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ABSTRACT
Explainable Artificial Intelligence (XAI) can enhance trust in AI by offering cues that
support human reasoning of AI behavior. Yet its effects on trust evolution remain
unclear, especially when AI makes errors. This study examines how explanations of AI
predictions influence human trust in AI-assisted decision-making under varying error
severities. We tested two XAI visualizations, two AI error types, and three explanation
strategies in simulated baggage screening tasks through an online study. Responses
from 280 participants show that XAI representation significantly affects human compli-
ance with AI during errors, while AI error type further shapes compliance after AI
errors. AI Error type also impacts verification behaviors during AI errors, such as
requesting explanations or ground truth. Moreover, strategies for conveying XAI influ-
ence perceived trust in AI, highlighting important implications for generalizing XAI
effects beyond lab-based trust research.
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1. Introduction

Artificial intelligence (AI) technologies have been increasingly adopted in various applications to
enhance automation, especially in high-stakes and time-sensitive cases where the cost of system errors
could result in catastrophic consequences, like security checks (Liang et al., 2019), autonomous driving
(Rao & Frtunikj, 2018), and medical diagnosis (Park & Han, 2018). Sustained trust in AI is necessary
to benefit from the AI’s automation, but trust in AI shifts when AI inevitably commits errors or is
asked to perform outside of its operating bounds (Hoffman et al., 2013; Yang et al., 2023). Therefore,
establishing appropriate trust in such safety-critical scenarios, i.e., trusting AI when it is reliable, and
detecting and intervening when AI is prone to errors, is crucial to balance AI’s benefits with safety.

Because AI is imperfect and thus errors are inevitable, it is necessary to understand how human
trust in imperfect AI evolves, how it is affected when AI make mistakes, and how it can be restored,
particularly in high-stakes domains with minimal margin for error. Prior research has shown that when
people observe AI errors, their trust in the AI and perceptions of its capabilities often decline, and trust
in AI can be challenging to recover once eroded (Dietvorst et al., 2015; Yang et al., 2023) Unlike the
evolution of trust in human-human relationships, in which trust builds gradually through intentionality,
social exchanges, and mutual attributions (Lee & See, 2004), trust in AI tends to start high but rapidly
declines following errors or perceived violations (Glikson & Woolley, 2020). AI systems that were not
designed to show intentionality or other social cues further make trust recovery harder (de Visser et al.,
2020), leading humans to be less forgiving of AI errors compared to those made by human
counterparts.
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EXplainable AI (XAI) has been proposed as a social-like mechanism that bridges the gap between
“black box” outputs of AI models and human comprehension of these outputs (Cramer et al., 2008;
Islam et al., 2021). By providing transparency of AI models and reasoning of AI decisions, XAI aims to
make AI processes more accessible and understandable to people, thereby enabling trust in its outputs
and effective joint decision-making. Additionally, previous studies have found that providing AI trans-
parency could facilitate trust recovery (Rebensky et al., 2021). Various XAI techniques have been devel-
oped to support human understanding of AI behavior (Doran et al., 2017), such as feature contribution
(Ribeiro et al., 2016), similar instances (Cai et al., 2019), and counterfactuals (Wachter et al., 2018), and
they each “explain” AI in fundamentally different ways. Empirical studies on the impact of XAI on
human-AI collaboration have produced mixed conclusions: some research suggests that XAI can influ-
ence human behavior, calibrate trust in AI, and improve overall human-AI performance (Lai & Tan,
2019; Yang et al., 2020); while others have found no significant benefits (Bansal et al., 2021; Sivaraman
et al., 2023). These discrepancies may stem from variations in explanation contexts and differences in
target user groups: different tasks or user groups might better align with one XAI approach over
another (Gerlings et al., 2022; Kim et al., 2023). Additionally, findings from social science research
illustrate that the effectiveness of an explanation depends on the interplay between the explainer and
explainee (Mayr et al., 2019; Tomsett et al., 2020), and an explanation is more effective when it is
needed by the explainee (Miller, 2019).

These findings highlighted the need for a more comprehensive understanding of how XAI functions
in diverse settings, such as what type of XAI works best in which contexts and how to best deliver the
XAI information, rather than simply focusing on XAI demonstration in well-constrained task environ-
ments. People can continuously adjust their level of trust in the system as they interact with AI over
time, and this process can be further improved when XAI is involved. XAI serves as a mechanism for
ongoing verification, allowing people to refine their mental models of AI’s performance and reliability
over time (Kulesza et al., 2013). Thus, it is important to investigate how human trust in AI evolves
over time with the presence of XAI, and how diverse XAI approaches and their delivery strategies affect
trust before, during, and after AI errors are observed in a high-stakes, time-sensitive task. Our study
investigated the role of XAI presentation in trust development over time, with the occurrences of trust
violations triggered by people observing AI errors during baggage screening. Specifically, our study
aims to explore three research questions:

RQ1. How do different XAI representations influence trust formation, violation, and repair in AI-
assisted baggage screening?

RQ2. How do different types of AI errors influence people’s behavior and trust adaptation in the pres-
ence of XAI?

RQ3. How does the timing and availability of XAI explanations affect trust recalibration and reliance
on AI after errors?

To address these questions, two types of XAI representations were tested as interventions for trust
evolution, namely, the Saliency Map and Similar Instances, representing feature-based and example-
based explanations for images respectively. Saliency Maps highlight features critical to a prediction, aid-
ing causal attribution (Chou et al., 2022), while Similar Instances offer analogical reasoning through
context-rich comparisons (Cai et al., 2019). These two techniques were selected because although they
differ in how they align with human cognitive preferences in context-dependent scenarios, the cognitive
load they impose, and the distinct mechanisms they use to achieve interoperability, both have been
shown to effectively interpret the rationale behind specific outputs and contribute to the formation of
human mental models (Cai et al., 2019; Guidotti et al., 2020; Petsiuk et al., 2021). Furthermore, both
techniques have demonstrated potential in calibrating human trust in AI (Wang & Yin, 2022; Yang
et al., 2020). Yet, the effects of both XAI techniques on how trust evolves over time in the context of
AI errors remains understudied. Beyond explanation techniques, we also draw insights from human
factors research by investigating how the availability of XAI presentation – whether continuously pro-
vided for all tasks, selectively offered for difficult tasks, or made available only upon request – impacts
trust. These strategies reflect the notion that explanations are social (Chiou & Lee, 2023; de Visser
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et al., 2020; Miller, 2019) and therefore their efficacy depends on their responsivity to the human
receiver’s cognitive state and task context.

In addition, AI error types have been shown to impact people’s perception of AI performance
(Tolmeijer et al., 2021), their trust in AI, and their willingness to forgive its failures (Baughan et al.,
2023). For example, in automated signal detection systems, false alarms and missed signals by the AI
have been shown to diversely impact performance, trust, and monitoring behavior (Ferraro &
Mouloua, 2021; Moray, 2003). Further, there is evidence that competency-based errors, e.g., malfunc-
tions; and integrity-based errors, e.g., misaligned goals; require distinct strategies to repair trust
(Marinaccio et al., 2015; Quinn et al., 2017). Therefore, in this work, we also explored the effect of dif-
ferent types of AI errors on the evolution of human trust in AI. We focused on two common AI detec-
tion errors: False Alarms and Missed Signals. These errors can present varying levels of perceived risk
or severity to human collaborators, with Missed Signals potentially causing more severe consequences
than False Alarms in safety-critical tasks.

To simulate a high-stakes and time-sensitive environment, we developed an X-ray baggage screening
test bed based on airport security checkpoints workflow (Hartnett et al., 2022). The test bed follows
current officer screening workflows, wherein an AI system screens baggage for threats, while the human
supervisor make the final decision to either flag baggage for secondary inspection or clear it. After
some exposure to a series of correct AI decisions designed to initiate the trust formation phase (i.e., ini-
tial high level of trust), we then deliberately presented consecutive incorrect AI decisions to induce a
trust violation. Because participants were not informed of the ground truth, we selected tasks that were
relatively easy to verify upon closer inspection, such that a non-expert (someone who is not deliberately
trained in X-ray threat detection) could be expected to reasonably recognize, with some effort, if the AI
produced errors.

Our study employed a factorial design with variables XAI representation, strategy of conveying XAI,
and type of AI error to investigate how these factors together affect emergent human behavior, joint
human-AI decision accuracy, and perceived trust in AI. Our contributions include: (1) using carefully
designed tasks and test beds that emulate a high-stakes and time-sensitive scenario (i.e., baggage screen-
ing), we demonstrate how different XAI approaches targeting distinct human cognitive tendencies
influence human trust in AI over time; (2) we examine the impact of error typology in object
detection-based AI on human-AI trust; and (3) we offer design recommendations for implementing
XAI in high-stakes and time-sensitive scenario settings with a low tolerance for errors.

2. Related work

Human-AI collaboration spans a broad field of study, but two key dimensions shape our work: (1) the
impact of XAI on human-AI collaboration dynamics and (2) the evolution of human trust in AI over
time. These areas frame the research gap our work addresses.

2.1. XAI in human-AI collaboration

Many XAI methods have been proposed to improve AI transparency by explaining the reasoning proc-
esses of AI decisions to human operators (Cramer et al., 2008; Islam et al., 2021). The two most com-
monly studied XAI categories in HCI area are feature-based explanations, such as feature importance
(Ribeiro et al., 2016) and saliency map (Mundhenk et al., 2020), and example-based explanations,
including nearest neighbors (Cai et al., 2019) and counterfactuals (Zytek et al., 2022; Wachter et al.,
2018). Feature-based explanations, like Saliency Map, allow people to understand what the model sees
as important for a prediction. This could appeal to an operator’s need for causal attribution by provid-
ing a mechanism to identify the root cause of a mistake or to resolve uncertainties about the AI’s deci-
sion process. In contrast, example-based techniques can provide tangible, context-rich comparisons to
help people relate current task predictions to past outcomes. For instance, Similar Instances (i.e., near-
est neighbors) explain an AI’s decision by presenting people with past examples that are most similar
to the current case. Instead of providing abstract rules or technical details, this method shows how the
AI has handled comparable situations, making the reasoning process more concrete and relatable. This

INTERNATIONAL JOURNAL OF HUMAN–COMPUTER INTERACTION 3



approach would appeal to an operator’s analogical reasoning, which is often used in complex reasoning
tasks where contextual understanding is required.

Many researchers have investigated the effects of these XAI technologies on human-AI joint
decision-making (Chromik et al., 2021; Ooge et al., 2022; Tomsett et al., 2020; Zhang et al., 2020), both
in terms of collaborative performance and human perception of AI, yet the findings are mixed. On the
one hand, several studies reported the benefits of XAI on human-AI collaborative performance. For
instance, Yang et al. (2020) found that adding visual explanations in human-AI collaboration environ-
ments yielded better decisions compared to people and AI working separately; Leichtmann et al. (2024,
2023) investigated the combined use of feature-based and example-based XAI, observing that this pair-
ing enhanced decision accuracy, promoted appropriate human trust in AI, and highlighted the potential
of explanations to signal AI errors effectively. Other work showed explanations can increase human
confidence in AI (Sivaraman et al., 2023), improve human performance (Lai & Tan, 2019), raise human
initial trust in AI (Ooge et al., 2022), and support better trust calibration in high-stakes settings
(Tomsett et al., 2020). On the other hand, several studies found that providing XAI information did
not guarantee improvements in human-AI collaboration performance (Alufaisan et al., 2021; Bansal
et al., 2021; Buçinca et al., 2020; Liu et al., 2021; Wang & Yin, 2021) nor did XAI information affect
human behaviors (Sivaraman et al., 2023). Explanations may not always contribute to better trust align-
ment or performance (Nourani et al., 2019; Zhang et al., 2020). These discrepancies in effects of XAI
on human-AI collaboration can be attributed to myriad factors and their interaction effects, including
explanation quality (Kunkel et al., 2019; Morrison et al., 2024; Poursabzi-Sangdeh et al., 2021), fidelity
(Kulesza et al., 2013), representation (Cai et al., 2019; Yang et al., 2020), interactivity (Cheng et al.,
2019; Liu et al., 2021), explanation meaningfulness (Nourani et al., 2019), AI accuracy (Papenmeier
et al., 2022), and domain knowledge of workers (Dikmen & Burns, 2022; Nourani et al., 2020b;
Szymanski et al., 2022; Wang & Yin, 2021; 2022).

Recent work has also focused on comparing the effectiveness of different XAI approaches in AI-
assisted decision-making. For example, Chen et al. (2023) found that presenting example-based explan-
ations can significantly improve decision performance compared to conditions without XAI, while
feature-based explanations cannot; Humer et al. (2022) showed that example-based explanations are
better for improving complementary human-AI decision performance than feature-based explanations.
In contrast, Wang and Yin (2022) found that feature contribution explanation appears to enhance peo-
ple’s subjective understanding of AI, compared to example-based explanation. These mixed outcomes
may stem from mismatches between explanation types and task contexts (Mayr et al., 2019; Prinster
et al., 2024; Tomsett et al., 2020), the timing of when an explanation is shown to close knowledge gaps
as needed (Miller, 2019), and people’s varying responses to error typology (Ferraro & Mouloua, 2021).
These considerations underscore the importance of carefully aligning explanation strategies with user
needs and task demands when deploying XAI in human-AI collaborative systems.

2.2. Human trust in AI over time

As people interact with AI, their trust in the AI directly affects their willingness to adopt, rely on, and
collaborate effectively with AI systems, especially in high-stakes or decision-critical contexts. A few key
concepts of human trust in AI include their propensity to trust, their perceived trustworthiness of the
AI, and their trusting behavior (Mayer et al., 1995; Schlicker et al., 2025). While propensity to trust
reflects a relatively stable individual tendency, situational trust can vary substantially depending on con-
textual factors. Therefore, studying human–AI trust in specific situations and across time provides
important insights into the dynamic nature of trust formation and calibration in human–AI interaction.
Many studies on human-AI trust focus instead on measuring trusting behavior in specific tasks, which
serve as observable indicators of trust, e.g., reliance, compliance (de Visser et al., 2020; Eckhardt et al.,
2024; Vereschak et al., 2021). In addition, perceived trustworthiness is another commonly used metric
in human-AI research. It is inherently situational and subjective, reflecting people’s evaluations of the
AI’s competence, integrity, and intentions, as well as their belief in the AI’s ability to support their task
goals (Baer & Colquitt, 2018; Chiou & Lee, 2023). Moreover, various factors have been shown to poten-
tially influence human-AI trust (Hoff & Bashir, 2015), including individual differences such as cultural

4 Y. WANG ET AL.



background (Chien et al., 2020), familiarity with automated systems (Dasgupta et al., 2017), as well as
contextual elements like task difficulty and workload (Hoff & Bashir, 2015), and AI system attributes
such as AI performance (Kay et al., 2015) and explainability (Yang et al., 2020).

Beyond investigating the various factors and antecedents of human trust in AI systems, a growing
array of studies have been conducted to explore human initial trust formation and trust evolution over
time. For example, Cabiddu et al. (2022) proposed the factors that affect human initial trust in AI and
trust over time separately. Holliday et al. (2016) performed a case study to compare how trust in AI
changes with and without explanations. Several studies (Kahr et al., 2023; Yu et al., 2016; 2017)
observed that trust levels are related to AI performance, and that trust tends to stabilize over time.
Previous work also revealed that first impressions of AI, as well as the order of presenting AI’s correct
decisions, are pivotal for the development of trust in AI. Nourani et al. (2020b) found that people with
domain knowledge are more sensitive to the first impression of AI compared to laypeople, where
domain experts exhibited higher variance in trust over time if they had a positive first impression of
AI. Conversely, laypeople usually overestimated AI performance and overtrusted AI (Nourani et al.,
2020b). Later, Nourani et al. (2022) explored how initial impressions shape people’s mental models of
AI capabilities. They found that individuals initially exposed to correct AI predictions were more likely
to over-rely on AI, whereas those who were initially exposed to incorrect AI predictions were more
likely to disregard AI suggestions and rely more on their own judgment. Although first impression
matters, we know from previous research that observing AI mistakes negatively impacts human trust,
and that trust in AI can be difficult to restore once dropped (Dietvorst et al., 2015; Hald et al., 2021;
Hoffman et al., 2013; Yang et al., 2023). Other research shows that various types of AI errors not only
lead to differing perceptions of AI accuracy (Tolmeijer et al., 2021) but also impact the degree of trust
placed in the AI and people’s willingness to “forgive” the AI (Baughan et al., 2023).

Algorithm aversion is defined as people’s reluctance to rely on algorithmic recommendations after
observing errors, despite the algorithm typically outperforming human judgment (Dietvorst et al.,
2015). Various methods have been proposed for overcoming algorithm aversion (Burton et al., 2020;
Mahmud et al., 2022) and repairing human trust in AI after trust drops (De Visser et al., 2018).
Tolmeijer et al. (2021) found that initial experience significantly influences trust levels, with early sys-
tem accuracy leading to higher trust. Conversely, Kahr et al. (2024) suggest that while early errors do
decrease trust and reliance (i.e., adoption of AI advice), trust can be rapidly restored, and reliance may
not significantly drop after late errors. These results indicate that people may develop tolerance to case-
by-case AI errors over time if the system consistently performs well (Kahr et al., 2024). Techniques
such as enabling people to modify AI outputs (Dietvorst et al., 2018), informing them that the model
has been updated to address errors Pareek et al. (2024), or demonstrating AI’s capacity to learn from
its mistakes (Reich et al., 2023), have shown potential for mitigating algorithm aversion and encourag-
ing AI adoption in subsequent tasks. Moreover, efforts such as offering anthropomorphic apologies for
AI failures (Kim & Song, 2021) and providing explanations for mistakes (Esterwood & Robert, 2021;
Hald et al., 2021) attempt to improve the efficiency of trust repair. Although the effectiveness of trust
repair approaches matters, Robinette et al. (2015) emphasized that the timing of implementing those
methods is also crucial for the success of trust repair. The complex dynamics of human trust in AI
pose significant challenges in understanding how trust in AI evolves over time, particularly in complex
work environments where AI is susceptible to producing and contributing to various task errors
(Hoffman et al., 2013; Hu et al., 2019; Yu et al., 2017). This underscores the importance of investigating
how trust changes under varying types of AI errors, and whether specific interventions (e.g., XAI) can
promote more calibrated and resilient human trust in AI systems.

2.3. Research gap

While studies have examined the impact of XAI on human trust in AI, very few have focused on evalu-
ating the usefulness of XAI in high-stakes and time-sensitive scenarios. Though some previous work
discovered that explanations of AI can effectively calibrate human-AI trust, especially for the feature-
based and example-based XAI, there is limited understanding of how XAI shapes the trajectory of trust
over time, particularly in scenarios where trust could decline when people notice AI errors. Since such
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errors are inevitable in real-world systems, prior studies have focused on trust repair interventions
deployed immediately after errors occur, such as explanations, apologies, or denials (Esterwood &
Robert, 2021; Hald et al., 2021; Kim & Song, 2021). However, detecting trust violations in real time can
be difficult, making it even more challenging to effectively intervene in the process and apply appropri-
ate methods to repair trust. Thus, our work takes a broader perspective. Rather than centering solely
on trust repair, our goal was to understand how XAI influences the evolution of human trust in AI
across the entire interaction, including both pre- and post-error phases, by continuously integrating
XAI into the decision-making process. Prior research has shown the role of AI error types in shaping
human trust, yet their effect on trust evolution in the presence of XAI remains overlooked. Because the
effectiveness of explanations may depend on the interaction between the explainer (AI) and the
explainee (human) (Mayr et al., 2019; Miller, 2019; Tomsett et al., 2020), it is important to investigate
how different XAI delivery strategies, tailored to this interaction, affect how people’s trust in AI
evolves.

Besides, baggage screening task is distinct from other high-stakes tasks (e.g., medical diagnosis)
because it involves rapid, repetitive visual search under time pressure, often with limited contextual
information or feedback, low target prevalence, and high variability in visual appearances of threats
(Schwaninger et al., 2005; Wolfe & Van Wert, 2010). While prior research in ergonomics has explored
factors that influence automation-assisted baggage screening performance, such as the plausibility of
visual cues for detected items (Chavaillaz et al., 2020), working environment for screeners (Latscha
et al., 2024), and the type of detection errors (Huegli et al., 2025), human trust in automated baggage
screening system and its role in joint human-automation performance remain underexplored, especially
when explanations are provided for automated detection results. To address these gaps, our study
explores how people’s trust in AI evolves in the baggage screening task, examining how it is affected by
different XAI approaches, strategies of conveying XAI, and the types of AI errors.

3. Methods

We conducted an online human-subject study on Prolific, where participants were asked to cooperate
with an AI to perform baggage screening tasks. The study has been approved by Arizona State
University’s Institutional Review Board (IRB) and preregistered on OSF.1

3.1. Experimental design

3.1.1. Task validation
This work aims to explore the impact of XAI on trust evolution, particularly under scenarios where the
consequences of errors are high. For this reason, we deployed an object detection task that has implica-
tions in security screening in public spaces – an X-ray baggage screening task with an automated threat
detection system commonly deployed at airports (Hartnett et al., 2022; H€attenschwiler et al., 2018). In
the U.S., transportation security officers (TSOs) are faced with the challenge of examining high volumes
of luggage with varying levels of visual complexity (e.g., cluttered, objects rotated, and many possible
threats, among others) within strict time limits, increasing the risk of missed detections. Despite
technological advancements in imaging technology and embedded AI, TSOs are still required “trust but
verify” AI outputs, given the low-risk tolerance in security screening work.

We consider the baggage screening task a plausible choice for engaging a general population of
adults with at least a high school degree (which is the minimum education level required to be hired as
a TSO), because it represents a common object detection scenario that is more intuitive than special-
ized tasks like monitoring autonomous driving systems or face matching. Participants were provided
with tutorial materials detailing six target objects familiar from daily life, reducing the difficulty of the
general baggage screening tasks. Further, participants performed baggage screening tasks without AI
assistance in the pilot study and achieved a high detection accuracy of 91.3%. This result further con-
firms that a general population, after receiving basic tutorials, possesses the necessary skills to perform
baggage screening effectively in our selected tasks. Please note that TSOs typically have a high school
education level and historically experienced high turnover (Congress, 2020; Keller, 2019), meaning that
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many TSOs will have limited on-job experience. The foundations for this study and its applicability to
real-world scenarios are aligned with checkpoint requirements (TSA, 2024) and have been developed
with domain experts.

3.1.2. Task environment
Participants engaged in an AI-assisted decision-making process to detect illicit objects in baggage.
The baggage screening image data used in the study was from SIXray (Miao et al., 2019), an object
detection benchmark dataset that contains 1,059,231 images in total, consisting of both positive (with
illicit object) and negative (without illicit object) X-ray baggage screening images. Among these, only
8,929 positive images are annotated with labels, covering five classes of illicit objects—Gun, Knife,
Wrench, Pliers, and Scissors—excluding Hammer, despite it being part of the original six classes.2

After cleaning the annotated data and removing images with annotation errors, we retained 8,908
valid positive images. From this cleaned set, we randomly sampled 9,256 images (7,756 positive, 1,500
negative) to train a class-balanced hierarchical refinement (CHR) (Miao et al., 2019), and evaluated
its performance on another 1,252 images (1,152 positive, 100 negative) sampled from the remaining
annotated images.

To select baggage screening images used in the study, we first manually categorized all AI-correct
test images into two levels of task difficulty: easy and difficult. Tasks were labeled difficult if items in
the baggage overlapped significantly or had substantial rotation; otherwise, they were considered easy.
In addition, the difficulty level of selected images was further validated in the pilot study (Section
3.4). For each difficulty level, we randomly sampled 18 AI-correct baggage screening tasks (12 posi-
tive, 6 negative), resulting in 36 AI-correct baggage screening tasks in total for the study. To induce
human trust violation by highlighting obvious AI failures, we selected three additional easy tasks for
both the positive and negative cases. We deliberately manipulated their AI results to be incorrect,
and positioned these tasks consecutively within the study (Section 3.1.3). To eliminate order bias, we
randomized the order of 36 AI-correct tasks and randomized the order of three AI-error tasks
separately.

For real-world baggage screening tasks, both screening accuracy and operational efficiency are cru-
cial. However, there is often a trade-off between accuracy and efficiency. For example, if screeners are
not confident in identifying illicit objects directly by AI or their own, they may need additional labor
or time to manually examine the baggage to ensure accuracy. Thus, participants were first asked their
agreement with AI detection results, then we gave them the option to open baggage for further inspec-
tion. Participants were informed that opening baggage was to confirm the existence of illicit objects in
the baggage. It would return a 100% accurate result of all illicit objects in the baggage but would
impose a 10-second delay before the next baggage. Unlike real-world screening environments, where
separate staff typically perform the manual inspection by opening baggage flagged for containing or
potentially containing illicit objects without interrupting the screener’s flow, our protocol made the
time cost of opening baggage fall directly on the participants. This design encouraged participants to
weigh the trade-off between accuracy and efficiency, echoing high-stakes and time-sensitive settings. To
make a final decision, participants should decide to either adopt the AI detection result directly, make
the detection on their own, or consume extra time confirming the existence of actual illicit objects by
opening the baggage. To emulate real-world baggage screening scenarios, participants were not
informed of the ground truth or the AI correctness for each task during the study unless they chose to
open the baggage for confirmation. In addition, we imposed a time limit for task completion to mimic
the time pressure encountered in real baggage screening scenarios, without informing participants of
the total number of tasks. As such, we expect that the goal for participants in our study is to achieve
both high accuracy and efficiency, i.e., accurately inspecting as much baggage as possible within a time
limit.

3.1.3. Trust manipulation
People’s trust in AI can be determined by assessing their perception of AI decision performance
(Cabiddu et al., 2022; Jacovi et al., 2021; Lee & See, 2004). For example, observing an AI’s accurate
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detection could lead to high trust in the AI, while observing AI errors could lead to a trust drop. To
explore these dynamics, our study manipulated human trust levels in an AI by controlling for the cor-
rectness of AI decisions. In particular, we structured the study into three trust phases: trust formation
(McKnight et al., 1998; Pareek et al., 2024), trust violation (Lewicki & Bunker, 1996; Pareek et al.,
2024), and trust repair (Lewicki & Bunker, 1996; Pareek et al., 2024), which were implemented as a
within-subject factor (Figure 2).

3.1.3.1. Trust violation. In real-world human-AI collaboration scenarios, people inevitably encounter
AI errors and become conscious of them, even without knowing the ground truth, which can quickly
reduce their trust in the system (Dietvorst et al., 2015; Parasuraman & Riley, 1997; Yang et al., 2023).
Therefore, we randomly selected easy baggage screening tasks for each type of AI error, manipulated
the AI decisions to be incorrect, and presented them consecutively to participants to erode their trust
in the AI. These tasks were deliberately chosen to be easy for the participants to do on their own
(Supplementary Appendix A), allowing them to easily identify illicit objects themselves and recognize
AI errors without receiving ground truth. Moreover, trust can decline after just a single perceived sys-
tem error (Hald et al., 2021; Kahr et al., 2024), and continuous errors can further exacerbate this
decline (Wang & Yin, 2023; Yu et al., 2017). Since this work focused on trust evolution and expected
trust recovery, it was important to avoid solidifying participants’ negative impressions with excessive AI
errors. Therefore, we first examined the effect of a single error versus three consecutive errors on the
deterioration of trust in AI and the subsequent process of trust recovery in a pilot study (Section 3.4).
Based on the pilot study findings, we decided to expose participants to three consecutive AI errors to
guarantee the “human-AI trust violation” condition in the formal study.

3.1.3.2. Trust formation and trust repair. Human trust may start low due to the initial unfamiliarity
about the AI system but often grows as people gain more experience and confidence in the system
(Parasuraman & Riley, 1997). In addition, a positive first impression (that is, satisfying initial expecta-
tions of system accuracy) was found to effectively promote human trust in AI systems (Tolmeijer et al.,
2021; Yu et al., 2017). To establish high human trust in AI during the early stages of human-AI inter-
action and thus subsequently ensure a significant trust violation following observed AI errors, we pre-
sented 12 consecutive baggage screening tasks with correct AI detection results before Trust Violation,
forming the Trust Formation phase. Furthermore, our work attempted to recover human trust by
showing another 24 AI-correct tasks after three consecutive AI errors in the Trust Violation phase,
forming the Trust Repair phase. We included a larger number of AI-correct tasks in this phase to have
a longer runway to observe when and how trust levels from participants returned to their previous

Figure 1. The interface and procedure of performing a baggage screening task with AI assistance in the study, all
images on the interface can be zoomed in and out. This is an example of the Saliency Map condition.
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state. Both Trust Formation and Trust Repair phases consisted of easy and difficult tasks to emulate a
practical but engaging task environment.

3.1.4. Experimental condition
This study also explored the effect of three factors on the evolution of human-AI trust over time using
a between-subjects design: XAI representation, type of AI error, and strategy of conveying XAI.

3.1.4.1. XAI representation. We focused on the XAI techniques that interpret AI results through local-
ization methods, providing explanations for each AI output. Since both feature-based and example-
based explanations have been shown to effectively calibrate human-AI trust (Wang & Yin, 2022; Yang
et al., 2020), our work included the Saliency Map to represent feature-based explanations, utilizing the
class activation mapping (CAM) algorithm (Zhou et al., 2016), and the Similar Instances, generated by
the DeepImageSearch (Verma, 2021) algorithm, to represent example-based explanations. We also
incorporated a control condition (No XAI), where no explanation was provided to participants, to
benchmark the effects of two XAI visualizations.

As shown in Figure 3, for positive baggage screening tasks where AI detected an illicit object, par-
ticipants under the Saliency Map condition were presented with explanations by viewing the shad-
owed baggage screening task image, with the most critical areas contributing to AI detection
highlighted. The saliency map was also accompanied by a text description: “This is the attention
area that AI used for identifying [particular illicit object detected].” Under the Similar Instances
condition, for each AI-detected illicit object in the current task, participants were provided with two
of the most similar illicit objects from the same class that AI learned from training. Participants
were also informed that “For the detected [particular illicit object detected] in this task, these are
two similar [particular illicit object detected] AI learned from training. The usability of Saliency
Map and Similar Instances explanations for negative detection results has not been well studied
through human subject studies. Such explanations may pose challenges in helping people understand
why the AI did not detect any illicit object. For example, in the Saliency Map condition, an empty
area in the baggage would be highlighted as the attention area that aids AI decision-making.
Whereas the Similar Instances may involve two pieces of baggage containing similar benign items.
These explanations could be demanding for participants to understand why no illicit object was
detected. Thus, in our study, participants did not receive visual explanations for negative baggage
screening results. Instead, they were provided with text explanations. Under the Saliency Map condi-
tion, participants were notified: “In the screening image, AI did not find any attributes that can be
recognized as an illicit object.” Under the Similar Instances condition, participants were told: “In
the screening image, AI did not identify anything that looks similar to any illicit objects that the AI
learned from training.”

Figure 2. Experiment procedure of the study. During the main tasks, human trust in AI was manipulated into three
trust phases (Trust Formation, Trust Violation, and Trust Repair) by arranging the sequence of AI-correct and AI-error
tasks.
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3.1.4.2. Type of AI error. Since different types of AI errors and decision severity can affect human trust
in AI to varying degrees (Baughan et al., 2023; Tolmeijer et al., 2021; Wang et al., 2022), this study
investigated the impact of two common types of AI errors that occur in real-world baggage screening
tasks: False Alarm and Miss Signals. For brevity, we will refer to “Miss signals” as “Miss” in subsequent
discussions. False Alarm refers to the AI mistakenly identifying any benign objects as illicit, which may
result in unnecessary screening and time delays. Miss denotes that the AI fails to detect the presence of
an illicit object, which could pose a risk to public safety, yielding more severe consequences than False
Alarm. We incorporated both error types in the study to examine their impacts on the Trust Violation
phase and the subsequent Trust Repair phase. Each participant was presented with three successive AI
errors of the same type in illicit object detection (Supplementary Appendix A).

Our study excluded other screening errors such as misclassification (e.g., identifying a knife as a
wrench) or partial detections (e.g., detecting one illicit item but missing another), which could intro-
duce additional variables and complicate the study design. Focusing on the two most typical screening
errors can help reduce people’s cognitive overload and enable people to form clear mental models of
the AI’s performance.

3.1.4.3. Strategy of conveying XAI. Drawing insights from social science research, explanations involve
a social process of conveying knowledge through communication. Explanations are not simply trans-
parency displays, presentations of a machine’s reasoning, or providing information unilaterally.
Rather, a responsive explanation provides contrastive information that is relevant to the question in
mind (Miller, 2019). To address these social considerations of what an explanation should be and the
context surrounding what “makes” an explanation, our study investigated three distinct strategies for
conveying XAI visualizations to people: Responsive-all (RA), Non-responsive-all (NRA), and Non-
responsive-difficult (NRD). In each baggage screening task under XAI conditions, participants in the
NRA group were informed of the AI detection result and the associated explanation directly. Yet,
participants in the RA group received XAI only when they explicitly requested it, indicating they had
a question in mind about the AI’s recommendation. The NRD condition was introduced based on
observations from our pilot study (Section 3.4), where participants tended to request XAI more fre-
quently during difficult tasks. In the NRD group for the formal study, XAI visualizations were

Figure 3. Two representations of XAI (Saliency Map, Similar Instances) were applied to positive (AI detected an illicit
object) and negative (AI detected no illicit object) baggage screening tasks.
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automatically provided only during difficult baggage screening tasks, whereas no explanation was
made available during the easy tasks.

To summarize, our study employed a mixed factorial design with three between-subject factors and
one within-subject factor. The between-suject factors were XAI representation (three levels), type of AI
error (two levels), and strategy of conveying XAI (three levels). A total of 14 experimental conditions
were examined (Table 1): of these, there were 2� 2� 3 ¼ 12 conditions presenting XAI information,
across two XAI representations (Saliency Map and Similar Instances), two types of AI errors (False
Alarm and Miss), and three XAI delivery strategies (RA, NRA, and NRD); two No XAI groups under
the NRA condition for each type of AI error were included as control conditions (1� 1� 2 ¼ 2), to
benchmark the effects of XAI representations. In addition, a within-subject factor, trust phase (three
levels), was included to enable repeated measurements across time for each participant.

3.2. Participants

Participants in the study were recruited through Prolific and randomly assigned to one of the experi-
mental conditions. Following recommendations from prior work showing that factorial designs can
achieve strong statistical power with relatively few participants per condition (Collins et al., 2014), we
adopted a balanced design—recruiting 30 participants per condition in the pilot study and approxi-
mately 20 per condition across 14 conditions in the formal study (Table B.1). A total of 60U.S. resi-
dents (Age: l ¼ 36:5; r ¼ 12:6 years) completed the pilot study, including 37 females and 23 males.
The formal study included 281U.S. residents (Age: l ¼ 37:3; r ¼ 11:1 years), comprising 121 females,
158 males, 1 non-binary, and 1 who selected “other.” Those who selected “other” were asked to provide
a self-reported description. Participants in the formal study were compensated with a base payment of
$8 for completing the study, with an average completion time being approximately 29min. They were
also incentivized with a bonus of $0.15 for a correct detection in each baggage screening task. One par-
ticipant’s data was excluded from the analysis for the formal study because the participant agreed with
the AI on all three AI-error tasks, indicating a severe lack of understanding or attention. This resulted
in a final sample of 280 participants included in the analysis.

3.3. Procedure and task

3.3.1. Study procedure
As outlined in Figure 2, participants were first asked to complete the study information sheet, where
they were informed of the bonus structure and received instructions for the baggage screening tasks.
After that, a tutorial video and following attention-check quiz were provided to ensure they understood
both the task requirements and the incentive rules. Also, participants were informed of AI performance
during the tutorial (accuracy: 84.7%, various error rates). Only participants who passed the quiz could
proceed to the task training, where they practiced illicit object detection in one easy and one difficult
AI-correct baggage screening task without affecting the bonus. This practice session familiarized

Table 1. Fourteen (14) experimental conditions examined in the study.
XAI representation Type of AI error Strategy of conveying XAI

Saliency Map False Alarm Responsive-all (RA)
Saliency Map False Alarm Non-responsive-all (NRA)
Saliency Map False Alarm Non-responsive-difficult (NRD)
Saliency Map Miss Responsive-all (RA)
Saliency Map Miss Non-responsive-all (NRA)
Saliency Map Miss Non-responsive-difficult (NRD)
Similar Instances False Alarm Responsive-all (RA)
Similar Instances False Alarm Non-responsive-all (NRA)
Similar Instances False Alarm Non-responsive-difficult (NRD)
Similar Instances Miss Responsive-all (RA)
Similar Instances Miss Non-responsive-all (NRA)
Similar Instances Miss Non-responsive-difficult (NRD)
No XAI False Alarm Non-responsive-all (NRA)
No XAI Miss Non-responsive-all (NRA)
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participants with the task interface and procedures. After that, a pre-task trust survey (Jian et al., 2000)
was administered to measure participants’ initial trust in AI, and then participants proceeded to the
main baggage screening tasks.

As described in Section 3.1, the main baggage screening tasks were managed as follows: 12 AI-
correct baggage screening tasks were presented at first, serving as Trust Formation. Then, three
consecutive salient AI errors were introduced, leading to Trust Violation. Finally, an additional 24 AI-
correct tasks were displayed for Trust Repair. To simulate a time-constrained environment, participants
were informed of a 30-minute time limit during the tutorial and at the beginning of the main tasks. A
countdown clock was also displayed throughout the main tasks to maintain this pressure. After per-
forming 39 main baggage screening tasks, participants were asked to fill out post-task surveys to assess
their trust in AI (Jian et al., 2000), perceived understanding and utility (Cheng et al., 2019), risk and
benefit perception (Weber et al., 2002), and demographic information. Following the recommendation
in prior work (Gutzwiller et al., 2019), the response items in both pre-task and post-task trust surveys
were randomized to eliminate maturation effects. Furthermore, participants needed to revisit the same
three AI-errors tasks and determine whether they considered the AI result to be correct or not. This
result helped us further confirm the occurrence of trust degradation in the Trust Violation phase
(Table A.1). In the end, a study result was concluded for each participant with a report detailing deci-
sion accuracy for each baggage screening task and the corresponding bonus.

3.3.2. Task prototype
Our study adopted a chatbot and gathered data from participants through a conversational survey which has
been shown to generate higher quality responses than traditional form-based surveys (Xiao et al., 2020). As
shown in Figure 1, each baggage screening task began by presenting participants with a baggage screening
image along with the AI detection result. Depending on the participant’s assigned experimental conditions,
participants either received or did not receive XAI for the AI result. Participants in the No XAI group were
directly asked to indicate their agreement with the AI detection result by responding to the question, “Do
you agree with the AI detection?” In contrast, participants in the XAI groups (Saliency Map, Similar
Instances) received explanations of the AI detection through one of the three different strategies (RA, NRA,
NRD) before being asked for their agreement with the AI result. In particular, under the RA condition, the
AI initiated the conversation by asking, “Do you want to know why AI made the detection result?” Only par-
ticipants who requested XAI were offered the explanation information. However, XAI was automatically
shown to participants at the beginning of the chat for all tasks under the NRA condition, but difficult tasks
only under the NRD condition. After receiving the XAI, participants needed to determine if they agreed with
the AI detection result or not, and then make the final decision by answering the question, “Do you want to
open the baggage and confirm all illicit objects?” Participants could choose to either open the baggage and
submit the ground truth, accept the model detection if they agreed with it beforehand, or make the detection
on their own if they disagreed with the model detection beforehand.

3.4. Pilot study

To validate the study design and task selection, participants were asked to perform baggage screening
on either 25 tasks (including 24 AI-correct tasks and one AI-error task) or 27 tasks (comprising 24 AI-
correct tasks and three AI-error tasks). These tasks were presented in a fixed sequence of 12 AI-correct
tasks, followed by three or one AI-error task, and then another 12 AI-correct tasks. We conducted two
AI-assisted experiments under the RA condition for each type of AI error, using the Similar Instances
XAI. Additionally, we implemented a control experiment where participants performed 27 baggage
screening tasks without any AI assistance. We followed predefined criteria to distinguish between diffi-
cult and easy tasks, manually selected 54 tasks covering both positive and negative cases, and randomly
sampled them for each group in the pilot study. After confirming their difficulty levels based on human
performance without AI assistance, we selected 36 of these tasks for use in the formal study. The pilot
study results (Supplementary Appendix C) validated task difficulty and showed that presenting three
successive AI-error tasks led to lower agreement with the AI compared to a single error, although
agreement levels returned to baseline afterward in both conditions. This finding supports our decision
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to use three consecutive AI errors to induce trust violations in the formal study. We also found that
participants were more likely to request XAI when encountering difficult tasks. This observation
inspired a new XAI delivery strategy for the formal study, i.e., NRD. Pilot study data were analyzed
using JMPVR , with more detailed results included in the supplemental materials.

3.5. Measurement

To make comprehensive comparisons of human trust in AI and human-AI collaborative performance
over time across different experimental conditions, we employed the following measurements:

3.5.1. Behavioral trust
There are many potential measures of “behavioral trust,” some that have been widely used across studies and
others that are more bespoke to the task environment (Kohn et al., 2021). Ultimately, these proxy measures
of trust must be interpreted in context. In this work, we operationalize “behavioral trust” as the willingness to
act based on the information provided by the AI (Chen & Sundar, 2023). Participants performed baggage
screening tasks with AI assistance. They could choose to agree with the AI detection results, make independ-
ent decisions, or spend additional time opening the baggage to verify the ground truth. Under the RA condi-
tion, participants also had the option to request or deny explanations for the AI results. Therefore, human
behavioral trust was evaluated by observing participants’ behaviors and interactions with the system during
the decision-making process, focusing on their compliance with AI, but also their confidence in their deci-
sions, and their interest in seeking explanations for AI outcomes.

� Compliance with AI (Agreement). Human compliance with AI describes people directly using AI
results when making final decisions. This differs from reliance behaviors, which are more passive,
like doing nothing even when the AI provides a false negative result (Meyer et al., 2014). In general,
agreement with AI has been commonly used as a key metric for measuring human reliance and
compliance with AI systems (Yin et al., 2019; Zhang et al., 2020), with higher levels of compliance
or reliance being associated with higher levels of trust (Lee & See, 2004). Thus, our work also
applied this measure to assess humans’ compliance with the AI for each task.

� Confidence in Decision (Open Baggage). Higher self-confidence in a task tends to reduce trust in auto-
mation (Lee & Moray, 1994), while greater confidence in AI decisions increases trust in the AI (Chong
et al., 2022). In this work, rather than asking for self-reported confidence ratings for each task which could
become tedious rather quickly, we instead assessed participants’ confidence level as a binary measure,
based on their behaviors of opting to open the baggage or not. If participants chose to spend extra time
opening and inspecting the baggage, it indicated a lack of confidence in either the AI’s detection result or
their own detection results (a desire for more information to further verify). Conversely, opting not to
open the baggage suggested confidence in either the AI or their own detection results.

� Interest in Seeking Explanation for AI Outcome (See XAI). Under the RA condition, opting for
an explanation serves as a measure of behavioral trust, similar to risk-taking in a relationship
(Mayer et al., 1995; Simpson, 2007), but with dual interpretations. When interpreted in context, this
behavioral measure may provide further insights on a person’s trust state (Kohn et al., 2021).
Specifically, participants may not feel the need to request additional explanations if they have
already developed strong trust or distrust. Therefore, choosing to see XAI during a phase of the
high level of human trust (e.g., the Trust Formation or Trust Repair phase) could imply a decline in
human-AI trust because they are engaging in preliminary verification behaviors short of opening the
baggage for more concrete (and costly) verification. Conversely, requesting XAI during a low level
of trust phase (e.g., the Trust Violation phase) could indicate a potential rebound in trust, as partici-
pants actively seek more information to better understand the AI decisions.

3.5.2. Perceived trust
Participants were asked to rate their trust-related perceptions through a trust questionnaire (Jian et al., 2000)
before (pre-task) and after (post-task) completing the baggage screening tasks. The questionnaire identified 12
distinct factors that characterize how people perceive trust in an automated system, comprising both positively
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worded (statements that express a favorable opinion about AI) and negatively worded (statements that express
an unfavorable opinion about AI) questions, and each item response is on a 7-point Likert scale. The self-
reported responses from the trust questionnaire were used as subjective measures of perceived trust.

3.5.3. Decision accuracy
For each task, accuracy was defined as the final detection result being correct only if it identified all actual
illicit objects without including any nonexistent ones. Otherwise, the result is regarded as inaccurate. Decision
accuracy serves as the primary metric to evaluate human-AI collaborative performance.

3.6. Statistical analysis

Separate analyses were performed for the following participant groups (see Table B.1 for detailed group
sizes across the 14 experimental conditions):

1. NRA groups (N ¼ 121): Participants in the six NRA groups were analyzed to examine whether the
availability of XAI, i.e., No XAI vs. With XAI (Saliency Map, Similar Instances), influenced
human-AI trust and collaborative performance;

2. XAI groups (N ¼ 232): Among the 240 participants assigned to the 12 XAI conditions (including
Saliency Map and Similar Instances), eight participants were excluded because they did not opt to
view XAI explanations both before and after AI errors. The remaining 232 participants were
included to explore the effects of different XAI representations, types of AI error, and strategies of
presenting XAI on human-AI trust and collaborative performance;

3. RA groups (N ¼ 71): 79 participants in four RA groups were shown XAI only upon request. 8 par-
ticipants were excluded because they did not opt to view XAI explanations both before and after
AI errors. This analysis focused on how XAI representation and type of AI error impact partici-
pants’ willingness to request explanations (i.e., See XAI).

We used Generalized Linear Mixed Models (GLMM) with two-way interaction terms between the
three trust phases and experimental factors (XAI representation, type of AI error, strategy of conveying
XAI) to compare behavioral trust and performance over time across experimental conditions. This
approach maintained a consistent statistical modeling strategy for the different response variables. A
crude version of the GLMM model was defined as:

gðE yju� �Þ ¼ b0 þ b1X1 þ b2X2 þ b3ðX1 � X2Þ þ Zu (1)

where gð:Þ is a transformation function for the expected value of response y, u refers to a random effect
of different participants, bi denotes the intercept or fixed effects, and Z represents the random effects
design matrix. When y refers to Agreement, Open Baggage, See XAI, Decision Accuracy, the transform-
ation function is a binomial distribution. X1 denotes a set of experimental factors that could contain
the type of XAI representation, type of AI error, and type of strategy of presenting XAI based on differ-
ent datasets. X2 denotes trust phases. ðX1 � X2Þ are interactions between the set of experimental factors
and trust phases. In addition, we used GLMM models with a similar model specification to analyze par-
ticipants’ perceived trust through their responses to the trust survey. Given that trust in automation is
a multi-faceted construct (Chiou & Lee, 2023; Lee & See, 2004), and our interest lies in how specific
components of trust and distrust are influenced by experimental factors over time, we analyzed each
survey item individually. When modeling participants’ perceived trust, the transformation function gð:Þ
was adjusted to be the cumulative multinomial distribution. Although X1 denotes the same experimen-
tal factors as mentioned above, X2 is a binary variable to indicate pre- or post-task survey and ðX1 � X2Þ
are interactions between the set of experimental factors and the time of requesting survey.

4. Results

In this section, we present the results of comparing participants’ behavioral trust indicators, trust per-
ceptions, and decision performance across different experimental conditions. We used SASVR to estimate
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the GLMMs and to perform tests of significance on the effects of interest. For statistically significant
results, we report both p-values and odds ratios; for non-significant effects, only p-values are provided
due to minimal differences between groups. All reported data are included in Supplementary Appendix
D, and detailed statistical results can be assessed in OSF.3

4.1. Behavioral trust

4.1.1. Agreement
In the NRA group (Tables D.4 – D.6), we found no significant difference in the frequency of agreement with
AI results between No XAI and Saliency Map conditions (p ¼ 0:496). However, both frequencies were sig-
nificantly lower than that observed under the Similar Instances condition (No XAI vs. Similar Instances p ¼
0:004,OR ¼ 0:592 ½0:414, 0:846�; Saliency Map vs. Similar Instances p ¼ 0:043,OR ¼ 0:681 ½0:470, 0:988�).
This suggests that observing Similar Instances in each baggage screening task results in higher human
compliance with AI in comparison to Saliency Map or No XAI. Participants showed the lowest levels
of agreement with AI results during the Trust Violation phase, compared to Trust Formation
(p < 0:0001,OR ¼ 72:683 ½47:604, 110:976�) and Trust Repair (p < 0:0001,OR ¼ 86:559 ½57:356, 130:631�).
Statistical tests of significance revealed no significant interaction effect between XAI representation and the
trust phase on human agreement with AI results (p ¼ 0:203).

For participants exposed to XAI in the Trust Formation and Trust Repair phases, Agreement levels were
similar between these phases (Figure 4). However, during the Trust Violation phase, Agreement decreased
more with the Saliency Map than with the Similar Instances (p ¼ 0:0001,OR ¼ 0:300 ½0:163, 0:555�). This
pattern indicates an interaction effect between the XAI representation and the trust phase on human compli-
ance (i.e., Agreement) with AI, suggesting that the Saliency Map results in more careful decisions when AI
errors occur. Additionally, the type of AI errors and the trust phase were found to jointly impact participants’
agreement with AI outputs (Figure 4, middle): During the Trust Violation phase, participants agreed with AI
detection results at similar rates for both AI error types. However, after observing AI errors (i.e., Trust
Repair), participants who encountered Miss errors showed a higher level of agreement with AI outcomes
than those who encountered False Alarm errors (p ¼ 0:045,OR ¼ 1:209 ½1:004, 1:458�). Since visual explana-
tions were provided only for False Alarm AI errors, this finding suggests that explanations for AI predictions
could reduce human compliance with AI after participants observe incorrect results. However, the strategy of
presenting XAI did not significantly affect participants’ agreement with the AI (p ¼ 0:928).

Figure 4. Effects of different XAI representations, types of AI error, and strategies of conveying XAI on participants’
average frequency of agreeing with AI results across three trust phases. This figure covered participants who viewed
XAI both before and after AI errors. Dots indicate average frequencies and error bars indicate 95% confidence intervals,
and detailed statistics are provided in Supplementary Tables D.1–D.3 (�p < 0:05; ��p < 0:01; ���p < 0:001).
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4.1.2. Open baggage
For participants in the NRA groups (Tables D.10, D.11), frequencies of Open Baggage were comparable
among Similar Instances, Saliency Map, and No XAI conditions, suggesting that explaining AI results
has no impact on human confidence in AI decisions (p ¼ 0:302).

As shown in Figure 5 (left), statistical comparisons of the Open Baggage action among participants
who viewed XAI before and after AI errors further confirm that there are no significant differences
between the two XAI representations (p ¼ 0:922). Differences between the two types of AI errors
(Figure 5, middle) were significant and interacted with the trust phase: During Trust Violation, partici-
pants chose Open Baggage more frequently when observing False Alarm AI errors than Miss AI errors
(p < 0:0001,OR ¼ 3:438 ½2:309, 5:120�). However, the frequency of opening baggage realigned in the
Trust Repair phase for both AI error types. This observation suggests that participants encountering
False Alarm AI errors were less confident in their decisions, as they were provided specific explanations
for the AI’s incorrect results. Thus, XAI could help calibrate human confidence and encourage more cau-
tious decision-making in the presence of AI errors. Additionally, the strategy of conveying XAI was
observed to affect participants’ choice of Open Baggage in some trust phases. During the Trust Formation
phase, participants who received XAI for each task under the NRA condition were more likely to request
opening baggage than those under the NRD condition (p ¼ 0:0415,OR ¼ 1:411 ½1:013, 1:965�). However,
the frequency of opening baggage in these two conditions again realigned when AI errors occurred.
Conversely, participants in the RA group were more inclined to open baggage than those in the NRA group
when encountering AI errors (p ¼ 0:0266,OR ¼ 1:739 ½1:067, 2:833�). Despite this, no significant difference
in the frequency of opening baggage was found between participants under the RA condition and those
under the NRA and NRD conditions, both before (RA vs. NRA p ¼ 0:602; RA vs. NRD p ¼ 0:145) and
after (RA vs. NRA p ¼ 0:489; RA vs. NRD p ¼ 0:098) experiencing AI mistakes.

4.1.3. See XAI
To assess the participants’ tendencies in seeking explanations for AI outputs, we provided participants in the
RA group with the option to choose whether or not to see the XAI. Participants exposed to both Similar
Instances and Saliency Map showed similar patterns in their choices. Although the overall frequency of choos-
ing to see Similar Instances was slightly higher for Saliency Map, this difference was not statistically significant
(p ¼ 0:538). However, statistical analysis revealed a significant interaction effect between the type of AI error

Figure 5. Effects of different XAI representations, types of AI error, and strategies of conveying XAI on participants’
average frequency of requesting open baggage across three trust phases. This figure covered participants who viewed
XAI both before and after AI errors. Dots indicate average frequencies and error bars indicate 95% confidence intervals,
and detailed statistics are provided in Supplementary Tables D.7–D.9 (�p < 0:05; ��p < 0:01; ���p < 0:001).
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and the trust phase. As shown in Figure 6, the desire to seek explanations for AI outputs decreased when par-
ticipants encountered Miss AI errors but increased under the False Alarm condition. Participants were also
more likely to request XAI when encountering False Alarm errors than Miss errors
(p < 0:0001,OR ¼ 30:318 ½11:778, 78:039�). This pattern could be because AI provided only textual explana-
tions for Miss errors, stating no illicit object was detected – information already familiar to participants due
to prior experience. After AI errors occurred, the frequency of requesting XAI was aligned between the two
groups. Additionally, the proportion of participants selecting See XAI in the Trust Repair phase was lower
than in the Trust Formation phase (p < 0:0001,OR ¼ 0:428 ½0:348, 0:527�), suggesting that observing AI
mistakes in visually easier tasks reduces participants’ proclivity to understand the reasons behind AI decisions,
potentially signaling a decline in human-AI trust.

4.2. Perceived trust

For each trust response, we explored the main effects and the 2-way interactions between the time of
trust perception measurement (pre-task vs. post-task) and experimental factors, including types of XAI
representation, type of AI error, and strategy of conveying XAI. We analyzed the trust perception of
232 participants who viewed XAI before and after AI errors.

Most trust survey responses showed significant differences between the two repeated measures (pre-
task vs. post-task), except for the statement “The AI behaves in an underhanded manner” (p ¼ 0:319).
For the items with significant differences, positively worded items in the post-task survey were rated
higher than in the pre-task survey, while negatively worded items were rated lower. This suggests that,
overall, participants’ perceived trust in AI remains consistent and even increased after completing 39
baggage screening tasks, despite observing AI errors.

Further analysis of the experimental conditions’ effects on perceived trust revealed that XAI repre-
sentations significantly influenced perceived familiarity with the AI (as a response to the survey item ‘‘I
am familiar with the AI”). As shown in Figure 7, participants exhibited consistent familiarity levels
with AI before the baggage screening tasks (p ¼ 0:451). However, after completing 39 tasks, AI was
perceived as more familiar by participants exposed to the Saliency Map than those exposed to Similar
Instances (p ¼ 0:011,OR ¼ 2:895 ½1:277, 6:565�). While the 121 participants in the NRA group did not
show significant differences in perceived trust when comparing the No XAI condition with the two
XAI conditions (p > 0:05 for all survey items).

Figure 6. Effects of different XAI representations and types of AI error on participants’ average frequency of requesting
to see XAI across three trust phases. This figure includes participants in the RA group. Dots indicate average frequencies
and error bars indicate 95% confidence intervals, and detailed statistics are provided in Supplementary Tables D.12 and
D.13 (�p < 0:05; ��p < 0:01; ���p < 0:001).
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Among participants exposed to XAI before and after AI errors, those who were exposed to false misses
perceived the AI as having more integrity (p ¼ 0:007,OR ¼ 4:533 ½1:508, 13:631�) and being less harmful
(p ¼ 0:041,OR ¼ 0:431 ½0:192, 0:967�), in comparison to those who were exposed to false alarms (Figure 8).
This is despite the fact that Miss AI errors result in more severe consequences compared to False Alarm
errors. One possible explanation is that providing detailed and concrete explanations for AI outcomes during
False Alarm errors may inadvertently emphasize the AI’s limitations, prompting people to question the

Figure 7. The effect of different XAI representations on the average self-reported score of familiarity item (“I am famil-
iar with the AI”) in the pre-task and post-task trust survey. There is an active interactive effect between the XAI repre-
sentation and the time of measuring familiarity. This figure covered participants who viewed XAI both before and after
AI errors. Bars indicate average self-reported score and error bars indicate 95% confidence intervals, and detailed statis-
tics are provided in Supplementary Tables D.14 and D.15 (�p < 0:05; ��p < 0:01; ���p < 0:001).

Figure 8. A sample of self-reported ratings of trust survey items from participants who viewed XAI both before and
after AI errors. The 95% CI interval plots show the odds ratios between the two types of AI error and three strategies
of conveying XAI. Statistical significant differences are included exclusively, and detailed statistics are provided in
Supplementary Tables D.16–D.25 (�p < 0:05; ��p < 0:01).
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reasoning behind its decisions. As a result, increased awareness of these errors could undermine human trust
in the AI system (Bliss & Fallon, 2006). Participants who encountered Miss errors also reported slightly more
familiarity with the AI than those who experienced False Alarm errors (p ¼ 0:085). Further investigation of
the data revealed that encountering False Alarm errors led to greater wariness of AI than Miss errors after
the tasks (p ¼ 0:052), despite similar initial wariness levels.

Different strategies for communicating XAI also significantly affected trust perception (Figure 8). The
RA group inspired more confidence (p ¼ 0:029,OR ¼ 2:869 ½1:118, 7:364�) and trust (p ¼ 0:015,OR ¼
3:042 ½1:248, 7:413�) in AI than the NRA group. AI in both RA and NRD groups was regarded as more
dependable than in the NRA group (RA vs. NRA: p ¼ 0:003,OR ¼ 3:794 ½1:609, 8:946�; NRD vs. NRA:
p ¼ 0:017,OR ¼ 2:703 ½1:193, 6:126�). Participants in the RA group perceived AI actions as less harmful
compared to the NRD group (p ¼ 0:006,OR ¼ 0:236 ½0:0851, 0:652�: This suggests that providing XAI
when needed is more effective in enhancing overall perceived trust in the AI.

4.3. Decision accuracy

To compare human-AI collaborative performance between conditions with and without XAI represen-
tations, we examined the decision accuracy of 121 participants in the NRA group (Tables D.28, D.29).
We observed that decision accuracy was nearly identical for participants in the No XAI condition and
those in the XAI conditions (No XAI vs. Saliency Map p ¼ 0:090; No XAI vs. Similar Instances p ¼
0:404; Saliency Map vs. Similar Instances p ¼ 0:326).

Figure 9 shows a significant interaction effect between the type of XAI representation and the trust phase
among participants who viewed XAI before and after AI errors. In the Trust Formation phase, decision accur-
acy was similar for both two XAI conditions (p ¼ 0:980). However, during the Trust Violation phase, deci-
sion accuracy significantly declined with the Similar Instances condition compared to the Saliency Map
condition (p ¼ 0:001,OR ¼ 0:255 ½0:112, 0:578�). After experiencing AI errors, decision accuracy in both
XAI conditions improved during the Trust Repair phase, with the Similar Instances showing slightly better
performance than Saliency Map, though this difference was not statistically significant (p ¼ 0:137). The con-
sistent performance across the XAI conditions during the Trust Formation and Trust Repair phases may be
attributed to the fact that the AI was completely accurate during these phases and the tasks were relatively
easy to verify manually. Additionally, neither the type of AI error (p ¼ 0:237) nor the strategy of conveying
XAI (p ¼ 0:306) was found to significantly affect decision accuracy in this study.

Figure 9. Effects of different XAI representations, types of AI error, and strategies of conveying XAI on participants’
average decision accuracy across three trust phases. This figure covered participants who viewed XAI both before and
after AI errors. Dots indicate the average frequencies and error bars indicate 95% confidence intervals, and detailed sta-
tistics are provided in Supplementary Tables D.26 and D.27 (�p < 0:05; ��p < 0:01; ���p < 0:001).
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4.4. Summary of key results

4.4.1. XAI representation
� Consistently provided Similar Instances explanation promoted greater human compliance with AI

(i.e., more agreement with AI) than Saliency Map or No XAI.
� Saliency Map led to more appropriate human compliance with AI during AI errors (i.e., less agree-

ment with AI) compared to Similar Instances.
� The decision accuracy of Similar Instances was comparable to Saliency Map during the Trust

Formation and Trust Repair phases but significantly lower than that of Saliency Map during the
Trust Violation phase.

� Saliency Map encouraged a greater sense of familiarity with AI among participants after completing
39 baggage screening tasks compared to those exposed to Similar Instances, despite similar familiar-
ity levels before the task.

4.4.2. Type of AI error
� After observing AI errors, participants showed higher agreement with AI outcomes for Miss errors

compared to False Alarm errors, suggesting that more concrete explanations for AI results may
decrease human compliance with AI after errors are noticed.

� Participants opened baggage more frequently when encountering False Alarm errors than Miss
errors, though this behavior balanced out during Trust Repair. It implied that concrete explanations
of AI outcomes encourage more cautious and calibrated decision-making.

� Participants were more tended to request explanations (XAI) when encountering False Alarm com-
pared to Miss errors, likely due to the extra explanatory information being only provided for
detected objects.

� Experiencing Miss errors led participants to perceive AI as having more integrity and being less
harmful than False Alarm errors.

4.4.3. Strategy of conveying XAI
� The RA approach is better rated as promoting trust-related perceptions of AI in the measures of

“confident,” “dependable,” and “trust” compared with the NRA approach. Additionally, participants
with the NRD approach found AI to be more dependable than with the NRA approach, while more
harmful than with the RA approach. This indicates that providing XAI “when needed” was more
effective in improving perceived AI trustworthiness.

5. Discussion

We investigated how human trust in AI evolves in a synthetic baggage screening environment where
participants, acting as security screeners, worked alongside an AI counterpart to jointly detect prohib-
ited objects in 2D X-ray images. Our objective was to understand how different representations of
explanations for AI predictions (i.e., XAI), strategies of communicating these explanations, and two
types of AI error affect overall trust evolution during human-AI collaboration. In this work, we
designed AI output sequences based on the premise that human trust in AI follows a progression influ-
enced by AI performance. By carefully designing the sequence of tasks, we aimed to establish an initial
foundation of trust in the AI through continuous AI-correct tasks (Trust Formation), intentionally dis-
rupting it through deliberate consecutively AI errors that are obvious to people (Trust Violation), and
subsequently attempt to rebuild trust by another set of AI-correct tasks (Trust Repair). This sequential
manipulation enabled us to gain nuanced insights into how the types of XAI representations, XAI
delivery strategies, and types of AI errors affect human trust level and human-AI collaboration across
different phases of human-AI interaction. In this section, we summarize our findings, discuss their
implications, outline the limitations of our study, and suggest directions for future research.
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5.1. XAI in the presence of AI error

5.1.1. RQ1: Effect of explanation Type on trust during AI errors
In the Non-responsive-all (NRA) group, participants who were continuously shown example-based
explanations (Similar Instances) exhibited a higher rate of Agreement with the AI’s decisions than those
who saw feature-based explanations (Saliency Maps) or no explanations. This trend suggests that fre-
quent exposure to concrete, past, and even similar examples, can more rapidly build initial behavioral
trust by leveraging the human tendency for analogical reasoning i.e., people are more likely to intui-
tively trust an AI recommendation when it is backed by familiar examples. By presenting concrete past
cases, Similar Instances align with how people naturally construct mental models based on familiar sit-
uations, as described in Kolodner’s theory of case-based reasoning (Kolodner, 1992), which suggests
that people interpret new situations by retrieving and adapting solutions from similar prior experiences
to support decision-making. However, this pattern was not observed in the Responsive-all (RA) group,
possibly because participants were not exposed to XAI in every task, indicating that the effect of
Similar Instances on Agreement may depend on consistent reinforcement.

For participants who viewed XAI before and after AI errors, there was a sharper decline in Agreement
with Saliency Map during the Trust Violation phase, when compared to Similar Instances. This may be due
to the Saliency Map’s ability to visually highlight specific areas that contributed to the AI’s decision, which
could have helped users identify where the AI’s attention was potentially misplaced (Zeiler & Fergus, 2014).
In contrast, Similar Instances cause a greater Agreement with AI and a corresponding lower Decision
Accuracy during the Trust Violation phase compared to Saliency Map, which suggests that example-based
XAI may have caused over-reliance on AI decisions by presenting similar examples from the training dataset.
This could have created a false sense of confidence, which may have led participants to believe that the AI’s
past accuracy on similar tasks guaranteed correctness in the current case (Guidotti et al., 2019). This can
result in participants agreeing with the AI without adequate scrutiny. This finding contrasts with prior studies
that reported positive effects of Similar Instances on trust calibration and decision making (Leichtmann et al.,
2023, 2024; Yang et al., 2020). One possible reason is that we presented similar examples exclusively from the
target class, while those studies included examples from multiple classes, enabling users to more easily identify
inconsistencies by comparing across various classes. In our setup, participants may have trusted the AI when
the target resembled examples from the predicted class, while in other work, more similar instances from
other classes may have highlighted potential errors. This underscores the importance of explanation fidelity
and quality in effectively calibrating trust. Additionally, our prediction targets were likely more familiar to par-
ticipants (e.g., common prohibited items) compared to domains like mushroom or leaf recognition, indicating
that Similar Instances may be more effective in unfamiliar tasks where users have limited prior expertise. The
divergent effectiveness of explanation types may also arise from task-specific demands. Object detection tasks,
such as baggage screening, require spatial localization of relevant objects within cluttered images,
which could make feature-based explanations that highlight the model’s focus particularly helpful. In
contrast, classification tasks, such as mushroom recognition, rely more on holistic pattern identifica-
tion and comparison, so example-based explanations that demonstrate prototypical instances can be
more effective in supporting people’s classificatory reasoning. Besides, Leichtmann et al. (2023) pre-
sented both Saliency Map and Similar Instances to people at the same time, suggesting that combin-
ing XAI methods may offer complementary benefits not captured by showing a single type of
explanation. Our results also showed that participants exposed to Saliency Map found the AI more
familiar than those who saw Similar Instances, echoing the prior finding that feature-based explana-
tions enhance users’ understanding more effectively than example-based explanations (Wang & Yin,
2022). It may be because Saliency Map provides a mechanism, visually revealing how the AI weighs
different features in its decision-making process, which more naturally aligns with human cognitive
patterns of causal attribution and fosters familiarity and understanding (Zeiler & Fergus, 2014).

5.1.2. RQ2: Impact of AI error Type on trust and user verification behavior
In this study, AI errors were intentionally introduced to trigger participants’ notice of them. It was
expected that participants who became aware of AI errors, regardless of the type of error, would pos-
sibly seek assistance to validate their judgments about AI. Our results show that during the Trust
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Violation phase, participants were more likely to request explanations (i.e., See XAI) and check the
ground truth (i.e., Open Baggage) when encountering False Alarm errors, compared to the Trust
Formation and Trust Repair phases. However, for Miss errors, the frequency of requesting See XAI and
Open Baggage either remained similar or significantly decreased during the Trust Violation phase com-
pared to the Trust Formation and Trust Repair phases. This difference may be explained by the nature
of the explanations of errors. The XAI (explanations) for Miss errors tend to be less informative than
the visual explanations provided for False Alarm. Once participants realized that explanations for Miss
were not helpful, they became less likely to request XAI in those cases.

Generally, during the Trust Violation phase, False Alarm resulted in an increased frequency of See
XAI and Open Baggage over Miss. This pattern may be attributed to the fact that alerts, whether accur-
ate or not, serve as active calls to action, compelling individuals to seek additional information (Meyer
et al., 2014). Additionally, this behavior is consistent with the concept of ambiguity aversion, a tendency
to avoid options with uncertain outcomes (Ellsberg, 1961). A False Alarm could introduce uncertainty
about AI’s reasoning because the AI has incorrectly flagged a safe item as a threat. Participants are
motivated to resolve this ambiguity by verifying the AI decision themselves. In contrast, when the AI
misses an illicit object, there is less perceived uncertainty since the AI did not raise an alert, leading
participants to trust their observations more readily. Even if the Miss is noticed, people may assume it
was an oversight rather than a sign of unpredictable reasoning. Participants were more willing to
request XAI during False Alarm errors might also be due to the expectation of visual explanations for
AI’s positive detection result, compared to the text explanations for the negative detection result. It also
implies a potential for the visual representation of XAI to increase human-AI trust during the phase of
low level of trust (i.e., Trust Violation), motivating participants to engage with the AI and be open to
understanding its reasoning, even when it errs.

The group exposed to False Alarm errors also viewed the AI as more harmful and less trustworthy
than the group that encountered the Miss. This difference might be because visual explanations for
False Alarm errors provide participants with clearer evidence to verify AI mistakes compared to the
text explanations for Miss errors. Once participants identify and understand potential causes of AI
errors through XAI, their subjective perception of AI’s capability decreases.

5.1.3. RQ3: Influence of explanation delivery strategy on trust and perceived trustworthiness
RQ3 addressed how often and when explanations were provided. Our findings show these significantly
impacted participants’ perceived trust in the AI. Participants who were continuously shown explana-
tions reported the lowest levels of confidence and trust in the AI by the end of the task. In contrast,
those who were shown explanations on demand reported the AI to be less harmful and overall trusted
it more. We could attribute this to a trade-off. Participants bombarded with non-stop explanations may
have experienced cognitive overload or explanation fatigue. While each explanation might clarify the
AI’s reasoning locally, the global effect could have been a sense of being overwhelmed or frustrated,
especially in a time-sensitive task. This also highlights that there may be potential tradeoffs between
local and global explanations (Bansal et al., 2021). Additionally, it is also possibile that seeing reasoning
for every prediction, especially when participants noticed AI errors, made them more aware of the AI’s
flaws or trivial rationale which diminished their perceived dependability of the AI (Leichtmann et al.,
2023). These findings resonate with a theme emerging in the literature that transparency does not
equate to trust if not handled judiciously (Von Eschenbach, 2021).

5.2. Implications for supporting human appropriate trust evolution with XAI

Our findings highlight the importance of the thoughtful selection and delivery timing of XAI to
advance human-AI collaboration performance while considering the impact of the type of AI errors.
We found that while example-based XAI, such as Similar Instances, can enhance trust perceptions and
increase agreement with AI decisions when AI results are correct, it can also lead to potentially poor
decision-making during AI errors. Conversely, Saliency Map, which highlights specific regions of an
image that contributed to the AI decision, might lead people to make more informed decisions during
AI errors due to their ability to reveal where the AI’s attention was misplaced. This suggests that the
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effectiveness of XAI may vary across different trust phases. Additionally, as demonstrated in our study,
humans’ trust in AI recovered after exposure to AI errors, returning to levels comparable to or even
exceeding initial trust. This recovery was expected since the AI was deliberately designed for reliable
performance. Thus, restoring human trust in AI can lead to improved overall performance. However,
trust repair may not always be beneficial in real-world settings, particularly when the AI is prone to
errors. This underscores the need to carefully consider when and how to implement trust-enhancing
mechanisms, such as XAI, to ensure trust is appropriately calibrated during human-AI interactions.

In use cases wherein AI errors are not easily detectable by humans, AI-assisted systems could inte-
grate explanations with confidence metrics to reduce over-reliance on AI, helping people gauge the reli-
ability of AI predictions. Employee training on new AI technologies should not only cover its usability
but also its fallibility in edge cases, emphasizing the need for independent verification and reinforcing
the “trust but verify” paradigm, particularly in ambiguous or high-stake decisions. In addition, periodic
reminders of AI’s limitations, such as highlighting inconsistencies in decisions across similar examples,
can further encourage scrutiny. Moreover, AI systems could also allow users to provide feedback on
the AI’s explanations to iteratively improve alignment between users’ mental models and AI behaviors.

Our study also revealed that seeing AI explanations increases the frequency of human compliance
with the AI, as reflected in higher agreement with AI outcomes. However, excessive exposure to XAI
may overwhelm people, resulting in lower perceived trust. Balancing the frequency and timing of XAI
presentations is therefore critical. Explanations should be provided for people at appropriate moments,
including but not limited to when requested or during challenging tasks. For instance, systems could
automatically detect difficult tasks for AI by monitoring performance indicators like prediction confi-
dence and accuracy in similar tasks. In such cases, XAI could be delivered proactively, while users
could retain the option to request explanations for less difficult tasks. This approach could help main-
tain human trust while reducing cognitive overload, which is particularly critical for high-stakes and
time-sensitive tasks. As such, designing adaptive AI systems that incorporate various XAI techniques
and delivery strategies may achieve complementary effects, effectively supporting people at various
stages of trust development. Furthermore, understanding long-term trust dynamics requires considering
how peoples’ trust in AI evolves with their personal experiences and the intent behind interactions over
time. Mechanisms that allow people to provide feedback on their trust and confidence in AI could
enable the system to tailor explanation strategies to better meet individual needs, promoting appropri-
ate trust. This is particularly valuable in situations where AI error is not obvious, and human trust in
AI is hard to predict.

As observed from our study, different factors have varied effects on diverse trust-related measures,
including Agreement with AI, Open Baggage, See XAI, and perceived trust. Even the same behavior,
such as the option of See XAI, can signal different trends in trust growth or decline depending on the
level of human trust in AI at a specific time. These variabilities highlight the importance of viewing
trust as a multifaceted construct when evaluating its dynamics in human-AI collaboration, encouraging
practitioners to approach human-AI trust in decision-making from multiple dimensions.

5.3. Limitations and future work

This research study used a synthetic test environment (STE) and general population participants. Thus,
conclusions and findings regarding trust calibration, the effectiveness of explanation types, and
responses to AI errors should be interpreted with caution. We recognize that novices may differ from
domain experts in how they perceive and respond to AI systems and their explanations (Ehsan et al.,
2024). Experts, due to extensive training and professional experience, may exhibit higher skepticism
toward AI recommendations (Gaube et al., 2021; Nourani et al., 2020a), have established mental models
of what constitutes meaningful explanations, and react differently to error types, particularly missed
detections which carry significant operational consequences in real-world security screening. Future
research should validate these findings with domain experts in realistic operational settings.
Comparative studies involving novices and experts could help in understanding how professional
experience and domain knowledge mediate trust dynamics, AI error perception, and explanation effect-
iveness in AI-assisted security screening. To address this limitation of our work and to validate existing
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findings, we have initiated an ongoing field study involving security officers from the Transportation
Security Administration (TSA).

Our STE also exhibits important limitations that could impact ecological validity. In real-world air-
port security operations, baggage without threats significantly outnumbers threat-containing bags. Our
test environment did not replicate this natural imbalance, potentially influencing participants’ vigilance,
decision-making patterns, and trust responses. Compared to domains such as medical image diagnosis
or pedestrian detection, baggage screening features a lower true positive rate but carries far more severe
consequences for missed detections. These task-specific factors, such as the rarity and severity of errors,
perceived risks, and urgency, can significantly affect operators’ behavior, influencing how they weigh
false positives versus false negatives, how much they rely on AI, and how their trust in AI develops
over time. To improve generalizability, future work should incorporate more realistic threat prevalence
rates, examine various detection contexts with different risk levels, and explore how these task-specific
characteristics interact with explanation methods and strategies to shape human trust and decision
behavior.

Additionally, participants began with 12 consecutive AI-correct tasks to initiate a baseline level of
trust. However, this approach risks inducing an overly strong positive first impression of the AI and
promoting automation bias (Desai et al., 2013; Nourani et al., 2022), leading participants to over-rely
on the AI even when its performance is poor (e.g., during the Trust Violation phase). We also used
simplified task scenarios designed to induce trust violation by presenting participants with AI errors
that were intentionally easy for people to visually verify. This approach might not fully capture the
complexities of real-world situations. In practice, AI models may be more likely to make mistakes in
challenging tasks that are less obvious for people to notice. Errors in such complex scenarios may be
less apparent but potentially more acceptable to people. We also manipulated a specific pattern of
three consecutive errors to cause trust violations. Yet, variations in error frequency (i.e., system error
rate), types of errors, or patterns (e.g., single or mixed error types) could have different effects on
human trust evolution, even in the presence of XAI. Future work should explore varying AI perform-
ance for trust formation to minimize potential biases.

The meaningfulness of the XAI (Nourani et al., 2019) could also influence human-AI trust in
distinct ways. For example, we also did not address the challenge of effectively explaining the
negative results of baggage screening tasks, i.e., AI detected no illicit object in baggage. Future
research could explore how different XAI methods can be used to improve the explanation of
such cases.

And finally, future work could extend to long-term trust evolution (e.g., include more task sessions)
and incorporate a broader range of XAI techniques, XAI communication strategies, and task categories.
This would offer a more comprehensive understanding of how trust evolves in the presence of XAI.
Moreover, advanced statistical models, such as Structural Equation Modeling (SEM), can be employed
to combine people’s various behaviours or trust-related perception scores as a composite measure, ena-
bling a more integrated analysis for the underlying human-AI trust latent.

6. Conclusion

In this study, we explored the impacts of XAI on human trust and human-AI collaborative perform-
ance over time, particularly focusing on how different types of Explainable AI (XAI) techniques, AI
errors, and strategies for delivering explanations impact user trust and decision-making in a high-stakes
AI-assisted decision-making scenario (i.e., baggage screening). Our study measured human trust in AI
from multiple perspectives (e.g., human behavior and perception) and unveiled that human trust was
influenced by various interacting factors such as the type of XAI used and the AI correctness.
Specifically, we observed that Similar Instances and Saliency Map can lead to a comparable level of
human trust in AI, as well as decision accuracy, when AI makes correct decisions. Yet, when AI makes
mistakes, Similar Instances could result in human over-reliance on AI while Saliency Map promotes a
more cautious approach and guides users to make more informed decisions, though they may result in
decreased agreement with AI decisions. In addition, the strategy of providing explanations—whether
consistently, based on task difficulty, or upon request—significantly affects human perceived trust, with
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on-demand explanations leading to higher perceived trust than constant exposure. Besides, the type of
AI error that people experience during the human-AI collaboration can remarkably affect their desire
to know explanations about the AI outcome as well as their confidence in making decisions. In conclu-
sion, the impact of XAI on human-AI trust and collaborative performance over time is complex and
varies with changes in AI performance, different strategies for presenting XAI, and varying types of AI
errors. These insights have crucial implications for designing human-AI collaboration systems, empha-
sizing the need to tailor XAI approaches based on human needs, AI performance, and error contexts if
applicable. To enhance long-term trust and collaboration, systems should consider the multifaceted
nature of trust, providing appropriate explanations that are needed by people for specific tasks. By
understanding and managing the trust evolution, designers can create human-AI collaboration systems
that not only build initial trust but also sustain and adapt it over time, ultimately leading to more
effective and reliable human-AI collaboration.

Notes

1. https://osf.io/6mbk4/
2. https://github.com/MeioJane/SIXray
3. https://osf.io/6mbk4/
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