black-box
models. However, in this research paper, the focus is not so much on the generating process,
rather than the actual effect of global explanations on the user. Thus, the model and its
intricacies are known for the design of this study and this knowledge is taken advantage
of when creating the global explanations, as described in section 3. Tools like the above-
mentioned decision trees and SHAP values, despite their usefulness, prove to be unnecessary,
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since the features that influence the model globally are known in advance.

2.2 Research Question Description
The research question this work aims to answer is: "How do global explanations that explain
general allocation rules influence human supervision over and trust in the robot?". The
answer to this question will be reached through comparison to the baseline explanation
scenario following the methodology described below.

3 Method

3.1 Experiment Design
To investigate the influence of global explanations on human supervision and trust in robot
a user study was performed. The study was structured to compare two scenarios - baseline
explanations scenario and global explanations scenario. Thus, it had a 2x1 between-subjects
design with the scenario type as the independent variable. As dependent variables, we
measured perceived capacity trust and moral trust in the AI agent, as well as satisfaction
with the explanations and disagreement rate, i.e. the amount of times the participants
disagreed with the robot’s decision and allocated it to themselves.

3.2 Participants
A total of 40 participants were recruited for this study, with 20 participants allocated to
the baseline scenario group and another 20 participants assigned to the global explanations
scenario group. Out of the total sample size, 37.5% were female, and 62.5% were male.
More specifically, of the participants appointed to the baseline scenario, 45% were female
and 55% were male, while of the participants selected for the global scenario, 30% were
female and 70% were male. A Chi-square test for homogeneity was performed for gender
to determine if there are statistically significant differences in the distribution of gender
across the two different scenarios or the distribution is similar. The results (χ2 = 0.42667,
df = 1, p = 0.5136) showed that the proportion of males and females is consistent across
the two scenarios, indicating that gender is homogeneously distributed and any observed
differences in outcomes are not due to gender distribution discrepancies. The vast majority
of the participants fell within the age range of 19 to 24 years old, 95% to be exact, while
the remaining 5% were withing the age range of 24 to 34. Only one participant was above
24 in the samples of both the baseline and the global scenario. In terms of education, all
participants possessed at least a high school diploma, 52.5% had only high school diploma,
27.5% had some college credit, 12.5% had Bachelor’s degree and the rest 7.5% had Master’s
degree. For the baseline scenario, 45% fell into the first category (high school diploma), 40%
were of the second category (some college credit), 5% were of the third (Bachelor’s degree)
and 10% had Master’s. For the global scenario, the respective percentages in the same order
were 60%, 15%, 20%, and 5%. Concerning gaming experience, there was a lot of variety
among the participants, but most had at least a little experience. The exact percentage
values for the total sample size were: 15% of all participants had no gaming experience at
all, 15% had a little experience, 22.5% had moderate, 17.5% had a considerate experience
and finally 30% had a lot of experience. For the baseline scenario, the percentage values
in the same order were: 25% with no experience, 10% with a little, 20% with moderate,
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15% with a considerate experience and finally 30% had a lot of experience. For the global
scenario the percentage values in the same order were: 5%, 20%, 25%, 20%, 30%. For the
above-mentioned variables of age, education and gaming experience a two-samples Wilcoxon
test was performed in order to assess whether there is a statistically significant difference
between the distributions of these variables across the two scenarios. The results indicate no
significant difference for all three - age (W = 200, p = 1), education (W = 218, p= 0.6039)
and gaming experience (W = 176.5, p = 0.5233). Additionally, data on risk propensity,
trust propensity, and utilitarianism of each participant was collected. Section 3.8 provides
a detailed explanation of how these variables were measured. For risk propensity, trust
propensity, and utilitarianism an independent samples t-test was attempted (if the data
assumptions were met) since it has more statistical power and it is more sensitive to detecting
differences between groups. However, if the assumptions were not met, a Wilcoxon test
was performed. The results indicated no significant difference for all three variables - risk
propensity (W = 200, p = 1), trust propensity (t = 1.6153, df = 36.996, p = 0.1147), and
utilitarianism (W = 252, p = 0.1621). Informed consent was obtained from all participants
before their participation in the study. Ultimately, none of the previously described variables
(age, gender, education, gaming experience, risk propensity, trust propensity, utilitarianism)
required further control during the data analysis stage, as all of them were similar and did
not have significant differences across the two scenarios.

3.3 Hardware and Software
The required hardware for the experiment described in section 3.1 is a laptop (or desktop
computer) capable of running Python and the MATRX software, a Python package designed
to facilitate human-agent teaming research (https://matrx-software.com/). The laptop was
used to launch a two dimensional grid world created using MATRX. Additionally, a stable
internet connection is needed for conducting the survey through Qualtrics, which is a web-
based platform used for creating and distributing surveys, as well as collecting and analyzing
survey data.

3.4 Environment
The environment used in this research is a MATRX world, depicted in Figure 1. The world
features 14 designated areas that represent offices in a building, some of which on fire, with
smoke spreading out and victims trapped inside. To ensure diverse victim representation,
four victim types (woman, man, older woman, older man) with two injury categories (critical
and mild) were included, denoted by victim color (red for critical, yellow for mild). The AI
agent is depicted in the upper right corner in Figure 1, and is essentially a firefighting robot.
Additionally, there is a human agent (controlled by the participants) that communicates
with the robot agent through a chat window, illustrated in Figure 2. On the right side
of Figure 1, there is a designated safe zone where the victim drop-off happens. It is also
worth mentioning that the world is made to resemble an actual realistic firefighting situation
with the help of 6 situational features (observed at the top of the chat window in Figure 2)
that change as the time progresses, namely temperature level, smoke spread, resistance to
collapse, number of victims, fire location source and distance between victim and fire source.
In this way, the model strives to come close to reality.
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Figure 1: Screenshot of the model environment and scenario used in this study.

3.5 Task and Agents
As already mentioned, the given scenario is a firefighting situation in a burning building
where some of the offices are on fire and there are people trapped inside. The objective is
to achieve the best possible outcome for both the firefighters and the people trapped inside,
some of which more injured than others, with the help of an AI agent that is capable of
making decisions based on its surrounding circumstances.

The robot (AI agent) is tasked with the job of performing search and rescue operations
in collaboration with a human agent(in this case the user of the system). The robot sustains
an ongoing communication with the human through a chat window (depicted in Figure 2),
explaining its actions. Whenever the robot encounters situations that are deemed morally
sensitive above a certain threshold (for example whether to evacuate the people or extinguish
the fire first), it asks the human to make the decision. The human agent then can make a
decision by clicking one of the buttons at the bottom of the chat window in Figure 2. Other
than that, the robot works independently, informing the human of its actions during the
whole time. The human is capable of intervening at any moment and command the course
of action of the robot, if he/she chooses to.

3.6 Global Explanation Generation
There are 4 decision-making situations that can happen and that require additional justi-
fication and possibly intervention from the human - choosing deployment tactic, choosing
whether to evacuate or extinguish first, choosing whether to locate the fire source, and
choosing whether to rescue critically injured victims (is the environment safe enough for
the firefighters). All of these decisions and their allocation depend on the predicted moral
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Figure 2: Screenshot of the chat window used for communication between the agent and the
robot.

sensitivity of the robot. If that sensitivity is above the threshold, the decision is allocated
to the human. The sensitivity can be calculated in 4 different ways depending on the cir-
cumstances, and thus there are 4 different sensitivity functions. Each depends on different
set of the 6 situational features mentioned above in section 3.5. Table 1 gives more details
on these dependencies. The exact way that the functions calculate the moral sensitivity can
be found in the publicly accessible code repository used for this study1.

Sensitivity
Function

Tempera-
ture

Smoke
spread

Resistan-
ce

Victims Fire Lo-
cation

Distance

Function 1 yes - yes - - yes
Function 2 yes - yes yes - -
Function 3 - yes - yes yes -
Function 4 - - yes yes yes -

Table 1: Dependency of Sensitivity Functions on Situational Features

Before delving into the implementation details of global explanations, it is important
to first discuss the baseline explanations, as they form the foundation against which all
comparisons are made. The baseline explanations are also presented in the 4 decision-
making situations, introduced earlier. They are quite rich in detail and frequently display
visually how each of the features contributes to the final result of moral sensitivity in the
specific situation. With this in mind, they can be considered local explanations, since they
are tailored for a specific instance and do not capture the general logic or trends of the
model. Figure 3 illustrates what a typical baseline explanation looks like.

1https://github.com/rsverhagen94/TUD-Research-Project-2024/
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Situational Feature Range
Temperature [Lower, Close, Higher]
Smoke spread [Slow, Normal, Fast]
Resistance [0 to 150]
Victims [None, Unclear, One, Multiple]
Fire Location [Known, Unknown]
Distance [Small, Large]

Table 2: Situational Features and Their Ranges

Back to the general explanations, by examining the already-mentioned 4 moral sensitiv-
ity functions and trying out a variety of values within the ranges of the features used as
parameters, one can make observations about possible dependencies between the parameters
and the value of the outcome of the moral sensitivity. Table 2 depicts the possible values of
each of the 6 features used as input for the moral sensitivity functions. All possible values
within each parameter’s range were tried out and plugged in their corresponding sensitivity
function. Observing the resulting value of moral sensitivity and calculating the percentages
of the cases when the result is below or above the threshold enabled obtaining general state-
ments depicting the overall logic of the model. These statements were essentially used as
the building blocks of the global explanations. Below as an example are presented 2 global
explanations for each sensitivity function, the last sentence in bold is the general statement
explained above.

• Function 1

– I have found (victim-type) in office (office-number). We should decide whether
to send in a firefighter to rescue the victim, or if this is too dangerous. I will make
this decisionas the predicted moral sensitivity (sensitivity-value) is below my
allocation threshold. However, you can also reallocate the decision to yourself.
When the distance is small and the temperature is higher than the
threshold, the moral sensitivity is below the allocation threshold in
76.92% of cases.

– I have found (victim-type) in office (office-number). We should decide whether
to send in a firefighter to rescue the victim, or if this is too dangerous. Please
make this decision as the predicted moral sensitivity (sensitivity-value) ex-
ceeds my allocation threshold. Take as much time as you need. However, you can
also reallocate the decision to me. When the distance is large and the tem-
perature is higher than the threshold, the moral sensitivity is above
the allocation threshold in 30.77% of cases.

• Function 2

– The fire source still has not been located. We should decide whether to send in
fire fighters to locate the fire source, or if this is too dangerous.I will make this
decision as the predicted moral sensitivity (sensitivity-value) is below my
allocation threshold. However, you can also reallocate the decision to yourself.
When there are no people involved and the temperature is close to
the threshold, the moral sensitivity is below the allocation threshold
in 100.00% of cases.
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Figure 3: An example of a baseline explanation.

– The fire source still has not been located. We should decide whether to send
in fire fighters to locate the fire source, or if this is too dangerous.Please make
this decision as the predicted moral sensitivity (sensitivity-value) exceeds
my allocation threshold. Take as much time as you need. However, you can also
reallocate the decision to me. When multiple people are involved and the
temperature is close to the threshold, the moral sensitivity is above
the allocation threshold in 100.00% of cases.

• Function 3

– I have found (victim-type) in the burning office (office-number). We should
decide whether to first extinguish the fire, or evacuate the (victim-type). I will
make this decision as the predicted moral sensitivity (sensitivity-value) is
below my allocation threshold. However, you can also reallocate the decision to
yourself. When the number of victims is 1 and the smoke spreads fast
and the location is known, the moral sensitivity is below the allocation
threshold in 100.00% of cases.

– I have found (victim-type) in the burning office (office-number). We should
decide whether to first extinguish the fire, or evacuate the (victim-type). Please
make this decision as the predicted moral sensitivity (sensitivity-value) ex-
ceeds my allocation threshold. Take as much time as you need. However, you
can also reallocate the decision to me. When the number of victims is 1
and the smoke spreads fast and the location is unknown, the moral
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sensitivity is above the allocation threshold in 100.00% of cases.

• Function 4

– Our offensive deployment has been going on for (offensive-deployment-time)
minutes now. We should decide whether to continue with this deployment, or
switch to a defensive deployment (additional-explanation). I will make this
decision as the predicted moral sensitivity (sensitivity-value) is below my
allocation threshold. However, you can also reallocate the decision to yourself.
When there are no people involved and the location is unknown, the
sensitivity is below the allocation threshold in 100.00% of cases.

– Our offensive deployment has been going on for (offensive-deployment-time)
minutes now. We should decide whether to continue with this deployment, or
switch to a defensive deployment (additional-explanation). Please make this
decision as the predicted moral sensitivity (sensitivity-value) exceeds my al-
location threshold. Take as much time as you need. However, you can also real-
locate the decision to me. When there are multiple people involved and
the location is known, the sensitivity is above the allocation threshold
in 100.00% of cases.

The examples given above serve as illustration of what the global explanations that were
implemented in the system look like. All global explanations can be found in the public
code repository2, mentioned earlier.

3.7 User Study Procedure
As already mentioned, 20 participants were recruited for the baseline scenario, and 20 par-
ticipants were recruited for the global explanations scenario. The procedure, that each one
of them followed, is straightforward and is described below.

1. Consent Form: Each participant is asked to read information about the study and
asked to read and sign a consent form detailing the study’s purpose and procedures.

2. Demographic Survey: Each participant is asked to answer a number of demographic
questions to collect information such as age, gender, and background.

3. Risk Propensity Evaluation: Each participant is asked to answer questions related
to risk-taking behavior, in order to assess the participant’s tendency to take risks.

4. Trust Propensity Evaluation: Each participant is asked to answer questions related
to trust in technology in various contexts, in order to assess the participant’s inherent
tendency to trust technology.

5. Utilitarianism Scale: Each participant is asked to answer questions related to utili-
tarian ethical beliefs and values, in order to assess the participant’s inclination towards
utilitarian ethical reasoning.

6. Introduction: Each participant is introduced to the model described in section 3.4
and given time to get familiar with it by playing a tutorial version of the experiment.

2https://github.com/rsverhagen94/TUD-Research-Project-2024/
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7. Global Explanation Version: Each participant plays out the game in the global
explanation version. After the time is up or after all victims are saved, the participant
continues with the survey.

8. MDMT: The Multi-Dimensional Measure of Trust - Each participant is asked to
fill out questions about the AI agent according to the standard MDMT consisting of
16 items that assess four differentiable dimensions of trust. One can trust an agent
because the agent is Reliable, Capable, Ethical, and/or Sincere.

9. Explanation Satisfaction Evaluation: Each participant is asked to indicate his/her
degree of satisfaction with the presented explanations in the scenario.

3.8 Measures
As mentioned in the previous section 3.7, firstly the control variables were measured. De-
mographic data, which includes age, gender, education level and gaming experience, was
collected by having participants select the options that they most identified with. Risk
propensity was assessed with the Risk Propensity Scale developed by Meertens and Lion
[10], while trust propensity was evaluated using a Propensity to Trust scale proposed by
[11]. Finally, utilitarianism, was measured with the Oxford Utilitarianism Scale (OUS),
which consists of the Impartial Beneficence subscale and the Instrumental Harm subscale,
by [7]. Following, after each participant finished playing out the experiment, multiple logs
summarizing their activity were generated. These logs give insights about the completeness
of the game, the allocations of the robot and human agents, as well as total interventions by
the human and the disagreement rate. Afterwards, the participants filled out the MDMT
form [15], from which capacity trust and moral trust are measured. If an attribute from the
form did not fit the robot, participants could choose the "does not fit" option. These ratings
were then utilized to obtain the mean score for each of the two trust dimensions. Finally,
XAI (explainable artificial intelligence) satisfaction was measured using [5]. Participants
evaluated their satisfaction with the explanations given by the robot using a scale ranging
from 1 (strongly disagree) to 5 (strongly agree). These ratings were then used to compute
the mean scores for the XAI Satisfaction variable.

4 Responsible Research
Reflecting on the ethical aspects of this research, several measures were taken to ensure the
study was conducted responsibly and ethically. Firstly, all participants signed an informed
consent and were provided with sufficient information about the study’s purpose, procedure,
any potential risks and the analysis of personal data. This ensured that all participants were
fully aware of their involvement and made an informed decision about their participation
and the collection of their data. Secondly, regarding sensitive information, the privacy and
confidentiality of the participants was also ensured by anonymizing and secure storage of
their identification data. Only aggregate data were reported in the study, ensuring that
individual responses could not be traced back to any specific participant. Considering the
study design itself, efforts were made to minimize any potential harm or discomfort to
participants. The questionnaires and tasks were designed to be non-invasive and respectful
of participants’ time and well-being. Each participant was free to withdraw from the study
at any point in time.
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Regarding the reproducibility of the methods, detailed description of the study pro-
cedures, questionnaires, and analysis techniques has been maintained. In this way, other
researchers can replicate the study under similar conditions to verify the findings or explore
related questions. The use of standardized measures such as the Multi-Dimensional Measure
of Trust (MDMT) and established scales for risk propensity,trust propensity and utilitarian-
ism further facilitate the reproducibility and reliability of the study, as all of these tools have
been validated in prior research. In addition, to enhance reproducibility and transparency
even more, the code repository used for both scenarios was made publicly accessible3.

5 Results
As previously mentioned in section 3, in order to investigate the effects of global explanations
on human supervision and trust in robot, several variables were measured during and after
the experiment. This includes variables such as capacity trust, moral trust, XAI satisfaction,
disagreement rate, completeness, total allocations, human allocations, total interventions.
The variables of particular interest are namely capacity trust, moral trust, XAI satisfac-
tion, disagreement rate, which are the dependent variables of this study. For each of these
variables an independent samples t-test was attempted, however none of them met the data
assumptions. Therefore, a two-samples Wilcoxon test was performed. Interestingly, none
of the four variables showed any significant differences between the two scenarios: capacity
trust (W = 169.5, p = 0.4166), moral trust (W = 163, p = 0.3231), XAI satisfaction (W
= 174.5, p = 0.4975), disagreement rate(W = 230.5, p = 0.329). Figure 4 shows the box
plots illustrating the capacity trust and moral trust of the baseline scenario (condition 1)
compared to the global explanation scenario (condition 4). Figure 5 shows the box plots
illustrating the XAI satisfaction and disagreement rate of the baseline scenario (condition
1) compared to the global explanation scenario (condition 4).

Figure 4: Box plot of the capacity trust and moral trust of the baseline scenario (condition
1) vs. the global explanation scenario (condition 4).

3https://github.com/rsverhagen94/TUD-Research-Project-2024/
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Figure 5: Box plot of the XAI satisfaction and disagreement rate of the baseline scenario
(condition 1) vs. the global explanation scenario (condition 4).

6 Discussion

6.1 Result Interpretation and Analysis
The present study explores the effects of global explanations on human supervision and
trust in robots by examining variables such as capacity trust, moral trust, XAI (explainable
artificial intelligence) satisfaction, and disagreement rate. As mentioned in section 5, no
significant differences were found between the global explanations scenario and the baseline
explanation.

Looking at the box plot for capacity trust (Figure 4 on the left), the median values
for the baseline condition (Condition 1) and the global explanation condition (Condition
4) are very similar, suggesting that global explanations did not have a big and noticeable
impact on participants’ trust in the robot’s capacity. The interquartile ranges (IQR) for
both conditions are also quite comparable, which implies that the spread of trust levels is
similar across the different scenarios. The presence of outliers in the global scenario indicates
some variability of the collected data, however, as mentioned in section 5, the Wilcoxon test
results (W = 169.5, p = 0.4166) confirm that there is no statistically significant difference
in capacity trust between the two conditions.

In similar fashion, the box plot for moral trust (Figure 4 on the right) shows that the
median values are close for both conditions. An evident difference is the size of the IQR for
the baseline condition, which is noticeably larger than the one of the global explanations,
suggesting greater variability in moral trust ratings for the baseline condition. Additionally,
outliers in both conditions indicate extreme values in some participants’ responses. How-
ever, as already described in section 5, any differences between the baseline and the global
explanations scenarios were not significant as demonstrated by the results of the Wilcoxon
test (W = 163, p = 0.3231).

Regarding XAI satisfaction, Figure 5 shows very similar median values and IQRs for
both condition. Both conditions have outliers, indicating variability in satisfaction levels.
Despite this, the Wilcoxon test results (W = 174.5, p = 0.4975) show no significant difference
in XAI satisfaction between the baseline and global explanation conditions.

Figure 5 also depicts the disagreement rate measurements for the two conditions, that
visually differ only in the size of the IQRs. For the baseline scenario, the IQR is wider,
which indicates larger variability in disagreement rates among participants compared to the
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global scenario. Nevertheless, the Wilcoxon test (W = 230.5, p = 0.329) indicated a lack of
significant differences between the two conditions.

All of the above leads to the conclusion that the participants’ capacity trust, moral trust,
XAI satisfaction and disagreement rate were not significantly affected by the global expla-
nations. Global explanations had no effect at large, since they did not substantially change
the median levels of trust in the robot’s capacity or morality, nor did they meaningfully
impact XAI satisfaction or disagreement rate. These results can be interpreted in multiple
ways.

One way of interpretation is that the regular baseline explanation are equally as expres-
sive and powerful as the global ones. The effects of the baseline and the global explanations
on the dependent variables is highly comparable. With this in mind, perhaps making the
decision to use one over the other lies in other aspects of the situation, such as the goal
within the context, the task complexity, system scalability, personal preference or specific
application in a certain domain. In fact, global explanations are considered better suited
for the purpose of system scalability since they can handle larger complexity and scale of
data as they facilitate generalization and provide a complete mental model of the systemâs
workings [14].

The fact that both (local) baseline explanations and global explanations were perceived
relatively equally well in our scenario is in line with the findings of Aechtner et al. [1].
This research has explored whether so-called AI novices (people with little to no AI knowl-
edge) prefer local over global explanations generated by local and global XAI methods
respectively[1]. The research reveals that there is no indication of a preference for local over
global explanations and in fact the mean score for explanations generated by global methods
is slightly greater than for local methods in terms of usefulness, informativeness and overall
satisfaction which comprise the evaluation criteria [1].

However, in another research by Sivaprasad et al. [14], it is claimed that global model
explanations perform better at providing understandability and building trust compared to
local model explanations. Our findings differ since the results cannot show a clear dominance
of global explanations over the baseline local explanations when it comes to trust. A possible
reason might be found in the composition of the experimental sample. The participants
involved in the user study exhibited a lot of similarities when it comes to age and education,
which could have possibly decreased the variability in the outcomes. Another possible reason
behind the lack of clear differences in the dependent variables lies in the measurements
themselves. The way, that the variables of capacity trust, moral trust, XAI satisfaction and
disagreement rate were measured, might not have been sufficiently sensitive to detect more
nuanced differences.

Nevertheless, the dependent variable for both conditions all have very satisfactory values.
It is important to highlight that particularly capacity trust, moral trust and XAI satisfac-
tion were consistently high, which suggests that the robot was viewed as capable, moral,
trustworthy and able to elaborate its actions well. This is the case for both conditions, which
might pose the questions of how basic the baseline explanations actually were and how much
more satisfaction making these explanations more global could have actually added. Indeed,
the baseline explanations were quite informative and rich initially and perhaps making them
simpler (but still local/non-global) could have resulted in more distinct differences in terms
of XAI satisfaction. Moreover, it is plausible that the high scores for the dependent variables
of capacity and moral trust can be attributed to the actions of the robot during the scenario
even more so than the explanations that the robot gave. During the gameplay, the robot
acted independently rather frequently and was capable and consistent in its tasks with no

13



attempts to do something malicious or unethical. As a result, the robot would naturally
win over the trust of the participants, disregarding the effect of the type of explanations,
which would lead to a very satisfactory evaluation of the robot in terms of trust afterwards
no matter baseline or global.

To sum up, the results of this study indicate that there is no significant differences in
capacity trust, moral trust, XAI satisfaction and disagreement rate. Despite this, interpret-
ing and analyzing this outcome and the possible factors leading up to it is fundamental for
future research and advancement in the field of Explainable AI.

6.2 Limitations and Future Work
Regarding the limitations of this study, the sample size of this user study and its composition
were constrained to a certain extent. This constraint might have increased the likelihood of
Type II errors, where actual differences between baseline and adaptive explanations could
go undetected. Future research should strive for a larger number of participants and a
greater diversity among them, as this would possibly better facilitate the generalization
of the findings and make the detection of differences easier. Another limitation to consider
would be the methodology of measuring the variables. As already mentioned in the previous
section 6.1, the way that the dependent variables are measured could be modified such that it
captures more subtle differences. Additionally, the value of the moral sensitivity threshold
mentioned in section 3.5, that causes the robot to either allocate the decision to himself
or to the human agent, could be changed to potentially lead to more insights about the
effect of different types of explanations. Similarly, as briefly stated in section 6.1, a revision
of the baseline explanations might be also helpful for discovering more clear differences
and pinpoint the effect of global explanations more precisely. Furthermore, a different
approach to generating the global explanations could be considered. Future research should
consider these factors to better examine the effect of global explanations and make further
advancements in the field.

7 Conclusions
This research studied the effect of global explanations on human supervision and trust in
AI agent within a firefighting scenario. Key characteristics of effective global explanations
were identified, emphasizing the importance of clarity, relevance, and conciseness. Those
characteristics include the depiction of global trends and the general logic behind the model.
A structured user study involving 40 participants was performed to compare the baseline
explanations to the global explanations scenario. The results did not indicate any significant
differences in the measured dependent variables between the two scenarios, which include
capacity trust, moral trust, XAI (explainable artificial intelligence) satisfaction and disagree-
ment rate. In fact, the measurements were very similar and quite high for both conditions.
This suggests that both types of explanations were perceived equally well by participants
and both provided a comprehensive overview of the AI’s decision-making process, leading to
satisfactory human-robot collaboration outcomes. Even though the findings of this research
cannot show a decisive advantage of one type of explanation over the other, understanding
the factors and contexts, in which these global explanations were deployed, highlights the
importance and relevance of this study and paves the way for further inquiry on this matter.
Future research could explore the applicability of global explanations across more diverse
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user populations and different scenario to examine its effectiveness to a greater extent. Ad-
ditionally, further studies could investigate the integration of global explanations with other
types of explanations or how global explanations compare to other kinds of explanations
such as contrastive, on-demand and adaptive, which can contribute to advancements in the
field of AI.
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