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Abstract. The increasing use of artificial intelligence (AI) models across
various fields has raised concerns about whether these models can meet
user trust expectations. As a result, researchers are focusing on assess-
ing AI models’ performance relative to user expectations to determine
trust levels. Evidence suggests that effective interaction with eXplain-
able AI (XAI) techniques can mitigate over-reliance on AI models and
better align user expectations with the actual capabilities of these mod-
els in decision-making. In this study, we analyze trust from two per-
spectives: perceived trust, based on user self-reported trust, and demon-
strated trust, which evaluates whether users, when given a choice, prefer
to rely on AI or make decisions independently. We also explore how
different interactions between human subjects and XAI models, along
with varying levels of task risk, influence trust. Our findings reveal that
these two types of trust are substantially different; human subjects do
not always exhibit trust behavior in actual decision-making tasks, even
when they perceive themselves as trusting the Al. Furthermore, we show
that an Al model’s low error rate in making correct decisions can influ-
ence human subjects’ mental models, leading them to report a higher
tendency to trust the Al Finally, we conclude that human perceptions
of trust are fragile and may change based on ongoing interactions with
the model.
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1 Introduction

The advancement of increasingly complex artificial intelligence (AI) systems has
driven the adoption of Al-assisted decision-making. Research in eXplainable Al
(XAI) has explored various methods to clarify the complex behavior of machine
learning (ML) models. These explainability techniques are essential for justifying
the decisions made by black-box models. Enhancing the fairness and trustwor-
thiness of AT systems is frequently cited as a key objective of XAI [10]. However,
there are numerous ambiguous aspects of trust that are challenging to formalize
using the tools currently available in the Al and human-computer interaction
(HCI) literature [12].

The aim of building trust from the user’s perspective is to enhance the abil-
ity to anticipate behavior in situations involving risk [12]. In this context, XAI
serves as a tool that provides users with easier access to the signals that facil-
itate this anticipation [12]. Prior studies have shown that unintuitive explana-
tions can erode users’ trust in an ML model [26]. Therefore, it is essential to
design Al-assisted decision-making tools that enable users to interact with the
model’s explanations, ensuring they can intuitively understand the AI model’s
logic and ultimately build trust in the system. Another significant challenge is
how researchers model and report trust in Al-assisted decision-making. Trust
is often conceptualized as a subjective perception of Al, referred to as per-
cetved trust, and is typically measured using self-report scales [19]. However,
these methods may not accurately capture real trust behavior. The concept of
trust reflection within real Al-assisted decision-making tasks, as proposed by
Zhang et al. [36], is more accurately described as demonstrated trust wherein
users decide whether to delegate the decision without seeing the AI’s prediction—
thus representing a stricter test of trust. We argue that this approach provides
a more reliable measure of trust, as it allows human users to exercise agency in
deciding whether to rely on the AI model, rather than merely reporting their
perceived trust. Building on this foundation, we aim to take a step further by
investigating the role of interaction modes with the XAI model.

In this paper, we aim to investigate the significant disparity between per-
ceived trust and demonstrated trust in Al-assisted decision-making. We will
also evaluate how the mode of interaction with the XAI model and the decision-
making risk treatment impact human trust. To explore these dynamics, human
subjects will be randomly assigned to one of the two XAI modes in the train-
ing phase. In the evaluative AI mode, participants can manipulate the SHapley
Additive exPlanations (SHAP) feature importance plot to observe changes in
the AI model’s prediction probabilities and feature importance. In contrast, the
non-evaluative AI mode presents participants with the SHAP feature impor-
tance plot and prediction probability for a given sample without any interactive
features. At the end of the training phase, participants will report their satis-
faction with the efficacy of the explanations and their perceived trust in the
XAI modes. During the test phase, participants will be divided into two risk
treatment groups: high-risk and low-risk. Each group will be presented with 20
tasks, each involving specific reward and penalty scores. Participants will make
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decisions either independently or by delegating them to the AI model, thereby
reflecting their demonstrated trust. After completing the decision-making task,
participants will again report their perceived trust. Based on this setup, our
research seeks to address the following questions:

RQ1: How does the XAI interaction mode affect participants’ satisfaction
with the effectiveness of the provided explanations during decision-making?
RQ2: Does the evaluative Al mode significantly impact perceived trust dur-
ing the training phase?

RQ3: How do the XAI mode and risk treatment affect both perceived and
demonstrated trust?

RQ4: Does demonstrated trust influence perceived trust after the test phase?
RQ5: Is demonstrated trust significantly different from perceived trust?

The rest of this paper is organized as follows: Sect.2 reviews the relevant
literature. Section 3 introduces our methodology for designing the user study
and measuring trust. Section4 details the conducted user study, while Sect. 5
presents the results of trust measurement. Finally, Sect.6 concludes the study
and highlights directions for future research.

2 Related Work

The increasing use of Al-powered decision aids has sparked a series of experi-
mental studies within HCI communities. These studies aim to understand how
humans interact with, rely on, and trust AI models in the context of Al-
assisted decision-making [15,18,19]. With the emergence of XAI, researchers
have focused on integrating explanations into Al-assisted decision-making. This
includes examining the impact of explanations on complementary team perfor-
mance [3], error detection with explanations [9], application-oriented contexts
for fraud detection [2], improving objective performance and subjective usabil-
ity of model [13], and the impact of model and explanation errors on human
decision-making [17,22]. As LLMs gain popularity, explanations play a crucial
role in guiding Human-AT collaboration [23], generating counterfactual exam-
ples for fairer learning models [21], and facilitating Human-LLM collaborative
annotation [33].

Ribeiro et al. [28] demonstrated that explanations are valuable across various
models for trust-related Al-assisted decision-making tasks. The widespread use
of XAI methods has inspired numerous empirical studies examining how humans
trust AT models in Al-assisted decision-making. Consequently, researchers have
explored various factors influencing trust in XAI models, including example-
based explanations for ML classifiers [35], confidence scores and local explana-
tions [36], and the impact of different types of Al assistance [16]. Studies have also
examined Al descriptions as algorithmic recommendations [7], dissenting expla-
nations [27], and XAI for skill development in community health workers [24].
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Other research has investigated the effects of feature-based explanations on dis-
tributive fairness [30], interpretability and outcome feedback [1], and sociotech-
nical mismatches in Al explainability [6]. Additionally, studies have analyzed the
impact of explanations in cases of Al errors [25], unintuitive feature explanations
[26], and different treatments such as explanations, model bias disclosure, and
proxy correlation disclosure [10]. Unlike previous research, this study examines
users’ trust behavior across different scenarios—both when they do not interact
with an XAI assistant and when they do under two distinct decision-making
risk treatments. By assessing both perceived and demonstrated trust, we aim to
provide deeper insights into trust behavior in Al-assisted decision-making.

3 Methods

In this section, after reviewing the definitions of trust, we introduce our Al-
assisted decision-making approach for designing our experiment to evaluate
trust.

3.1 Perceived Trust vs. Demonstrated Trust

Ueno et al. [31] defines trust as “the willingness of a party to be vulnerable to the
actions of another party based on the expectation that the other will perform a
particular action important to the trustor, irrespective of the ability to monitor
or control that other party.” Jacovi et al. [12] extends the Human-AT trust defi-
nition as “if H (human) perceives that M (AI model) is trustworthy to contract
C, and accepts vulnerability to M’s actions, then H trusts M contractually to
C. The objective of H in trusting M is to anticipate that M will maintain C
in the presence of uncertainty, and consequently, trust does not exist if H does
not perceive risk.” However, most studies assess perceived trust in Al using self-
report scales [19]. Prior research suggests that perceived trust may not reliably
reflect actual trusting behaviors [14,29]. Therefore, some scholars have proposed
alternative indicators to study trust, such as switch percentage and agreement
percentage [36], as well as relying on Cohen’s d score [34]. In addition to exam-
ining users’ perceived trust, this study simulates risky situations to investigate
whether participants choose to delegate their decisions to an Al model when
they are also capable of making decisions independently (demonstrated trust).
We quantify this type of trust as the ratio of the number of decisions delegated
to the Al to the total number of decision-making tasks. We believe this approach
better aligns with established definitions of Human-AT trust.

3.2 Evaluative AI

In cognitive forcing, the decision-maker is actively engaged in evaluating different
options and making trade-offs. Providing explanatory information from the start
can help the decision-maker focus on relevant details and make more informed
decisions [20]. Buginca et al. [4] and Gajos and Mamykina [8] demonstrated that
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cognitive forcing significantly decreases over-reliance compared to basic XAI
methods. Miller [20] introduced the concept of evaluative Al, a framework for
explainable decision support that resembles cognitive forcing. This framework
assists decision-makers in accessing the information they need to evaluate a
hypothesis as and when required. Unlike traditional approaches, evaluative Al
does not automatically provide recommendations. Instead, it helps users filter
out unlikely options, generate new hypotheses, or both. The decision-maker then
examines a hypothesis and requests the decision aid to present evidence both
supporting and challenging it.

In this study, we utilize the evaluative Al framework for Al-assisted decision-
making. For each sample, we present the corresponding SHAP feature impor-
tance plot alongside the prediction probability instead of direct recommenda-
tions for classifying the instance in a binary classification task. In our evaluative
AT mode, human subjects can modify feature values and observe how these
changes impact both the SHAP feature importance values and the prediction
probabilities. This approach helps human subjects filter out less critical features
and focus on those with the greatest influence on the prediction. Additionally,
observing how the prediction probability shifts with different feature values can
provide human subjects with intuitive insights into the likely classification of the
instance. After evaluating various hypotheses, SHAP feature importances, and
prediction probabilities, human subjects can make an informed final decision.

4 Human-Subject Experiment

In this section, we present our proposed human-subject experiment designed to
measure perceived and demonstrated trust across two different risk levels and
interaction modes with XAI models, providing insights into the underlying trust
mechanisms.

4.1 Decision Making Task

In our experiment, we ask our human subjects to classify mushroom instances
into “Edible” or “Poisonous” classes. The dataset [32] comprises 17 nominal
variables and three quantitative variables. It is balanced with respect to the
class distribution, with an overall ratio of e : 0.45 and p : 0.55. During the
data preprocessing phase, we first removed variables with more than 50% miss-
ing values. Next, we eliminated variables exhibiting high multicollinearity based
on the correlation coefficient between features. This process resulted in a final
dataset containing 12 variables: nine nominal and three quantitative. We ran-
domly split the dataset into training and test sets using an 80%/20% partition.
We tested several ML algorithms, tuning their hyperparameters with GridSearch
and assessing performance via 5-fold cross-validation. Among these, AdaBoost
emerged as the most suitable model for our study, achieving an accuracy of
0.7989 on the test dataset. Although not perfect, this accuracy is sufficient for
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our user study. To effectively simulate a risky situation and assess human sub-
jects’ trust in the AI model, we need a model that is not perfect and exhibits
some prediction errors. This approach will reveal how human subjects behave in
various risky scenarios when they are aware that the model might make mistakes.
Next, we implemented SHAP to enhance model explainability by highlighting
the importance of each local feature for each instance. In the decision-making
task, the primary objective is to classify each mushroom instance as either “Poi-
sonous” or “Edible,” with the added risk of penalties for incorrect decisions. If
participants are uncertain about their decision, they have the option to dele-
gate it to the AT model. Our goal is to investigate whether, in risky situations
where participants are capable of making decisions independently, their choice
to delegate decision-making to the AT model reflects trust in its decision.

4.2 Experimental Treatments

To evaluate how interactions with the XAI model affect both types of trust, we
implemented two treatment modes: non-evaluative Al mode and evaluative Al
mode in the training phase. In the test phase, human subjects are divided into
two groups: high-risk and low-risk treatments. Although the reward for correct
decisions is 15 points for both treatments, the high-risk group faces a penalty
of 25 points for incorrect decisions, while the low-risk group incurs a 10-point
penalty. Consequently, our study includes four treatment conditions to explore
how interaction with the XAI model and the level of risk influence participants’
trust behavior. The holistic Al-assisted decision-making task in this study is
illustrated in Fig. 1.
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Fig. 1. Al-Assisted Decision-Making Experimental Procedure of This Study
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4.3 Experimental Procedure

We conducted our experiment on Prolific, recruiting highly active participants
from the US and UK. To assess the impact of both XAI mode and risk treatment
on trust, resulting in four experimental groups, we performed a power analysis
using a two-way between-subjects ANOVA. We selected an effect size of 0.2,
an alpha level of 0.05, and a desired statistical power of 0.9, with a numerator
degrees of freedom of 3. This analysis indicated that a sample size of 360 partic-
ipants would be required to achieve statistically meaningful results. Among the
360 human subjects, 181 were randomly assigned to the evaluative Al model,
with 85 participants in the high-risk group and the remaining 96 in the low-risk
group. The non-evaluative Al group included 179 participants, with 92 in the
high-risk group and 87 in the low-risk group. At the start of the experiment, they
were presented with an ethical consent form, and the experiment was terminated
if they did not agree to the terms!. Human subjects then provided demographic
information, including age, gender, and their level of knowledge about mushroom
detection and Al.

Following this, human subjects received a brief tutorial on how mushrooms
are typically distinguished between poisonous and edible in the real world. They
also received a tutorial on XAI and how to interpret SHAP feature impor-
tance plots. The training phase started with the presentation of five mushroom
instances. After each decision, participants received immediate feedback, includ-
ing the AI model’s prediction. After completing the training task, human sub-
jects rated their satisfaction with the explanations provided during the decision-
making process using Explanation Satisfaction Scale (ESS) [11] (See Table 1) on
a 5-point Likert scale from disagree strongly to agree strongly. They also assessed
their perceived trust based on the proposed trust continuum by [5], which aims
to quantify trust (See Table2). The quantified value can help us to normalize
perceived trust to compare with demonstrated trust.

Table 1. Explanation Satisfaction Scale and description

ESS Description

Understandability The explanation was understandable.
Sufficiency of details |The explanation had sufficient details.
Completeness The explanation was complete enough.

Feeling of satisfaction|l am satisfied with the quality of the explanation.

Accuracy The explanation was accurate enough.
Usability The explanation was easy to use.
Functionality In general, the explanation helped me in the decision-making task.

! This study has been approved by Ethical Board of the university with reference
number: ERB2023TEIS10.
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Table 2. Perceived Trust Scale

Linguistic terms|Description Quantified value
Distrust I distrust the model. -1

Undistrust I have a tendency to distrust the model.|—0.5

Ignorance I feel ignorant about the model. 0

Untrust I have a tendency to trust the model. (0.5

Trust I trust the model. 1

The test phase commenced after human subjects completed the training
phase. Based on their risk treatment group, they were informed whether they
would face a penalty of 10 or 25 points, with their credit starting at 0. Partic-
ipants were also informed that their performance in the real experiment would
affect their base payment by a maximum of 2 GBP. They then evaluated 20 new
mushroom instances (not seen during training) without any additional infor-
mation or model predictions. The distribution of instances was consistent with
the AI model’s accuracy, including 16 correctly classified and 4 misclassified
instances. During the test phase, human subjects had three decision options:
classify as “Edible,” classify as “Poisonous,” or delegate the decision to the Al
model. After making a decision, they were immediately informed if their answer
was correct, and their credit was updated accordingly.

Upon completing the real experiment, participants were informed that they
would receive a base payment of 2.5 GBP regardless of their performance. To
simulate a risky situation, they were told their final reward or penalty would
be adjusted by up to 2 GBP based on their performance. An additional 1 GBP
bonus was awarded to the top 13 participants with the highest credit balance.
Finally, participants were asked another question about their perceived trust
level to assess any shifts in trust before and after the test phase.

5 Evaluations

This section has been divided into different subsections, each addressing one or
more research questions defined in this study.

5.1 Impact of Evaluative AI on ESS

Addressing RQ1, we evaluated the impact of XAI mode on human subjects’
satisfaction with the efficacy of the provided explanations. Given that ESS (the
dependent variable) has a meaningful order, we employed the MANOVA test,
which is designed to assess whether there are statistically significant differences
in multiple dependent variables across different groups. MANOVA is particularly
useful when dealing with multiple correlated dependent variables, allowing us to
analyze the effect of the independent variable (XAI mode) while accounting for
these relationships.



324 M. Abbaspour Onari et al.

The MANOVA test revealed no significant effect of XAI mode on ESS. The
results are summarized in Table 3 and illustrated in Fig. 2. The key observation is
that, across both XAI modes, ESS is generally high, with participants somewhat
agreeing that the explanations are helpful. However, it is noteworthy that for the
evaluative Al mode, there is a higher concentration of responses in the “I agree
somewhat” scale. In contrast, for the non-evaluative Al mode, responses are more
evenly distributed across different satisfaction scales. Thus, our assumption that
evaluative Al would lead to higher satisfaction with explanations is rejected.

Table 3. Results of the MANOVA Test for ESS

Intercept Value |Num DF |Den DF |F Value |[Pr > F
Wilks’ lambda 0.0570 7.0 352.0 831.5447|0.0
Pillai’s trace 0.9430 |7.0 352.0 831.5447|0.0
Hotelling-Lawley trace/16.5364/7.0 352.0 831.5447|0.0
Roy’s greatest root 16.5364(7.0 352.0 831.544710.0
C(XAI Mode) Value Num DFDen DFF ValuePr > F
Wilks’ lambda 0.9803 |7.0 352.0 1.0126 |0.4219
Pillai’s trace 0.0197 |7.0 352.0 1.0126 |0.4219
Hotelling-Lawley trace/0.0201 |7.0 352.0 1.0126 |0.4219
Roy’s greatest root 0.0201 |7.0 352.0 1.0126 |0.4219

5.2 Impact of Evaluative AI on Perceived Trust After Training
Phase

To address RQ2, at the end of the training phase, human subjects rated their
perceived trust in relation to the XAI modes, as shown in Table2. A one-way
ANOVA (see Table4) reveals no significant differences in perceived trust levels
between the XAl modes at this stage. Both groups demonstrated a high tendency
to trust the guidance provided by the XAI models (Although it is still not
perfect trust). However, as indicated in Fig.3, the proportion of “Ignorance”
responses is lower for the non-evaluative Al mode. Additionally, Cohen’s d score

Table 4. One-way ANOVA Results with Cohen’s d for Perceived Trust After Training
Phase

df |sum_sq |mean_sqF PR(>F)|Cohen’s d
XAI Mode|1.0 [1.1148 [1.1148 |1.1850/0.2770 |-0.1148
Residual |358.0(336.7851|0.9407
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suggests a slight increase in perceived trust for the non-evaluative Al mode,
although this difference is not statistically significant. Therefore, our assumption
that evaluative Al will lead to higher perceived trust after the training phase is
rejected.

Satisfaction Linguistic Scale
()

<
&2 S XAl Mode
> > N Evaluative Al
A P = Non-Evaluative Al

Explanation Satisfaction Scale

Fig. 2. Violin Plot of ESS

Trust
Untrust
Ignorance

Undistrust

Perceived Trust Linguistic Scales

Distrust

Evaluative Al Non-Evaluative Al
XAl Mode

Fig. 3. Violin Plot of Perceived Trust after Training Phase
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5.3 Trust in Test Phase

This section addresses RQ3 and RQ4, focusing on identifying which factors most
significantly influence human subjects’ trust both in terms of perceived trust and
demonstrated trust. Visualizing the three types of trust measured in this exper-
iment, as shown in Fig. 4, reveals that most participants either felt undistrust
or untrust in the model by the end of the training phase. During the test phase,
they largely avoided delegating decisions to the AI model. However, by the end
of the experiment, there was a noticeable tendency for participants to perceive
trust in the model. This shift prompts further investigation into how demon-
strated trust influences perceived trust after the test phase, despite the fact that
participants predominantly did not show demonstrated trust towards the model.
We began by conducting a two-way ANOVA, as detailed in Table5, to assess
whether the XAI mode, risk treatment, or their interaction have a statistically
significant effect on demonstrated trust. The results indicate that none of these
factors significantly impact demonstrated trust. The F-values and correspond-
ing p-values higher than 0.05 indicate that the variations in demonstrated trust
cannot be attributed to differences in XAI mode or risk treatment. This suggests
that demonstrated trust is relatively stable across different experimental condi-
tions. Further analysis is supported by the interaction plot presented in Fig. 5.
The plot visually confirms the lack of significant interaction effects between X AT
mode and risk treatment on demonstrated trust. The parallel lines across the
XAI modes suggest that the combined influence of XAI mode and risk treatment
does not lead to meaningful differences in demonstrated trust. Therefore, we can-
not support the hypothesis that different XAI modes or risk treatments have a
significant impact on demonstrated trust. Our findings indicate that human sub-
jects, regardless of XAI mode or risk treatment, tend to rely primarily on their
own decisions.

Table 5. Two-way ANOVA Results for Demonstrated Trust

df  |sum_sq mean_sqF PR(>F)
XAI Mode 1.0 |0.2150 |0.2150 [2.3164{0.1289
Risk Treatment 1.0 |0.1960 |0.1960 [2.1115|0.1470
XAI Mode:Risk Treatment|1.0 |0.0028 |0.0028 |0.0308|0.8606
Residual 356.0/33.0559/0.0928

The following two-way ANOVA investigates whether XAI mode and risk
treatment impact perceived trust after the test phase. Table 6 reveals that the
only significant factor influencing perceived trust after the test phase is the
interaction between XAI mode and risk treatment (p-value=0.0472<0.05). This
finding is further supported by the interaction plot presented in Fig.6, which
illustrates how different combinations of XAI modes and risk treatments influ-
ence perceived trust. The plot shows that the impact of XAI mode on trust is
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modulated by the level of risk treatment, suggesting that the effectiveness of Al
explanations varies depending on the contextual risk factors.

Table 6. Two-way ANOVA Results for Perceived Trust

df  |sum_sq mean_sqF PR(>F)
XAI Mode 1.0 ]0.0277 10.0277 |0.5748/0.4488
Risk Treatment 1.0 ]0.1303 |0.1303 |2.7000/0.1012
XAI Mode:Risk Treatment|1.0 |0.1913 |0.1913 (3.9635/0.0472
Residual 356.0(17.1893/0.0482

To investigate the significant interaction effect observed in the two-way
ANOVA, we conducted post-hoc Tukey HSD analysis for both XAI modes and
risk treatments. The results, presented in Table 7, indicate that despite the sig-
nificant interaction effect identified by the ANOVA, the Tukey HSD comparisons
do not show significant differences between the specific groups, as the p-values
for all comparisons exceed 0.05. This suggests that while there is a significant
interaction, the pairwise comparisons alone do not capture the underlying com-
plexities or additional factors influencing the results. To further explore and
understand the nature of this interaction effect, we proceeded with additional
ANCOVA analysis.

Analyzing the ANCOVA results shown in Table 8 highlights several important
points regarding the influence of XAI modes and risk treatments on perceived
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Table 7. Post-Hoc Analysis: Tukey HSD Results

XAI Modes

Risk Treatment

Group 1
Group 2
Mean Diff.
Adj. p-value
Lower CI
Upper CI
Reject

Evaluative Al
Non-evaluative Al
—0.0176

0.4518

—0.0634

0.0283

False

High-risk
Low-risk
0.0388
0.0959
—0.0069
0.0845

False
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trust after the test phase. Although the effect of risk treatment is not statis-
tically significant, it approaches significance, suggesting it may have a subtle
impact on perceived trust. The most noteworthy finding is the significant effect
of demonstrated trust on perceived trust after the test phase (RQ4).

Table 8. ANCOVA Test Results

sum.sq|df |F PR(>F)
XAI Mode 0.0123 |1.0 {0.2572/0.6123
Risk Treatment 0.1566 (1.0 [3.2754/0.0711
XAI Mode:Risk Treatment|0.1876 1.0 |3.9234/0.0483
Demonstrated Trust 0.2132 |1.0 |4.4584/0.0354
Residual 16.9761(355.0

5.4 Impact of Demonstrated Trust on Perceived Trust

To address the unusual observation that perceived trust increased even when
demonstrated trust by the human subject was not significant, we conducted fur-
ther analysis. First, we examined the impact of credit balance on trust. A T-test
revealed a significant p-value of 0.0037, indicating a strong relationship between
credit balance and demonstrated trust. The Pearson correlation coefficient of
0.3488 suggests a moderate positive correlation between these two variables.
Figure7 is another piece of evidence that shows human subjects with higher
demonstrated trust end up with higher credit balances at the end of the exper-
iment, though there is some variability at certain balance levels. In the same
way, the p-value and Pearson correlation coefficient between credit balance and
perceived trust after the test phase were 0.0750 and 0.1772, respectively. This
confirms that the main reason for the increased perceived trust after the test
is not the credit balance, which could otherwise serve as a motivating factor to
enhance trust.

The reason behind these results largely stems from the AI model’s role in
decision-making. As depicted in Fig. 8, human participants relied on their own
knowledge to classify mushrooms in 65% of the decision-making tasks. This aligns
with earlier conclusions that the XAI mode and risk treatment did not signifi-
cantly impact demonstrated trust, and this plot further supports that finding.
There is no significant difference between the correct decisions made by par-
ticipants influenced by the XAI mode, suggesting that evaluative Al did not
substantially help participants gain more knowledge in mushroom classification.
However, evaluative Al did reduce the number of incorrect decisions. Notably, the
error rate among human participants in correctly classifying mushrooms is quite
high at 44.8%. This increased reliance on their own decision-making correlates
with a higher error rate in mushroom classification. This is particularly striking
given that 88.8% of participants reported having little to no prior knowledge of
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mushroom identification, indicating a generally low demonstrated trust rate in
the decision-making tasks. Conversely, in 35% of the decision-making tasks, par-
ticipants chose to delegate the decision to the AT model. The Al model, with an
error rate of 19.67% and a performance close to its expected prediction accuracy
of 80%, was able to correctly identify the mushroom instances. This suggests
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that, within the context of the experiment, the AI model was more accurate
than the human participants. In conclusion, the lower rate of incorrect deci-
sions made by the Al likely influences participants’ mental models of perceived
trust, leading them to report higher levels of trust after the decision-making
task. The most significant finding of this study is the clear distinction between
demonstrated trust and perceived trust-two fundamentally different aspects of
trust that should be studied independently (RQ5). According to the proposed
trust definitions, demonstrated trust aligns more closely with a human’s practical
understanding of trust. On the other hand, perceived trust is not only fragile and
easily swayed, but it also fails to accurately reflect real-world behavior, where
trust is demonstrated by the actual delegation of decisions to Al models.

6 Conclusion and Discussion

In this study, we highlighted the substantial difference between demonstrated
trust and perceived trust in Al-assisted decision-making. Our results indicate
that there is no significant difference in human subjects’ satisfaction with the
efficacy of explanations provided by different XAI modes; satisfaction rates are
relatively high in both cases. We also found that perceived trust during the
training phase does not significantly differ across XAI modes, with human sub-
jects generally displaying mostly undistrust and untrust toward XAI. Another
key finding is the lack of a significant effect of XAI modes and risk treatment on
both demonstrated and perceived trust. However, despite human users largely
not delegating decisions to the AI model during the test phase, this interac-
tion significantly impacts perceived trust, leading most subjects to develop a
tendency to trust the model. It turns out that, beyond satisfaction with credit
balance at the end of the experiment, the higher accuracy of the AI model leads
to increased perceived trust. This finding shows that perceived trust is fragile
and that human mental models can be influenced by the noticeable performance
of an Al model, even when they do not delegate their decisions to it.

This paper has some limitations that we plan to address in future stud-
ies. First, we intend to include an additional control group without the risk of
penalization to better understand how risk influences human subjects’ tendency
to rely on their own decisions rather than the AI’s. Second, we plan to design
a novel experiment that improves human subjects’ decision-making accuracy to
align more closely with that of the AI. This will enable us to study how such a
setup impacts decision delegation to Al and overall trust. Third, we aim to com-
pare human reliance on Al with perceived trust and demonstrated trust. Unlike
perceived trust, which is based on subjective self-reports, reliance reflects objec-
tive behavior in response to Al system’s recommendations. This study could be
highly insightful for modeling human mental models during interactions with Al
It aims to distinguish differences in behavior based on subjective perceptions,
objective actions, and demonstrated trust.
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