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1 Introduction
With the deployment of imperfect Artificial Intelligence (AI) in high-stakes decision-making
scenarios, decision-makers struggle with knowing when they should and should not rely on AI
advice, causing frustration and resulting in potentially harmful decisions. As a result, designing
and developing human-centered explanations has become a core theme in human–AI collaboration
research [27, 56, 106]. Tangentially, recent work has proposed new explanation techniques that
leverage machine learning models to explain the prediction of another machine learning model [8,
13, 38, 44, 52, 84, 92, 98, 102, 107, 113]. A subset of these studies propose to exploit language models
to generate natural language explanations for image classifications with the rationalization that
natural language is more “human-friendly” [38, 44, 98]. Aside from natural language explanations,
another subset of recent work proposes advanced content-based image recognition techniques to
generate example-based explanations [8, 84, 107] for visual tasks. These types of approaches to
explainability introduce another level of uncertainty in the collaboration between the decision-
maker and the AI, as explanation models are imperfect [64]. In this article, we investigate the
impact that this additional layer of uncertainty has on decision-makers with different levels of
expertise and cognitive styles during human–AI collaboration.

Human–AI collaboration is prevalent across high-stakes scenarios [19, 57, 100, 105]. For instance,
radiologists collaborate with AI to identify abnormalities in medical imagery [100]; conservationists
use AI to help monitor biodiversity [12], and humanitarian aid uses AI to help identify damaged
buildings after natural disasters or armed conflicts from satellite imagery [64, 114]. While some of
these human–AI collaborations require the decision-maker to have several years of experience in the
given domain, such as radiology, monitoring biodiversity with the help of AI does not necessarily
require domain expertise [12, 72]. Platforms, such as iNaturalist [1], Merlin Bird App [2], and
Wildbooks from WildMe.org [3], have allowed non-experts (i.e., citizen scientists, hobbyists, or
students) to partake in monitoring biodiversity alongside domain experts (i.e., ornithologists and
conservationists). While these platforms are valuable for non-experts, the AI models backing them
are imperfect: they do not always provide correct predictions [50].

Experts and non-experts interacting with such an imperfect AI and the same modality of expla-
nations in interaction scenarios (e.g., decision-making [87] or learning systems [95]), could result in
some users misunderstanding or inappropriately relying on/overriding the AI advice. Experts may
have more context outside of the AI’s classification and confidence that a non-expert may not have.
This might result in experts using their context information to appropriately rely on the AI when
advice is provided, such as correctly overriding when wrong AI advice is presented and correctly
using AI advice when it is correct. Non-experts, on the other hand, might be unable to judge the
correctness of the AI advice appropriately as they are missing this knowledge. For example, for
bird species identification, ornithologists tend to be more aware of information related to the visual
differences between the male and female birds for a given species, the bird’s habitat, and migration
patterns, whereas non-experts may not know some or all of that information. This same situation
can arise in radiology, where residents (“non-experts”) may initially be less familiar with certain
diseases than an attending radiologist (“experts”). However, both experts and non-experts can
struggle to identify certain species. In this case, collaborating with AI can result in Complemen-
tary Team Performance (CTP), leveraging the unique knowledge of both humans and AI. This
results in the human–AI team’s task performance being better than the human or AI alone [37].

Inappropriate reliance can also occur in the presence of imperfect Explainable AI (XAI), a term
that we coined to represent the phenomenon where an explanation can be generally correct or
incorrect. Papenmeier et al. [70] use the term “explanation fidelity” while Kroeger et al. [52] use the
term “faithfulness” to measure how “truthful” an explanation is. We use the term imperfect XAI to
align with existing terms, such as imperfect AI, in the Human–Computer Interaction (HCI)
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community. Specifically, we define imperfect XAI as post-hoc explanation techniques that can
potentially provide explanations that are misaligned with the predicted class.1 Imperfect XAI can
exist regardless of whether the AI’s advice is correct or not [64]. AI explanations may oversimplify
or improperly estimate complex models to make them more interpretable, deceiving and misleading
the human decision-maker. As a result, non-experts may be more prone to under- or over-relying
on AI advice in the presence of incorrect explanations. Within knowledge transfer scenarios, this
could cause the non-expert to learn incorrect information about a given class.

Collaborating with imperfect AI is not a new concept to the HCI community [37, 50, 57]. Despite
numerous user studies over the years investigating human–AI collaborations and XAI, a smaller pro-
portion has formally acknowledged the existence of imperfect XAI in their studies [16, 29, 37, 70, 85].
By formally acknowledging the existence of imperfect XAI in human–AI collaboration, research has
several new interesting dimensions to explore. Although numerous user studies seek to understand
how humans align, perceive, and interact with different types of explanations in various human–AI
collaboration scenarios (e.g., [22, 47]), few studies explore the impact that incorrect or “noisy”
explanations have on human–AI collaboration [37, 42, 70, 103]. Recent work has used techni-
cal approaches to mitigate “noisy” or incorrect natural language explanations [42], and Kroeger
et al. [52] propose metrics to algorithmically evaluate the effectiveness of the generated post-hoc
natural language explanations. We build on the limited literature looking at imperfect XAI by
investigating how the interaction between the correctness of explanations and human factors
(i.e., level of expertise and cognitive style) impacts appropriate reliance on AI, human–AI team
performance, and the extent to which the explanations deceive decision-makers.

Findings from recent empirical studies tend to provide insight into which XAI techniques and
designs are prone to being adversarial to human–AI collaborations. However, conceptual works
from Srinivasan and Chander [96] and Miller [61] argue that these choices should be grounded in
theories from psychology and cognitive science. Consequently, multiple studies in HCI research
have empirically shown that human factors play an important role in the interaction of humans and
AI [79, 80, 91, 111]. Riefle et al. [81] specifically show that the cognitive style (i.e., rational versus
intuitive) plays a significant part in how decision-makers understand explanations [81]. However,
there are other dimensions of cognitive styles (e.g., verbal versus visual [51, 77]) that are yet to be
explored in this context. Prior research indicates that humans with a verbal cognitive style prefer
textual information, while humans with a visual cognitive style learn better from images [78]. These
definitions are core to our study. From a human-centered perspective, it is crucial to understand
how humans with different traits, such as cognitive styles, may be impaired by imperfect AI advice.

The shift in AI research towards understanding human-centered challenges underscores a pro-
found understanding that the effectiveness of AI hinges upon its alignment with human cognitive
processes and human factors [56]. This shift represents a departure from conventional models that
often prioritize technological prowess over the nuanced intricacies of human cognition. However, in
this human-centered discourse on AI-assisted decision-making, research has neglected the impact
of potentially incorrect explanations provided to decision-makers, no matter the correctness of the
AI advice. Imagine a decision-maker who has a verbal cognitive style collaborating with an AI for
an image classification task with visual-based explanations. Since the decision-maker has a verbal
cognitive style, meaning they process textual information better than visual information, they may
struggle to process the visual explanation, let alone determine the validity of the explanation. On
the other hand, decision-makers with a visual cognitive style would likely prefer visual explana-
tions and may do better at identifying if the explanation is misleading or incorrect. Ultimately, the

1We view explanation fidelity or faithfulness as a term that can be used under the umbrella term of imperfect XAI; we view
explanation fidelity as the in-between cases of explanation correctness, such as when an explanation is partially correct.
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decision-maker’s cognitive style and the modality of explanation can prevent the human–AI team
from reaching CTP.

With the growing use of AI models to facilitate decision-makers, we argue that it is necessary
to understand phenomena impacting humans’ decision-making. Such phenomena include the
influence of incorrect explanations on decision-makers, even when the AI advice is correct. We
also argue that it is important to understand the relationship of human factors for different types
of explanations (i.e., visual or textual) on decision-makers’ reliance on AI. Understanding these
dimensions of human–AI collaboration will provide insight to XAI and HCI researchers. With
limited literature exploring these topics, we present the following research questions:

RQ1: How do decision-makers’ level of expertise and cognitive style moderate the effect of
imperfect XAI and different explanation modalities on appropriate reliance on AI?

RQ2 : To what extent does imperfect XAI deceive decision-makers with different levels of
expertise?

RQ3: How do decision-makers’ level of expertise and cognitive style moderate the effect of
imperfect XAI and different explanation modalities on human–AI team performance?

RQ4: To what extent do decision-makers’ visual and verbal cognitive abilities influence the
human–AI team performance for different explanation modalities?

To address our research questions, we employ an imperfect AI model for a bird species identifi-
cation task [38]. We focus on bird species identification because using AI for wildlife conservation
efforts among experts and non-experts is a rapidly growing field in research and practice [101].
Furthermore, it is less difficult to find people with varying levels of expertise in birding than in
radiology who will have time to participate in our study.

Through a mixed-methods study, we answer our research questions by asking participants to
classify bird images in two phases: without any advice from AI (phase 1) and then showing the AI’s
advice and explanation (phase 2). To answer RQ1 and RQ3, we design a research model based on
phenomena from relevant research in HCI and conduct rigorous mixed-effects regression analyses.
Our analyses leverage the appropriate reliance metrics defined by Schemmer et al. [88]. We design
our study to be within-subjects for the correctness of the explanation and between-subjects for the
explanation modality to provide additional insights into RQ1, RQ3, and RQ4. Moreover, we calculate
the magnitude of deception caused by incorrect explanations compared to correct explanations
across both explanation modalities and levels of expertise to account for the impact of imperfect
XAI on humans’ decision-making behavior. This measurement gives us insight into RQ2. As a result
of our study, we contribute the following insights to the HCI community:

—Research Model for Human–AI Collaboration with Imperfect XAI : We propose a research model
for the moderating roles of the decision-maker’s level of expertise and their cognitive styles
on the effect of the correctness of explanations and explanations’ modalities on appropriate
reliance and human–AI team performance.

—Novel Empirical Study: To validate our proposed research model, we conduct the first empirical
investigation that explores human factors (i.e., level of expertise and cognitive style) on the
impact that the correctness of explanations and explanations’ modalities have on appropriate
reliance and human–AI team performance. We do this on a human–AI collaboration sce-
nario across two different modalities of explanations: Natural language explanations and
visual, example-based explanations. Our findings inform designers of human–AI collaboration
systems on how to deploy imperfect XAI from a user-centric perspective.

—Novel Metric for Impact of Imperfect XAI: We contribute a novel metric to the human–AI
decision-making field, accounting for the impact of incorrect explanations on humans’
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decision-making behavior when collaborating with AI. Specifically, we propose the
Deception of Reliance (DoR) caused by imperfect XAI. With DoR, we investigate to what
extent imperfect XAI deceives decision-makers.

— Implications for the Design of AI Support : We provide novel insights on factors influencing
decision-makers when collaborating with an imperfect AI. These insights can help developers
tailor AI and XAI systems to individuals’ needs.

2 Related Work
We situate our contributions in relation to past work about decision-making with imperfect AI/XAI,
the impacts of end-user expertise on human–AI collaboration, and the impact of explanation type
on human–AI collaboration.

2.1 Decision-Making with Imperfect AI/XAI
Numerous studies in the field of Computer-Supported Cooperative Work (CSCW) and HCI
have investigated the impact that imperfect AI has on human–AI collaboration (e.g., [7, 50, 103]).
Kocielnik et al. [50] offer three techniques for setting user expectations about the performance of an
imperfect AI system, including an accuracy indicator, example-based explanations, and performance
control. Through a user study with an AI-powered scheduling assistant, the authors demonstrate
the efficacy of their techniques in maintaining user satisfaction and acceptance. The authors also
demonstrate that the nature of system errors can impact user perception.

Several recent studies investigate how programmers collaborate with Copilot, an imperfect AI
programming assistant (e.g., [10, 23, 103]). One of those studies specifically looks at how to convey
the uncertainty of outputs from Copilot [103]. By highlighting code that will most likely be edited
by the programmer instead of highlighting based on the probability of the code being generated,
they observe that programmers arrive at solutions faster. Furthermore, Dakhel et al. [23] conclude
that GitHub Copilot is valuable for expert programmers but something non-expert programmers
should be cautious about.

Previous studies explore the impact that revealing the confidence of the model’s prediction has
on the human–AI team (e.g., [7, 48, 99]). For example, Kim and Song [48] investigate the effect of
various framings and timings for presenting the performance of an AI system on user acceptance.
Through their user study, the authors reveal that users find AI advice to be more reasonable when it
is not accompanied by information about AI system performance than when it is. When AI system
performance is shown, users consider AI advice to be more reasonable when system performance is
displayed before they make a decision, rather than afterward. However, communicating uncertainty
for image classification in a visual format is under-explored. Recent work conducts a user study
to see how showing the confidence of an AI prediction through a green hue on an image impacts
reliance on AI [99].

Fewer studies investigate imperfect XAI’s impact on human–AI collaboration [70]. Similar to our
contributions, Papenmeier et al. [70] investigate the impact of explanation fidelity on user trust.
They present a user study where participants collaborate with AI of different accuracies and XAI
with different levels of correctness to determine whether a Tweet should be published based on its
content. While Papenmeier et al. [70] investigate how an explanation’s level of correctness impacts
trust, they do not explore the role that a user’s level of expertise plays.

2.2 Domain Expertise and Human–AI Complementarity
There has been a growing interest in understanding the impact that the decision-maker’s domain
expertise has on human–AI collaborations [11, 20, 25, 32, 67, 68, 97, 100, 115]. One recent study inves-
tigates the impact of decision-makers’ domain expertise on task accuracy in a high-stakes human–AI
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collaboration task [20]. Calisto et al. [20] also look at the impact that the assertiveness of natural
language explanations has on human–AI collaboration. Their study presents natural language ex-
planations with varying levels of assertiveness to radiologists with different years of experience on a
mammogram classification task. Their main analysis consists of the radiologists’ task performance.
Unlike Calisto et al. [20], our experiment collects the human’s initial decision before showing the
AI’s advice to the human, allowing us to measure appropriate reliance and assess for CTP.

One study investigates how the level of expertise for Arabic or Indian Numerals from various
versions of MNIST impacts task accuracy and model perception [32]. A similar study shows
clinicians with various levels of expertise four different types of explanations, including visual,
example-based explanations [100]. Similar to our study design, they show participants the three
most similar example images for the example-based explanations. Another study investigates how
practitioners with different expertise levels perceive explanations implemented in a manufacturing
industry context [115]. They observe that practitioners with higher expertise are more accepting of
the explanations. Recent work proposes a research model to identify the impact decision-maker’s
level of expertise has on trust in XAI [11]. Their research model does not consider the correctness
or tone of explanations. Through their online, AI-supported chess experiment, they observe that
expertise negatively affects trust.

While numerous previous works investigate the impact of domain expertise, to the best of our
knowledge, none explore the impact of the correctness of explanations and the level of expertise
on the decision-maker’s reliance behavior together.

2.3 Explanation Modality
In human–AI collaboration scenarios, the human decision-making behavior depends on the type of
explanation provided (e.g., [41]). To validate why we evaluate our research model for two different
types of explanations (i.e., natural language and visual, example-based), we synthesize previous
work that compares multiple different modes of XAI.

Several studies investigate the use of example-based explanations in human–AI decision-making
[18, 22, 26, 41, 112]. Cai et al. [18] propose normative and comparative explanations, different
types of example-based explanations. They evaluate how these explanations impact end-users’
understandability and perception of the AI model in a drawing guessing game. The authors find
the normative explanations to help users better understand how the AI makes decisions when
the model prediction is incorrect. Another article investigates example-based explanations in a
slightly different format from Yang et al. [112].They similarly found the example-based explanations
improve the users’ appropriate trust in the classifier.

In a different study, Du et al. [26] examine the effect of different explanation modalities on
clinical practitioners’ reliance behavior. The authors show no significant differences between
example-based explanations and feature-based explanations. However, they find that different
types of practitioners prefer different modalities from a user-centric perspective. More recent work
compares example-based explanations to feature importance through a think-aloud study [22].
From their mixed-methods study, Chen et al. [22] outline three types of intuition that are employed
when decision-makers reason about AI predictions and explanations, including task outcomes,
features, and AI limitations. The authors use these three intuition types to explain study results in
which feature-based explanations lead to overreliance on AI while example-based explanations
improve human–AI performance.

Several recent works have compared text-based explanations to visual explanations (e.g.
[46, 82, 97]). For example, Kim et al. [46] analyze a unified explanation technique from a human-
centric point of view. In their work, Kim et al. [46] explore visual and text explanations in a user
study.They investigate users’ preferences for different AI interfaces.The authors conclude that users
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prefer local visual explanations in such interfaces over text-based ones. Another study compares
six different types of explanation modalities in an extensive user study [82]. Robbemond et al.
[82] look into the impact of text, audio, graphics, and combinations of the previous modalities on
decision-makers’ reliance on decision support systems. Their results show that combinations of
different explanation modalities lead to higher user performance. Szymanski et al. [97] conduct a
similar study, only evaluating visual and textual explanations.

Based on findings from previous studies that evaluate the impact of various explanationmodalities
on human–AI collaboration, we choose to explore visual, example-based explanations, and natural
language explanations.

2.4 Cognitive Styles
Recent research in human–AI interaction emphasizes human users’ pivotal role in designing and
refining XAI methods [56, 116]. Miller [61] posits that the processing of explanations by humans
is inherently idiosyncratic, with their cognitive styles exerting a significant influence on the
information assimilation process. This notion is consistent with the well-established understanding
that humans tend to “process the same information in different ways” [78, p. 267]. Moreover,
using computational techniques, Riding et al. [78] explore humans’ different cognitive styles. Their
taxonomy encompasses two dimensions: the Wholist-Analytic style, which concerns information
organization, and the Verbal-Imagery style, which concerns the representation of information. The
divergent preferences within these styles are pronounced: Individuals categorized as verbal prefer
textual information, while their visual counterparts exhibit an enhanced ability to absorb knowledge
through visual media [78]. This dichotomy is underscored by the observation that visuals tend
to manifest a cognitive inclination toward mental imagery, while verbals rely predominantly on
verbal constructs [77]. Empirical research, as exemplified in the field of recommendation systems,
questions the perceptual dynamics that underlie the variance in human response to different
styles of explanatory representation [39]. Riefle et al. [81] extend this trajectory by exploring
the relationship between humans’ cognitive styles and their ability to comprehend explanations
generated by XAI.

Notwithstanding the progress made in the XAI landscape and the broader spectrum of AI-assisted
decision-making, the existing body of research falls short in rigorously assessing human cognitive
styles, particularly in high-stakes decision-making scenarios. Consequently, this study seeks to fill
this gap by conducting a human-centered empirical investigation. Its core focus revolves around
exploring the impact of imperfect XAI on humans with different characteristics (i.e., cognitive style).

3 Theoretical Development
The increasing use of explanations to reveal the rationale behind AI predictions has led to a
rise in research examining the impact of explanations on decision-makers’ behavior [24, 54, 87].
As imperfect AI is utilized more within high-stakes contexts, such as decision-making in the
medical sector, research has focused on the impacts of potentially inaccurate AI advice on humans’
decision-making [50, 53, 82]. However, fewer works investigate how imperfect XAI impacts humans’
appropriate reliance on AI advice [70].

Thus, in this work, we draw from the conceptualization on appropriate reliance, previous research
has established [7, 87, 88]. We specifically build on the conceptualization presented by Schemmer
et al. [88] in Figure 1 by adding a new dimension to consider when investigating appropriate reliance
in human–AI collaboration: The correctness of XAI advice. We simplified the correctness of XAI ad-
vice to be a binary case of correct or incorrect in Figure 1. Our conceptualization can be expanded to
non-binary cases of XAI correctness by considering the proportion of the explanation that presents
information that is for or against the prediction, referred to as relevance by Cabitza et al. [16].
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Fig. 1. Different paths that human decision-makers could follow based on receiving AI and XAI advice. This
figure expands on that presented by Schemmer et al. [88] by contributing the XAI advice dimension. The
XAI advice is simplified into correct and incorrect explanations. The green checkmarks represent correct
advice/decisions, while the red “x” represents incorrect advice/decisions .

Introducing this new dimension unveils previously unexplored avenues within the realm of
human–AI collaboration in HCI, offering a conceptual framework that allows for a more profound
comprehension of human decision-making behavior with an AI collaborator. As a result, researchers
can calculate more specific metrics regarding human decisions after receiving the AI and XAI advice.
For example, the ratio of under-reliance based on a correct prediction and incorrect explanation
could be different than when based on a correct prediction and correct explanation. These types of
scenarios should not be overlooked when investigating human–AI collaborations. In Appendix
A.1 and Table A1, we provide additional details of the newly introduced metrics.

With this new dimension for analyzing human–AI collaborations, we investigate the effect
that imperfect explanations have on humans’ decision-making; we investigate this relation in a
sequential decision-making scenario. Based on the constructs of Relative AI Reliance (RAIR)
and Relative Self-Reliance (RSR), we account for the appropriateness of reliance [88].2 RAIR
comprises cases where humans correct their initial incorrect decision by overriding it with the
correct AI advice. On the other hand, RSR comprises all cases in which the human makes an initially
correct decision, the AI system gives incorrect advice, and the human rightly dismisses this advice.
Thus, we use appropriateness of reliance as the dependent variable in our research model (see
Figure 2). Schemmer et al. [88] state that appropriate reliance is necessary to reach CTP. Thus,

2Appropriateness of reliance is the quantitative measurement for appropriate reliance. These terms will be used inter-
changeably throughout the article.
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Fig. 2. Research model for collaborating with imperfect XAI systems. We analyze the moderation of the level
of expertise and assertiveness on the effect of the correctness of explanation on RAIR and RSR.

to follow this line of research, we also explore how the correctness of explanations impacts the
human–AI team performance. Similar to appropriate reliance, we also model the human–AI team
performance as a dependent variable (see Figure 2). In the recent work of Schoeffer et al. [90], the
authors investigate how explanations affect distributed fairness in AI-assisted decision-making.
Their study shows that task-relevant explanations impact humans’ reliance behavior into increasing
stereotype-based errors. We apply these findings to our research model and assume that for the
cases in which the AI provides correct advice, explanations will not only affect the decision-making
behavior but also the human–AI team performance. Accordingly, we hypothesize:

Hypothesis 1: The correctness of explanations impacts humans’ RAIR in human–AI decision-making.
Hypothesis 2: The correctness of explanations impacts humans’ RSR in human–AI decision-making.
Hypothesis 3: The correctness of explanations impacts the human–AI team performance in hu-
man–AI decision-making.

As explanations in human–AI decision-making are used to make AI advice more interpretable
and understandable to humans, recent research investigates different explanation modalities to
reveal the impact on humans’ decision-making. Cai et al. [18] analyze how visual, example-based
explanations affect end-users’ understanding and perception of the AI model. Kim et al. [46] explore
users’ preferences for different interfaces and compare visual and textual explanations. Similarly,
Robbemond et al. [82] shows that combining different modalities leads to higher performance when
humans collaborate with an AI. These works show that different modalities impact decision-making
behavior differently.Thus, we assume that in our study, the explanation modality will affect humans’
reliance on AI and the human–AI team’s performance. We hypothesize:

Hypothesis 4: The explanation modality impacts humans’ RAIR in human–AI decision-making.
Hypothesis 5: The explanation modality impacts humans’ RSR in human–AI decision-making.
Hypothesis 6: The explanation modality impacts the human–AI team performance in human–AI
decision-making.
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One crucial factor in this interrelation between imperfect explanations and humans’ appropriate
reliance is the level of domain knowledge that humans possess. Previous work shows that humans’
level of expertise can influence their decision-making [11, 20]. Related research in HCI investigates
the role of domain knowledge in decision-making. Erjavec et al. [28] show in their behavioral
experiment in online supply chains that domain knowledge positively impacts humans’ confidence
in decision-making. Similarly, Dikmen and Burns [25] analyze humans’ reliance on AI when
possessing different levels of domain knowledge. In their study, the authors provide an imperfect AI
and argue that higher domain knowledge leads to less trust in AI. Humans with high domain-specific
knowledge demonstrate an enhanced ability to discriminate between erroneous explanations and
accurate ones with greater rigor [55]. This discernment is facilitated by their extensive expertise,
which empowers them to readily identify and discern false information [9]. With this impact
of domain knowledge on human–AI decision-making, we intend to examine how the effect of
imperfect explanations on appropriate reliance and the human–AI team performance is influenced
by humans’ level of expertise. Similarly, we also intend to examine how the effect of different
explanation modalities on appropriate reliance and the human–AI team performance is influenced
by humans’ level of expertise. Thus, in our study, we hypothesize:

Hypothesis 7: Humans’ level of expertise moderates the effect of the correctness of explanations on
humans’ RAIR.
Hypothesis 8: Humans’ level of expertise moderates the effect of the correctness of explanations on
humans’ RSR.
Hypothesis 9: Humans’ level of expertise moderates the effect of the correctness of explanations on
the human–AI team performance.
Hypothesis 10: Humans’ level of expertise moderates the effect of the explanation modality on
humans’ RAIR.
Hypothesis 11: Humans’ level of expertise moderates the effect of the explanation modality on
humans’ RSR.
Hypothesis 12: Humans’ level of expertise moderates the effect of the explanation modality on the
human–AI team performance.

Consistent with previous research emphasizing the importance of cognitive styles, existing
evidence indicates a complex relationship between cognitive styles and individuals’ understanding
of explanations [81]. Cognitive style theories posit that individuals differ systematically in their
preference for processing verbal versus visual information [78], which may directly affect how
they comprehend and respond to explanations presented by AI systems.

This relationship is particularly relevant in domains involving visually complex decision-making
tasks, such as identifying bird species from images. When explanations are presented in different
modalities—for instance, natural language versus example-based visual cues—users may engage
with or interpret them differently based on their cognitive style. Mismatches between the explana-
tion modality and a user’s preferred cognitive style may hinder comprehension or even lead to
misinterpretation, especially when explanations are imperfect or misleading. Prior work in HCI
has emphasized the importance of tailoring explanation strategies to user characteristics [40, 82],
but limited attention has been paid to the moderating role of cognitive style.

Building on this assumption, we hypothesize that in visually complex task domains, such as
identifying bird species on images, humans’ cognitive styles may have a noticeable impact on their
decision-making behavior.

Additionally, previous work in educational psychology and HCI has similarly shown that mis-
matches between a person’s cognitive style and the modality of information presentation can hinder
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comprehension and performance [33]. These findings suggest that modality-sensitive explanation
design may be essential for effective human–AI interaction.

With prior research investigating not only one explanation modality but a combination of
different ones (e.g., [40, 82]), it is crucial to understand how incorrect explanations might deceive
humans with different cognitive styles. In our study, we thus explore two different explanation
modalities (natural language explanations and example-based explanations) and how humans’
cognitive styles moderate their effect on decision-making behavior. Thus, we hypothesize:

Hypothesis 13: Humans’ cognitive styles moderate the effect of the correctness of explanations on
humans’ RAIR.
Hypothesis 14: Humans’ cognitive styles moderate the effect of the correctness of explanations on
humans’ RSR.
Hypothesis 15: Humans’ cognitive styles moderate the effect of the correctness of explanations on
the human–AI team performance.
Hypothesis 16: Humans’ cognitive styles moderate the effect of the explanation modality on humans’
RAIR.
Hypothesis 17: Humans’ cognitive styles moderate the effect of the explanation modality on humans’
RSR.
Hypothesis 18: Humans’ cognitive styles moderate the effect of the explanation modality on the
human–AI team performance.

Our research model, shown in Figure 2, summarizes the hypotheses that we test in our mixed-
methods study. With this research model, we test for factors that influence appropriate reliance
and human–AI team performance.

4 Methodology
In this section, we describe the task of bird species identification, the experiment design, the
recruitment process of participants, and the development of the explanations we use in the study.
Finally, we end this section by outlining the data we select to use for the study and the metrics we
use to analyze the results.

4.1 Task Domain: Bird Species Identification
Human–AI interaction is becoming core to wildlife conservation efforts [14, 35, 101]. With mobile
devices becoming increasingly powerful, non-experts and experts alike can use AI-powered ap-
plications like the Merlin Bird ID app [2] to identify bird species for monitoring biodiversity and
learning about birds. The popularity of both birding and AI-based image classification techniques
suggests that bird species identification would be a sensible domain to investigate our research
techniques. Furthermore, this task is well-suited for people with a wide range of expertise.

Bird species identification is imperative to conserving and managing species and biodiversity
[5]. Furthermore, the task of fine-grained image classification, such as bird species identification,
is comparable to higher-stakes tasks, such as classifying diseases from medical imagery [100] or
estimating building damage after disasters [64]. For example, radiologists collaborating with an
imperfect AI and imperfect XAI to diagnose diseases present in chest X-rays would go through
a similar visual decision-making process as if they were trying to classify an image of a Bewick
Wren in our study interface. Kayser et al. [44] propose an imperfect natural language explanation
for chest X-rays, similar to the explanation we implement in our study, which helps bridge our
findings between bird species identification and higher-stakes tasks.

Previous studies that focus on human-centered XAI and human–AI collaboration also use the
domain of bird species identification to better understand human–AI collaboration (e.g., [17, 47, 66]).
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Fig. 3. We conduct a rigorous mixed-methods study leveraging a mixed design. Before participants start
the task, they are shown a screening test (a). Participants are assigned an explanation modality (b) for
the human–AI bird identification task. During the task, participants are shown explanations and different
scenarios of correctness (c). Lastly, participants complete a post-survey (d) .

However, few previous works focus on human–AI collaboration for decision-making in the wildlife
conservation domain overall. Yet, the field of AI for wildlife conservation is rapidly growing [101]
and could benefit from research related to CSCW and HCI.

4.2 Study Design
To answer our research questions, we design a mixed between- and within-subjects study to exam-
ine various effects of explanations on appropriate reliance. The institutional review board-approved
study is carefully reviewed by two experienced birders: One experienced birder is a migration
counter for a bird sanctuary, and the other experienced birder holds a graduate degree in environ-
mental science, conducts research at a nature center, and works at a nature conservancy. The study
procedure follows the design outlined in Figure 3 and is divided into four different parts (a)–(d),
which we explain in further detail below.

The study begins with Figure 3(a): In a bird identification test, we assess participants’ expertise
in classifying six different species of birds.3 We distinguish the six bird images based on their level
of difficulty. This difficulty level is derived from discussions with an experienced migration counter
from a bird sanctuary. While previous work collects participants’ self-perception of expertise [47],
this method is subjective—and participants may self-perceive their skills differently. Kazemitabaar
et al. [45] measure participants “experience-level” through log data instead of subjective measures.
We, similarly, try to avoid defining expertise subjectively. For the purpose of our analyses, we
identify two different levels of expertise: Non-experts and experts.

In the next section of the study (Figure 3(b)), participants are randomly assigned to one of
two explanation types. Similar to previous studies [21, 81, 82, 97], the treatments differ in the
explanation modality participants receive: Natural language explanations or visual, example-based
explanations. We use natural language explanations because the AI model we use for the study is
designed to generate natural language explanations based on fine-grained image classifications
[38]. We also choose to look at example-based explanations as recent studies focus on this modality
3Specific birds used for the bird identification test are reported in Appendix A.2.
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Fig. 4. Example of the two phases for a single bird image that a participant is shown in the study. This
specifically shows aMagnoliaWarbler (correct prediction, correct explanation), and this participant is assigned
to the example-based explanations .

in human–AI collaboration [18, 22, 41, 47]. However, recent studies show that example-based ex-
planations have potential benefits. Chen et al. [22] show that example-based explanations improve
humans’ performance, so much so that it leads to CTP. With promising results from previous
research and numerous clinical decision-support tools proposing to incorporate example-based
explanations (e.g., [8, 84]), we find it necessary to investigate the effect of example-based expla-
nations on humans’ appropriate reliance and the human–AI team performance in the context of
imperfect XAI.

The human–AI bird identification task (Figure 3(c)) consists of two phases. For each treatment,
the participants are asked to initially identify the bird species from an image (phase 1 in Figure 4).
After submitting an initial identification, they are shown the AI’s prediction along with the expla-
nation, and again, they have to submit an identification for the bird species in the image (phase 2
in Figure 4). The structure of phases one and two is corroborated with previous work [34]. Initially,
participants must click on a button that shows “Show AI Explanation.” The participant cannot
proceed to the next question without revealing the explanation.This is one way for us to ensure that
the participant acknowledges the presence of an explanation. Overall, participants do this process
for twelve different random bird images, without receiving feedback on their task performance
between questions.

Our study design does not include any training module because our recruitment strategy was
designed to target individuals who had some level of familiarity with birding. Furthermore, our
bird species identification quiz in Figure 3(a) simulates the task that participants would do in our
interface.

As the AI that we are utilizing for identifying the bird species is not perfect [38], the predictions
and explanations provided can be incorrect. To understand how this affects participants’ appropriate
reliance, we ensure that each participant is shown three samples of the following four categories in
random order:

—CC : Correct prediction and correct explanation.
—CI : Correct prediction and incorrect explanation.
— IC : Incorrect prediction and correct explanation.
— II : Incorrect prediction and incorrect explanation.
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Overall, participants are shown twelve different bird species. We ensure that the order is randomized
for each participant. Moreover, we also vary the samples shown, meaning that not every participant
sees the same bird images. This is to ensure that our results are not dependent on the difficulty of
the bird species.

After finishing the task, participants must complete an additional questionnaire (Figure 3(d)).
Additionally, we assess participants’ cognitive styles. We assess the cognitive styles by using the
validated items of Kirby et al. [49] that research in HCI utilizes Riefle et al. [81]. All items are
measured on a five-point Likert scale as recommended by Kirby et al. [49]. The questionnaire
includes an embedded attention validation check to ensure participants are involved and attentive.
Aside from this assessment, we also ask participants about their occupations and the regions in
North America that they are most familiar with regarding bird species.

4.2.1 Recruitment. We recruit the participants through several communication channels related
to the environment and conservation, such as the AI for Conservation Slack, Birding International
Discord, Climate Change AI community forum, WildLabs.net community forum, and Audubon
Society mailing lists. Additionally, we use Prolific as previous research has indicated that this
platform is a reliable source of research data [69, 73]. We apply a custom filter on Prolific to
target individuals who currently work in a field related to nature, science, the environment, or
animals. Overall, we try to limit recruitment to only address people with prior birding knowledge to
minimize the prevalence of novices’ randomly guessing bird species identification. All participants
are required to live in the United States, Canada, or Europe, be over 18 years of age, and be fluent
in English. Based on informal conversations with birding experts from the Birding International
Discord, we decided to include participants from Canada and Europe because bird experts can be
familiar with bird species in North America, regardless of where they live. Eligible participants
who complete the entire study are compensated with a 5 USD payment or an Amazon gift card,
equivalent to a pay of 12.5 USD per hour on average.

After excluding participants who provide incomplete and fake responses (i.e., lorem ipsum
response to our survey question), we have 136 people complete our study.

4.2.2 Participant Statistics. On average, the study takes participants 24 minutes to complete.
In order to distinguish experts from non-experts, we perform k-means clustering (: = 2) based
on a principal component analysis with two components for four features from the bird species
identification test (Figure 3(a)). These four features represent participants’ scores in correctly
identifying the family and species of the easy and the difficult bird images. By clustering the 136
participants into the expert and non-expert groups, we end up with 83 experts and 53 non-experts.
With this clustering, the average bird identification test score (summing up all four scores in the
identification test) for non-experts is 38.99% (()� = 11.42%) while the average test score for
experts is 83.84% (()� = 12.30%).4 Of the 83 experts, 42 see example-based explanations, and 41
see natural language explanations. Of the 53 non-experts, 25 see example-based explanations, and
28 see natural language explanations. In terms of the fields that the 136 participants represent, 45
participants have an occupation primarily related to biology, conservation, and/or the environment.
26 have an occupation primarily related to engineering and/or technology; 30 are either researchers,
students, or affiliated with education in some other way; 24 have occupations in miscellaneous
industries; and 11 are retired.

4Participants performance on the bird identification test is shown in Figure A1, Appendix A.2.
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4.3 Data Selection
We create a dataset of bird images and explanations to show participants by manually curating bird
images from the well-established CUB-200-2011 [104] dataset and explanations from the Generating
Visual Explanations model [38]. The original dataset consists of 11,788 images of 200 different
bird species and is split into 5,994 training and 5,794 test images. Each bird species is represented
with around 60 images of the respective bird class. When curating birds, we first filter for bird
families with several species in the CUB dataset. We specifically filter out every bird class that
is not a part of the Warblers, Wrens, Swallows, Sparrows, or Finches/Grosbeaks families. After
applying this filter, we have 1,864 out of 5,794 images from the test set of CUB-200-2011. Of those
1,864 images, 1,609 are predicted correctly by the AI, and 255 images are predicted incorrectly
by the model.

After filtering the bird species, multiple researchers on our team separately classify the natural
language explanations and the visual, example-based explanations for a subset of the 1,864 birds as
incorrect or correct. Cases of doubt are discussed by a subset of the research team and are excluded
from consideration if an agreement is not met. In total, we identify 10 examples for each category5

and explanation type. Sometimes, the example-based and natural language explanations for a single
bird are used. As a result, the dataset represents 66 different images and 43 different bird species
from the CUB-200-2011 dataset.

We define a correct natural language explanation as one that aligns with the description of the
predicted bird class. We define an incorrect natural language explanation to misalign with all or
part of the description of the predicted bird class. Thus, an incorrect natural language explanation
contains a factual error.This type of incorrectness is present in different natural language techniques
and is a focus of current research [58, 110]. We use descriptions from the Cornell Lab of Ornithology
All About Birds Guide [4] to corroborate our classification for each explanation. Examples of
incorrect and correct natural language explanations are provided in Figure 5.

For the example-based explanations, we define a correct explanation as the three most similar
images belonging to the predicted class (as shown in phase 2 of Figure 4). We define an incorrect
explanation to be most similar to at least one image that is not of the predicted class. This means
that incorrect example-based explanations incorporate logical errors, as the examples shown are
dissimilar from the predicted class. Moreover, such incorrect explanations can hold an inconsistency
as the examples shown might differ in the classes shown. However, we only choose to show
participants incorrect explanations that have at least two images that are not of the predicted class.
For example, in Figure 5, the AI correctly predicts a Nashville Warbler; however, the three most
similar examples are a Painted Bunting, a Yellow-Breasted Chat, and an American Redstart. In some
cases where the advice is correct and the explanation is incorrect,6 the explanation may align with
the ground truth class. For example, for a Tennessee Warbler, the AI predicts an Orange-crowned
Warbler (incorrect advice since the false bird species is predicted), but the three most similar
examples are all of Tennessee Warblers (incorrect explanation since the examples’ bird species do
not align with the prediction). It is possible that a model could be relying on spurious patterns to
make classifications [74]. Since we are dealing with an imperfect AI, we do not choose to exclude
such cases from our dataset.

5 Results
We conduct rigorous statistical analyses to answer our research questions and validate our hy-
potheses. We measure appropriate reliance based on metrics defined in previous work: RAIR and

5The four categories are identified in Section 4.2.
6The explanation does not align with the predicted class.
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Fig. 5. Representative examples of the example-based and natural language explanations for each scenario:
CC, CI, IC, and II. The class of the example-based images in the explanation is not shown to participants during
the study. The study also does not show the red and green coloring on the natural language explanations.
This is only provided in the figure to guide the reader. The natural language explanation for the Cerulean
Warbler is incorrect because this bird species does not have a grey head. The natural language explanation
for the Yellow-billed Cuckoo is incorrect because this bird species is brown with a white belly, has a gold and
black beak, and does not have a black wing .

RSR [88]. We put these constructs in relationship to explanation modalities, the correctness of
explanations, and human factors (e.g., decision-makers’ level of expertise and cognitive style)—and
validate them through regression analyses. We align these analyses to our research model Figure 2.
By doing so, we answer RQ1 in Section 5.1. Furthermore, we analyze the data in more detail and
break it down by explanation modality, the correctness of explanations, and participants’ level of
expertise. By doing so, we also outline how imperfect explanations can deceive decision-makers.
With this, we answer RQ2 in Section 5.2. In Section 5.3, we conduct mixed-effect regression analy-
ses to explore how explanation modality and the correctness of explanation affect the human–AI
team performance. Here, we answer RQ3. To get a deeper understanding of how participants’
cognitive styles affect the human–AI team performance in different explanation modalities and
to investigate which role the correctness of explanation plays, we perform subgroup analyses in
Section 5.4 and answer RQ4. For all of our research questions, we look at two types of explanations:
natural language explanations that are focused on specific features present in the image and visual,
example-based explanations showing the top three most similar example images from the training
set. Overall, we conduct regression analyses to compare the relationship between the corresponding
variables in each subsection. We describe the variables used for each regression analysis in the
respective subsection. Additionally, we use two-sample t-tests to compare means of groups within
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the subgroup analyses to gain further insights into the study’s data. For all analyses, we use the
following threshold for significance: ∗p < 0.1; ∗ ∗ p < 0.5; ∗ ∗ ∗p < 0.01.

5.1 Effects on Appropriate Reliance
To test whether humans’ level of expertise and their cognitive style moderate the relation between
the correctness of explanations and the explanation modality on humans’ appropriate reliance
(see Figure 2), we conduct mixed-effects regression analyses where we model RAIR and RSR as
dependent variables, the correctness of explanations and explanation modality as dependent vari-
ables, level of expertise and cognitive style as moderating variables, cognitive load as a control
variable and the participants’ ID as a random effect. An overview of the results of the regression
analyses is presented in Table A2 in Appendix A.5. The categorical variables are coded as follows:
Explanation modality—natural language explanations = 0, example-based explanations = 1; correct-
ness—incorrect explanations = 0, correct explanations = 1; expertise—inexperienced participants = 0,
experienced participants = 1.

5.1.1 Results for RAIR.

The Correctness of Explanations Has a Higher Effect on Non-Experts’ RAIR. The regression analysis
data for RAIR show that the interaction effect between the level of expertise and the correctness of
explanations is significant (coeff = −1.428, p-value = .001). The negative coefficient indicates that
the positive effect of correct explanations on RAIR is stronger for non-experts than for experts. This
coefficient suggests that, for non-experts, the impact of incorrect explanations on RAIR increases
by approximately 1.43 units compared to experts, indicating a substantial moderating effect. We
plot the moderation effect in Figure 6(a). We can see that non-experts have a higher RAIR for
incorrect explanations than for correct explanations. We can also see that non-experts rely more
often correctly on AI than experts. In Section 5.2, we conduct a subgroup analysis to further analyze
this interesting finding by splitting the data by the explanation modality. The data of the regression
analysis also shows that there is no significant interaction effect between humans’ cognitive styles
and the correctness of explanations. Thus, our results support hypothesis 7, but they do not provide
evidence for hypothesis 13.

The Effect of Explanation Modality on RAIR is Higher for Experts than Non-Experts. We also identify
an interaction effect between explanationmodality and participants’ level of expertise (coeff= 1.372,
p-value = .040). The interaction effect means that for participants with knowledge of the task, the
effect of modality on their RAIR is greater. The effect of explanation modality on RAIR differs by
1.37 units between experts and non-experts, suggesting a meaningful amplification of modality
effects based on expertise. We also note that the two explanation modalities provide different
information, which affects their impact on RSR and RAIR. We plot the interaction effect in Figure
6(b). We can see that experts have a higher RAIR for example-based explanations than natural
language explanations, whereas non-experts have a higher RAIR for natural language explanations
than for example-based explanations. This trend could be because the task becomes more difficult
when example-based images are shown, as now you need to classify the target bird and distinguish
the example birds, which can be difficult for non-experts. The data does not show a moderation
effect of humans’ cognitive style on RAIR. Thus, our results support hypothesis 10, but they do not
provide evidence for hypothesis 16.

Correct Explanations Lead to Participants More Often Correctly Relying on AI Advice than Incorrect
Explanations, and Participants with a Higher Visual Cognitive Style More Often Correctly Rely on AI
Advice. There are no further interaction effects in the data. Thus, we conduct a regression analysis
with the moderators as independent variables to evaluate for direct effects as recommended by
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Fig. 6. The moderating effects on the relationship of explanation modality on RAIR.

Hayes [36] andWarner [108]. The results of this regression analysis show that there is a direct effect
of the correctness of explanations (coeff = 1.209, p-value < 0.001) and visual cognitive style (coeff
= 6.279, p-value = .019) on RAIR. This could be explained by the fact that participants in the study
have to conduct a visual classification task and, thus, can process the visual information better to
judge the AI advice. Thus, our results support hypothesis 1, but they do not provide evidence for
hypothesis 4.

5.1.2 Results for RSR.

The Effect of Explanation Modality on RSR is Higher for Participants with a Verbal Cognitive
Style. The data shows an interaction effect between explanation modality and verbal cognitive
style (coeff = −9.231, p-value = .081). The interaction effect has a negative coefficient, indicating
that the effect of the explanation modality on RSR is higher for non-verbal participants. This
relatively large negative coefficient indicates that as verbal cognitive style decreases (i.e., toward
non-verbal preferences), the influence of explanation modality on RSR increases by over nine
units, pointing to a strong differential effect even though it is only marginally significant. This
effect might also stem from the aspect that example-based explanations provide different kinds of
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Fig. 7. The moderating effect of verbal cognitive style on the relationship of explanation modality on RSR.

information and patterns (e.g., consistency across the three examples) that might make it easier for
humans to identify as incorrect. We illustrate the interaction effect in Figure 7. The figure shows
that verbal participants have a higher RSR for natural language explanations, while non-verbals
have a higher RSR for example-based explanations. This can be rationalized by the fact that those
participants process textual information better and thus achieve higher correct self-reliance for
these natural language explanations than when visual, example-based explanations are shown.
Thus, the marginally significant results show a trend for hypothesis 17 and the relationship of the
explanation modality on the cognitive style.

Participants Rely More Often Correctly on Themselves When the Explanation Is Incorrect. As no
further interaction effects exist, we leave out the non-significant interaction terms and perform
another regression analysis. We find that the correctness of explanations (coeff = −.719, p-value
= .001), expertise (coeff = 3.097, p-value < .001) and visual cognitive style (coeff = −5.105, p-value
= .049) have a direct effect on RSR. The coefficient of the correctness of explanations is negative,
which might be because participants can determine incorrect AI output based on the explanation
and thus rely more often on themselves in these cases. More expertise leads to a higher RSR, and
participants with a visual cognitive style more often incorrectly rely on themselves. This is an
interesting finding as it shows that inexperienced participants oftentimes do not correctly rely
on themselves—potentially explained by their lack of knowledge—and that participants with a
visual cognitive style seem to rely on themselves less appropriately. To disentangle these effects, we
conduct subgroup analyses in the next subsection for the level of expertise, explanation modality,
and correctness of explanations. Thus, our results support hypotheses 2 but they do not provide
evidence for hypotheses 5, 8, 11, and 14.

5.2 Subgroup Analyses for Factors Impacting Human–AI Decision-Making Behavior
To account for different effects impacting RAIR and RSR, we conduct subgroup analyses to derive
further insights from factors influencing appropriate reliance. In Figure 9, we compare RAIR and
RSR for both levels of expertise and the correctness of explanations. We show this comparison for
example-based explanations (the figure on the left side of Figure 9) and natural language explana-
tions (the figure on the right side of Figure 9). By measuring RAIR and RSR for incorrect and correct
explanations separately, we can calculate the deception caused by imperfect XAI (refer to Equation
(A5) in Appendix A.4). We show how explanations can deceive decision-makers for different levels
of expertise (experts vs. non-experts) and the correctness of explanations (correct vs. incorrect).
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The figure shows that experts have a higher RSR than non-experts for incorrect and correct
explanations across both modalities, validating that experts rely more on their initial decisions
when given AI advice. The most striking result that emerges from the data is that, for example-based
explanations, we observe that experts have a significantly higher RSR for incorrect explanations
(RSR = 0.57) than correct explanations (RSR = 0.29), resulting in a negative �>''(' of −0.28
(p-value < 0.001). As a result, experts are more often falsely relying on the incorrect AI advice
when provided with correct example-based explanations.7 This means that experts are prone to
being misled by correct explanations when the AI advice is incorrect. However, we do not see this
trend for natural language explanations. Here, there is a positive �>''(' of 0.09. For example-based
explanations, the �>''��' is positive, meaning that experts rightly follow correct AI advice more
often when provided with correct explanations than with incorrect explanations. Similarly to the
RSR cases, for the RAIR cases, the experts are being provided with three consistent examples
for correct explanations that represent the AI’s correctly predicted bird species. The incorrectly
provided explanations represent three images that can be inconsistent in the bird species. Thus,
experts are deceived by such incorrect explanations, even though the AI advice is correct.

Non-experts have a similar �>''(' in both modalities, indicating no difference in their RSR
between correct and incorrect explanations. However, non-experts follow the correct AI advice for
correct example-based explanations more often than for incorrect ones. For the latter, the three
examples can show inconsistent bird species that are different from the image’s ground truth.
Thus, the �>''��' for non-experts is at 0.26. Interestingly, for natural language explanations, the
incorrect explanations are not as misleading (�>''��' = 0.03). This means that non-experts are
not misled by incorrect explanations in natural language as much as by visual, example-based
explanations. In general, non-experts have a higher RAIR than experts.

Overall, participants have a higher �>'('��', '(') for example-based explanations (experts:
�>'('��', '(') = 0.32; non-experts: �>'('��', '(') = 0.26) than for natural language explana-
tions(experts: �>'('��', '(') = 0.11; non-experts: �>'('��', '(') = 0.06). This means that the
correctness of example-based explanations especially has an impact on humans’ decision-making
behavior. Following the analyses of different factors influencing decision-makers’ appropriate
reliance, we explore how these factors impact the human–AI team performance in the following
subsections.

5.3 Effects on CTP
To explore not only how the correctness of explanations in different modalities and human factors
influence decision-making behavior when humans collaborate with an AI but also to understand
how these factors impact performance, we reveal the impact of these factors on human–AI team
performance. With this, we answer RQ3. Such an analysis is especially crucial to effectively deploy
AI within real-world applications and gain insights into factors that can lead to CTP [37]. Schemmer
et al. [88] outline that RAIR and RSR are two factors impacting CTP. Analyzing CTP allows us to
connect it to decision-makers’ reliance behavior and reveal the role that explanations’ correctness
and modality, as well as human factors, play. For this analysis, we perform the same regression
analysis as in Section 5.1 but this time with human–AI team performance as the dependent variable.
The results are shown in Table A3 in Appendix A.5. In Figure 8, we show the effect sizes on the
research model.

7Note that correct example-based explanations are consistent in showing three images of the predicted class. Incorrect
example-based explanations represent three images that do not correspond to the predicted class of the AI. Moreover, the
examples shown are not consistent with the bird species displayed in 90% of the correct advice, incorrect explanation cases
and 40% of the incorrect advice, incorrect explanation cases in our study.
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Fig. 8. The results of the regression analyses for our research model.

Fig. 9. Average observed RAIR (correct AI advice) and RSR (incorrect AI advice) for example-based explanations
(on the left side) and natural language explanations (on the right side). We show the average RAIR and RSR
for both levels of expertise as well as correct and incorrect explanations .

 

The Effect of the Explanation’s Modality on Human–AI Team Performance Is Higher for Non-
Verbal Participants. The regression analysis reveals that there is an interaction effect between
the explanations’ modality and the verbal cognitive style (coeff = −11.160, p-value = .044). The
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Fig. 10. The moderating effect of verbal cognitive style on the relationship of explanation modality on
human–AI team performance.

negative effect indicates that the explanations’ modality affects human–AI team performance more
for non-verbal participants. With a coefficient magnitude of 11.160, this effect is high. We display
the moderation effect in Figure 10. The figure shows that verbal participants have a higher RSR for
natural language explanations, while non-verbal participants prefer example-based explanations.
Since no further interaction effects exist, we drop the non-significant interaction terms in the
regression analysis as in Section 5.1. The new regression model reveals a direct effect of expertise on
human–AI team performance (coeff = 2.923, p-value = .002). This data shows that more experienced
participants achieve a higher team performance when collaborating with the AI. Thus, our results
support hypothesis 18 but they do not provide evidence for hypotheses 3, 6, 9, 12, and 15.

The insights of themoderation analyses on human–AI team performance are twofold: First, we see
that the explanation modality impacts human–AI team performance—and the verbal cognitive style
moderates this effect. This finding seems intuitive, as participants are presented with textual and
visual explanations, so their cognitive style impacts the relationship of the type of explanation on
human–AI team performance. Additionally, as the different explanation modalities contain different
information, they also affect decision-making differently. Second, the expertise of participants
influences the human–AI team performance. Thus, we conduct subgroup analyses in the next
subchapter to better understand these effects and answer RQ4.

5.4 Subgroup Analyses for Factors Impacting Human–AI Team Performance
5.4.1 Level of Expertise on Human–AI Team Performance. As the analyses in Section 5.3 reveal,

the level of expertise impacts human–AI team performance.Thus, in comparing the human–AI team
performance for different levels of expertise, we gain further insights for a deeper understanding
of how to achieve CTP. Figure 11 presents the performance of AI and humans for each treatment.

Analysis for Non-Experts versus Experts. In Figure 11, we see that when experts are paired with
the AI, their performance improves by 8.74% for the natural language modality and 9.53% for the
example-based modality. When experts are paired with AI, they perform 6.91% better than
the AI alone for natural language explanations and 5.36% for example-based explanations. While
experts reach CTP, we do not see this for non-experts. However, we do see that the non-experts
greatly improve their performance and nearly match the AI’s performance when paired with
the AI. Specifically, non-expert participants who see the natural language explanations improve
their performance by 39.58% (task accuracy of 45.83%), while non-expert participants who see the
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Fig. 11. The average overall performance of the human, AI, and human–AI teams for identifying 12 birds. The
bar chart on the left shows the performance of the non-experts, while the bar chart on the right shows the
performance of the experts .

example-based explanations improve their performance by 34.67% (task accuracy of 43.00%) when
paired with the AI.

Analysis for Incorrect versus Correct Explanations. We can separate this figure into correct and
incorrect explanations. When we only consider cases with correct explanations (Figure A2 in
Appendix A.6, the non-experts’ task accuracy is approximately the same as the AI alone: 48.81%
for natural language explanations and 49.33% for example-based explanations. Experts reach CTP
in both modalities. When only considering incorrect explanations (Figure A3 in Appendix A.6), we
still observe CTP for the experts. However, the accuracy of non-experts’ task fulfillment suffers
more when incorrect explanations are shown. Non-experts’ task accuracy for natural language
explanations is 42.86% and 36.67% for example-based explanations.

5.4.2 Cognitive Styles on Human–AI Team Performance. We further conduct subgroup analyses
based on these factors to understand the relationship between cognitive styles and imperfect
explanations of human–AI team performance. When shown correct and incorrect natural language
explanations, we report the average human–AI team performance for each cognitive style. We
specifically analyze whether the human–AI team performs better than the human or AI alone for
each cognitive style.

When explanations are correct, we observe that participants with a verbal cognitive style have
the highest human–AI team performance (63.54%), achieving CTP (human performance = 43.75%).
When we separate out the participants with a verbal cognitive style into experts and non-experts,
we see that experts with a verbal cognitive style have the highest human–AI team performance
(60.70%), while the non-experts with a verbal cognitive style have the same human–AI team
performance as the AI alone (50%). While the participants with a verbal cognitive style still achieve
CTP for incorrect explanations (51.04%; human performance = 35.42%), they do not have the highest
human–AI team performance.
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Fig. 12. Differences in human–AI team performance when shown different explanation modalities.

For incorrect explanations, participants who identify with both visual and verbal cognitive styles
have the best human–AI team performance (54.44%), achieving CTP (human performance = 38.89%).
This trend is also seen for experts and non-experts who identify with both visual and verbal
cognitive styles. This is possibly the case because the task itself requires processing images, and the
explanation requires processing text. Those with a visual cognitive style have the lowest human–AI
team performance when explanations are correct (50.00%) and incorrect (44.05%). Interestingly,
the participants with visual cognitive style do not achieve CTP when given natural language
explanations. Given that the explanations are in a natural language format instead of a visual
format, those with a visual cognitive style will struggle to integrate these explanations into their
decision-making.

5.4.3 Impact of Imperfect XAI by Different Cognitive Styles and Human–AI Team Performance.
We measure the impact of imperfect XAI on the human–AI team performance by looking at the
difference in performance when shown correct and incorrect explanations for each cognitive style.
A positive difference means that human–AI team performance is worse when shown incorrect
explanations than correct explanations. A negative difference value means that human–AI team
performance is better when incorrect explanations are shown than correct explanations. The
difference for each cognitive style is shown in Figure 12(a).

We observe that those with a verbal cognitive style are most impacted when collaborating with
an AI presenting incorrect natural language explanations (see Figure 12(a)). When shown incorrect
versus correct explanations, the difference in human–AI team performance for those with a verbal
cognitive style is 12.50%. Compared to participants who identify with both styles, we can see a
trend that the difference in human–AI team performance is lower. Compared to participants who
do not identify with either style, the difference in human–AI team performance is significantly
higher. This difference in human–AI team performance could be attributed to how people with a
verbal cognitive style rely on textual explanations, causing greater impact when the explanation is
wrong. Participants with a visual cognitive style also decrease in human–AI team performance by
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5.95% when shown incorrect natural language explanations. The human–AI team performance of
participants who identify with both visual and verbal styles is only slightly worse when incorrect
natural language explanations are shown. Because these participants identify as processing both
types of information well, it is possible that they rely solely on textual information than people
with a verbal cognitive style and rely less on the explanations for this visual classification task.

We observe that the participants who do not identify with either cognitive style have the
highest team performance (56.32%) when the explanations are correct, achieving CTP (human
performance = 39.08%). However, when shown incorrect explanations, the human–AI team per-
formance for this subgroup of participants drops below 50%. It’s possible these participants are
following the AI advice without carefully processing the explanations.

Similar to the natural language explanations, we again see that the human–AI team performance
for participants with a verbal cognitive style is impacted the most by the incorrect example-based
explanations. We observe that those who identify with both cognitive styles are impacted the least.
The marginally significant comparison to verbal participants shows a trend that their human–AI
team performance is higher than that of those who identify with both cognitive styles. This could
possibly be due to the explanations consisting of both visual and natural language formats. These
findings also reveal that those with a visual cognitive style can make sense of incorrect explanations
more than those with a verbal cognitive style.

6 Discussion
In our work, we investigate how imperfect XAI impacts humans’ decision-making when collab-
orating with AI. More precisely, we assess how imperfect explanations affect humans’ reliance
behavior and examine the effects on the human–AI team performance. To answer our RQs, we
assess the validity of our research model for two different types of explanations: Natural language
explanations and example-based explanations. Previous research emphasizes the need to consider
imperfect AI when designing for human–AI collaboration [50]. With recent research looking into
how humans and AI can achieve CTP [7], Schemmer et al. [88] conceptualize the role of appropriate
reliance in human–AI collaboration. We extend the framework of Schemmer et al. [88] by adding
another dimension: The correctness of XAI advice. Given that an explanation can be incorrect
even if the AI advice is correct, it is crucial to understand the impact of incorrect XAI advice
on decision-making. Furthermore, it is necessary to understand the impact of imperfect XAI for
different types of explanations. Below, we discuss how our contributions are situated in the current
literature and the implications for HCI.

The Impact of Imperfect XAI Depends on Participants’ Knowledge. In our study, we observe a
significant moderation of humans’ level of expertise on the effect of explanations’ correctness
on RAIR. However, we do not see this moderation for RSR. When humans are provided with
wrong AI advice, their level of expertise does not moderate the impact of imperfect explanations
on humans’ RSR. We do see a direct effect of the level of expertise on RSR in both explanation
modalities. Additionally, the correctness of explanations impacts RSR negatively for example-based
explanations. Overall, our work synthesizes how humans’ level of expertise impacts their reliance
on AI when provided with imperfect explanations. Non-experts rely more on AI than experts,
whereas experts rely more on their initial decisions. Especially for example-based explanations,
imperfect XAI deceives experts’ self-reliance and experts’/non-experts’ RAIR, inappropriately
relying on the AI. Thus, this study sets a starting point for investigating the effect of imperfect XAI
on different explanation modalities.

Our Findings Show That Imperfect Explanations Impact Human–AI Team Performance. Hemmer
et al. [37] argue that interpretability is a key component of human–AI complementarity. Previous
user studies fail to show that incorporating XAI into AI systems can lead to CTP [31]. However,
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with a new dimension of XAI advice in Figure 1, we can contribute to the current literature by
investigating how the correctness of explanations affects CTP. By calculating the participants’
performance before and after seeing the AI and XAI advice, we can determine whether CTP exists
in the presence of imperfect XAI. We observe that experts reach CTP when imperfect explanations
are provided. This holds true for natural language and example-based explanations. While non-
experts do not reach CTP, our analyses reveal that their performance can be improved to be similar
to that of the AI performance. Moreover, there is a difference between reaching CTP when the
correctness, or fidelity, of the explanation changes (see Figures A2 and A3 in Appendix A.6).
Previous research discusses the impact of explanations’ fidelity on humans’ reliance on AI and
hypothesizes that fidelity positively impacts humans’ reliance behavior on AI [37]. Our results
confirm this hypothesis. Furthermore, Papenmeier et al. [70] observe that low-fidelity explanations
(or incorrect explanations) impact user trust in AI when the global model performance is around
75% accurate, which helps validate our findings. We also observe that the lack of expertise among
non-experts impacts their task performance when shown incorrect explanations, regardless of the
AI advice being correct (Figure A3 in Appendix A.6). Similar to our findings, Nourani et al. [67]
observe that non-experts tend to over-rely on AI advice, attributing this to their inability to identify
when the AI is incorrect because of their lack of expertise. Our findings contribute to a more
integrated understanding of the impact of human–AI decision-making on different user groups in
the presence of imperfect XAI. For example, our results can inform managers on how to assign
tasks to humans with varying levels of expertise and provide them with explanations in different
modalities. It could also lead to organizations modifying their human–AI collaboration workflows.
From informal conversations with the product team of an AI decision-support tool8 for biologists
and conservationists to classify species and identify individuals from camera trap imagery, we
learn that organizations using the tool modify their workflow to incorporate “checks-and-balances.”
For example, intro-level biologists collaborate with the AI to match individuals and then request
a review of their “human–AI team” decision from a higher-up. In this unique human-human–AI
collaboration scenario, the expert biologist could potentially correct situations when an intro-level
biologist over-relies on AI advice because of an incorrect explanation.

Visual, Example-Based Explanations Can Be More Deceptive Than Natural Language Explanations.
To account for the impact of imperfect XAI on humans’ appropriate reliance, we establish a novel
metric DoR, to measure the difference in RAIR and RSR for correct and incorrect explanations.
Our results indicate that people are more deceived by example-based explanations than by natural
language explanations. Regarding RAIR (note that in RAIR cases, the AI advice is correct), experts
and non-experts are deceived by incorrect explanations. In terms of RSR (note that in RSR cases,
the AI advice is incorrect), we find that the correctness of example-based explanations impacts
RSR, while this is not the case for natural-language explanations. This suggests that participants
may be more sensitive to inconsistencies or misleading cues in visual explanations than in textual
ones. One possible interpretation is that visual comparisons, such as showing three visually similar
bird species, make contradictions between the AI’s prediction and the explanation more salient.
For instance, if a participant notices that the examples do not resemble the query image—or that
the examples vary among themselves—they may be more inclined to doubt the AI and revert to
their own judgment. This type of visual mismatch might trigger a stronger corrective reaction than
ambiguous or subtly incorrect textual explanations, which could be less obviously flawed or more
easily misinterpreted. Additionally, visual explanations might activate pattern-recognition processes
that experts especially rely on, which—when violated—prompt self-reliance. This aligns with prior
findings that visual information, while powerful, can overwhelm users and pose challenges [97].

8WildMe.org.
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Additionally, experts are deceived by correct explanations. This is an interesting observation that
the consistency of the visual examples may explain. For correct advice, incorrect explanations cases,
the XAI is providing three visual examples that show a different bird species than the bird species
on the image to be classified (see Figure 5). Moreover, these three visual examples can belong to
different bird species since the XAI is choosing the top three most similar bird images (in our study,
this is in 90% of all correct advice, incorrect explanation cases). This inconsistency in example-based
explanations might deceive experts and non-experts into no longer relying on AI when they identify
visual differences in the images provided as explanations, disregarding the correct AI advice. We
discover the same behavior for experts for incorrect advice, correct explanation cases. In those cases,
the explanations consist of three images of the same bird species as the AI predicts. The incorrect
explanations consist of three images that can be inconsistent in the bird species shown (in our study,
this in 40% of all incorrect advice, incorrect explanation cases). Thus, this inconsistency in examples
might deceive experts into no longer relying on themselves when they identify three consistent
examples shown, disregarding the incorrect AI advice. Hence, the DoR of experts and non-experts
is positive for RAIR cases as incorrect explanations deceive them, while experts additionally have a
negative DoR and are deceived by correct explanations. Note that the overall RSR for experts is
still higher than non-experts’ RSR; the impact on deception caused by imperfect XAI is higher.

Our Findings Can Guide Researchers and Practitioners on How to Assess and Design for Imperfect
XAI in Human–AI Collaborations. Regardless of the modality of the explanation, it is important to
understand how humans interact with imperfect XAI. Visual explanations, such as example-based
explanations and saliency maps, have been shown in the past to be of high educational value to
the end-user (e.g., [47, 60]), making it even more important to understand how to design for and
mitigate imperfect XAI.This need is intensified with the role AI takes in organizational learning [95].
While our study is situated in a constrained bird identification task, the core insights—such as how
imperfect explanations impact trust and reliance differently based on expertise—may be informative
for domains where visual classification is central and expertise varies (e.g., medical imaging,
biodiversity monitoring, quality control). In such contexts, AI systems can support knowledge
transfer and help organizations retain and distribute expert knowledge [43, 94, 109], although
further domain-specific validation is needed. Rather than providing direct prescriptions, our findings
should be seen as a step toward understanding the nuanced effects of imperfect XAI that knowledge
managers may eventually consider when evaluating human–AI workflows.

Building on Our Study’s Findings, Several Implications Emerge for the Types of Intelligent Tech-
nologies Used When Interacting with AI Systems and the Design Considerations They Require. Our
findings suggest that imperfect XAI systems should consider human cognitive styles—such as
verbal and visual cognitive styles—and expertise levels, as doing so may lead to improvements
in human–AI collaboration. For instance, AI systems supporting decision-making in high-stakes
scenarios, such as medical imaging or biodiversity monitoring, could integrate adaptive explanation
modalities to better align with the user’s cognitive preferences. Furthermore, as our results show,
the presence of imperfect explanations can mislead users and reduce the effectiveness of human–AI
teams. This underscores the need for intelligent technologies to incorporate mechanisms that detect
and mitigate the effects of explanation errors, such as confidence metrics or interactive feedback
loops. By embedding these design principles, intelligent technologies can better support human
decision-making, improve team performance, and reduce the risks associated with inappropriate
reliance or deception in human–AI collaboration.

Our Findings Show That Human Factors (i.e., Cognitive Styles) Influence the Decision-Making Perfor-
mance in the Presence of Imperfect XAI. In our study, participants conduct a visual classification task.
The data in our study shows a difference in decision-making for humans with different cognitive
styles. In general, humans who identify with a verbal cognitive style are impaired the most by
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imperfect explanations: When shown incorrect explanations, their performance drops the most.
Previous research in HCI that studies humans’ cognitive styles reveals similar findings. Riefle et al.
[81] show that humans who differ in information processing understand explanations differently.
Similarly, Felmingham et al. [30] and Ramon et al. [75] point out the implications of cognitive
styles on humans’ perception of explanations in human–AI decision-making. Building on this,
our findings highlight the need to broaden the human factors considered in XAI research. For
instance, cognitive biases such as confirmation bias or automation bias can influence how users
interpret and act on AI explanations [89]. Future work should explore how explanation design can
mitigate such biases, e.g., through cognitive forcing functions [15]. Additionally, contextual and
task-level factors—including task complexity, uncertainty, and decision stakes—play a significant
role in shaping human–AI interaction [86, 93]. For example, explanations that support effective col-
laboration in low-stakes scenarios may not generalize to high-stakes environments like healthcare
or conservation. Our findings also relate to AI system-level factors, such as model accuracy, which
strongly influence user trust and reliance behavior [71]. The growing body of work on evaluative AI
[62] emphasizes that AI systems must be designed to support not recommendations but to provide
evidence for human decisions. Integrating these perspectives—on cognitive, contextual, task, and
system dimensions—can help guide the development of more robust, trustworthy XAI systems that
account for the complex ecosystem in which human–AI decisions unfold.

Although our findings are specific to visual decision-making and bird species classification, they
highlight implications worth considering and research directions worth exploring in other domains.

7 Limitations and Future Work
We elaborate on various limitations of our study, how they could impact the interpretation of our
results, and identify opportunities for future work.

Lack of Information to Properly Identify Birds. Regarding the ecological validity of our experiment,
it is important to acknowledge how experts actually go about identifying bird species for real-
world tasks. For example, expert birders usually rely on more information than just the visual
characteristics of a bird when determining the bird species, especially for ambiguous cases. For
example, the location and habitat where the bird was spotted can be imperative to determine
the exact bird species within a family. It’s unclear to what extent the lack of this information
influenced our results. Future technical work could consider using this information to help build
more transparent bird classification models.

Correctness of Explanations versus Explanation Fidelity. Throughout our study, we consider expla-
nations to be either incorrect or correct. However, as we mentioned in our work, some explanations
that we classify as incorrect can contain correct evidence, making it difficult to have only a binary
categorization for the correctness of explanations. While we use a binary scale for our analyses,
explanation correctness, or fidelity, can be quantitatively measured continuously and categorized
as low fidelity and high fidelity [70]. Additionally, the correctness of explanations can be mea-
sured along several dimensions. For instance, Cabitza et al. [16] define incorrect explanations
along the two dimensions of coherence and relevance. Cabitza et al. [16] define relevance as
relevant information for the instance that is being explained and coherence as the AI correctly
outlining the reasoning for the predicted class. Luo et al. [59] use a similar approach. Next to
those dimensions, the factual correctness of how the AI is explaining an instance also plays an
important role. Miró-Nicolau et al. [63] define this dimension as faithfulness of explanations. We
encourage future work to explore explanation fidelity using multiple categories instead of two to
understand the differences between low- and medium-fidelity explanations regarding task perfor-
mance and appropriate reliance. This will provide insight into the impact of noisy explanations on
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decision-making, such as when an explanation reveals some information aligned with the ground
truth class and some information aligned with the predicted class.

Nuances of Error Tolerance and Impact. Our study treats AI and explanation correctness as binary
conditions—correct or incorrect—to facilitate a controlled analysis. However, this design choice
overlooks the nuanced spectrum of error tolerance in real-world decision-making contexts. Not
all incorrect AI advice or explanations exert the same influence on decision-makers. For instance,
some incorrect advice may be close to the correct class (e.g., misclassifying a closely related bird
species), and some explanations, although technically incorrect, may still be useful or persuasive
depending on their perceived plausibility or the human’s prior knowledge. This distinction matters,
as prior work suggests that humans may tolerate or even prefer certain types of “helpful” errors
over others that are technically accurate but uninformative [7]. By grouping error types into binary
categories, our study may obscure these nuances. Future research should examine graded measures
of error severity and perceived usefulness to better understand which kinds of imperfections in AI
advice and XAI truly degrade human–AI collaboration and which may be more benign or even
beneficial under certain conditions.

Different Explanations Convey Different Information. The two explanation modalities throughout
our analyses are discussed in terms of similarities and differences throughout the article. Our
main intention is to investigate how our research model holds across different modalities of
explanations. While several previous studies compare multiple different types of explanation
modalities qualitatively and quantitatively (e.g., [22, 26, 46, 47, 97]), we encourage readers to avoid
directly comparing the two explanations because they present different information. Previous
research reveals that different explanation techniques can result in disagreements for the same
dataset [83]. For example, the natural language explanations from Hendricks et al. [38] are feature-
based, providing descriptions of features present in the image [38]. However, the example-based
explanations present three similar images, which is very different information from the natural
language description of features. On top of that, the incorrectness in both explanation modalities
is represented in different ways. While there are factual errors in natural language explanations
that previous research addresses (e.g., hallucination effects of natural language models [92]), there
are logical errors (e.g., inconsistencies) within example-based explanations. This opens avenues
for future research to investigate how different characteristics of explanation modalities impact
AI-assisted decision-making.

Measurements of Cognitive Style. While this study draws on cognitive style theory to interpret
individual differences, we acknowledge that the concept of cognitive styles remains debated within
the psychological literature. Critics have questioned the empirical robustness of cognitive style
constructs, pointing to inconsistent definitions, limited predictive validity, and challenges in mea-
surement reliability [51]. As such, while cognitive style provides a useful conceptual lens, our
interpretations should be viewed with caution and ideally complemented by more operationalized
individual difference measures in future work.

Generalization to Other Image Classification Tasks. Given that the study task was repetitive in
that participants had to classify several bird species, answering the same questions, it is possible
that participants could have become fatigued over time. This fatigue could have impaired their
willingness to exert effort in interpreting the AI explanations, regardless of their cognitive style.
Future work could look into mechanisms to measure and counter such fatigue effects.

8 Conclusion
This article sets out a research model to investigate the effect of imperfect XAI on human–AI
decision-making.Thus far, HCI literature fail to thoroughly scrutinize how explanations’ correctness
affects humans’ decision-making and their reliance behavior on AI. Hence, through a human study
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with 136 participants, we empirically analyze humans’ decision-making and specifically assess
whether their level of expertise and explanations’ assertiveness moderate the effect of imperfect
XAI on appropriate reliance. Furthermore, we explore to what extent incorrect explanations deceive
decision-makers’ reliance on AI.With our findings, wemake several contributions: First, we propose
a research model to investigate the moderation of assertiveness and humans’ level of expertise
on imperfect XAI in decision-making tasks. We thereby extend the existing conceptualization of
appropriate reliance by a new dimension of XAI advice. Second, through an empirical study, we
reveal that imperfect explanations and participants’ level of expertise affect human–AI decision-
making for two different explanation modalities. In addition, we show the effect on CTP and provide
guidance for future studies on how to investigate imperfect XAI in the context of human–AI
decision-making. Third, we propose a novel metric called DoR, which allows us to measure the
impact of incorrect explanations on decision-makers’ reliance. Our results inform designers of
human–AI collaboration systems and provide guidelines for their development. Fourth, we reveal
which role the language tone in explanations plays and outline important dimensions that should
be considered when designing for XAI advice.

Overall, with this work, we reveal the impact of imperfect XAI on human–AI decision-making
by taking into account humans’ level of expertise and explanations’ assertiveness. Extensive and
rigorous research is needed to understand and fully exploit imperfect XAI in decision-making. We
invite researchers to take part in this debate and hope to inspire scientists to participate in this
endeavor actively.
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Appendix A
A.1 Appropriate Reliance with Imperfect XAI
Following the newly introduced dimension, the calculation for RAIR and RSR are adjusted to the
following:
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Table A1. Overview of the Newly Introduced Metrics When Considering Imperfect Explanations .

�('��

Correct self-reliance for the case where the AI gives incorrect advice and a correct
explanation is one when the initial human decision is correct and the final decision is
correct.

$'��
Over-reliance for the case where the AI gives incorrect advice and a correct explana-
tion is one when the initial human decision is correct and the final decision is correct.

�('� �

Correct self-reliance for the case where the AI gives incorrect advice and an incorrect
explanation is one when the initial human decision is correct and the final decision is
correct.

$'� �

Over-reliance for the case where the AI gives incorrect advice and an incorrect
explanation is one when the initial human decision is correct and the final decision is
correct.

���'��

Correct AI reliance for the case where the AI gives correct advice and a correct
explanation is one when the initial human decision is incorrect and the final decision
is correct.

*'��
Under-reliance for the case where the AI gives correct advice and a correct explanation
is one when the initial human decision is incorrect and the final decision is correct.

���'��

Correct AI reliance for the case where the AI gives correct advice and an incorrect
explanation is one when the initial human decision is incorrect and the final decision
is correct.

*'��

Under-reliance for the case where the AI gives correct advice and an incorrect expla-
nation is one when the initial human decision is incorrect and the final decision is
correct.

A correct AI explanation corresponds with the AI’s advice, no matter if the advice is correct or incorrect. For a classification
task this means the following: If the AI gives incorrect advice and the explanation is correct, the explanation aligns with
the incorrectly predicted class.

A.2 Bird Identification Test
The bird identification test consists of images of six images: three “easy” common bird species and
three “hard” bird species. The three “easy” common bird species were selected with the intention
that most beginning birders would be familiar with them. For the “easy” common bird species,
participants have to identify aDownyWoodpecker, aHerring Gull, and a Ruby-Throated Hummingbird.

For the “hard” bird species, participants have to identify a female Hooded Warbler, a Blue-
headed Vireo, and a Chestnut-sided Warbler. The female hooded warbler is chosen because it looks
significantly different than a male Hooded Warbler and requires a higher level of expertise to be
able to correctly identify that. The Blue-headed Vireo is chosen because it visually looks very similar
to the Philadelphia Vireo, again requiring a higher level of expertise to correctly identify that. Lastly,
the Chestnut-sided Warbler is chosen because there are several different species in the Warbler
family, and they are easy for non-experts to mix up.

In Figure A1, we show the performance on the bird test based on the experts and non-experts
grouping we do.
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Fig. A1. The left half of this figure shows how participants (experts and non-experts) perform on average for
the easy birds and three hard birds. We calculate their family accuracy as well as species accuracy. The right
half of this figure shows the average overall score by combining the four scores from the left .

A.3 Explanation Modalities
Natural Language Explanations. The natural language explanations are generated by the model
proposed by Hendricks et al. [38]. We follow the PyTorch implementation [6] of the model by
Hendricks et al. to obtain the natural language explanations since the original model from Hen-
dricks et al. is unavailable. After running the test images through the model, a natural language
explanation is generated for each classification. For example, the natural language explanation for
the Magnolia Warbler in Figure 5 is: “this is a bird with a yellow belly black stripes
on its breast and a grey head.”

Example-Based Explanations. Previous work creates example-based explanations, specifically
normative explanations, by calculating the Euclidean distance between the given image and the
images in the dataset [18]. Another study generates the example-based explanation by calculating
the !2 distance of the embedded features [65]. We generate the example-based explanations by
following methods used in previous works [8, 100]. As done by Tschandl et al. [100] and Barata and
Santiago [8], we calculate the cosine similarity between the extracted feature vector of the given
image and the rest of the extracted feature vectors of the images in the training set. Unlike Barata
and Santiago [8], we choose not to take the example’s ground truth class into consideration. The
extracted features from the images were provided by Hendricks et al. [38]. Because the model is not
perfect, the example-based explanations are also not perfect. For example, even though the model
correctly predicted an image of a Nashville Warbler in Figure 5, the three most similar images are
of three different birds. For this study, we consider an example-based explanation to be incorrect if
two of the three examples are of a different class than the predicted class. Inspired by Ford et al.,
we show participants the three most similar examples [32].

We do not provide additional details on the assertiveness component of the explanations as
we did not find any statistical significance between experts and non-experts. Please refer to for
additional details and findings in [64].

A.4 Quantitative andQualitative Metrics
Quantitative Metrics. We quantitatively calculate appropriate reliance across the four dimensions
defined by Schemmer et al. [88]: Correct AI reliance, correct self-reliance, under-reliance, and
over-reliance. Accordingly, correct AI reliance measures the number of correct decisions when the
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human’s initial decision is incorrect, and the human is rightly taking over the correct AI advice.
Correct self-reliance is when the human initially makes the correct decision and does not overwrite
their decision with the incorrect AI advice. On the other hand, under-reliance reflects the case in
which the human initially makes an incorrect decision and does not adhere to the correct AI advice.
Contrarily, over-reliance represents the scenario in which the human makes an initial correct
decision but overrides her own decision with the incorrect AI advice. Following the appropriate
reliance metrics defined by Schemmer et al. [88], we calculate RSR and RAIR to account for the
appropriateness of reliance.

With the new dimension for XAI advice, we can separately measure RAIR and RSR for correct
and incorrect explanations and derive its impact on appropriate reliance. To measure this impact,
we look at the DoR caused by imperfect XAI. For RAIR, we can apply the following:

�>''��' = '��'� − '��'� . (A3)

In this equation, the subscript � represents incorrect explanations, whereas the subscript� represents
correct explanations. We can compute the same for RSR:

�>''(' = '('� − '('� . (A4)

In order to measure the overall deception impact of explanations on humans’ decision-making
behavior, we compute the deception on appropriate reliance by calculating the Gaussian distance
in the RAIR-RSR space between incorrect and correct explanations:

�>'('��', '(') =
√
('��'� − '��'� )2 + ('('� − '('� )2 . (A5)

According to the conceptualization of Appropriateness of Reliance by Schemmer et al. [88], this
results in the following:

�>'�>' = �>'� ('��', '(') −�>'� ('��', '('). (A6)

This difference represents the deception between the correct and incorrect explanations. If the
deception is a positive value, then incorrect explanations are more deceptive; if the difference is a
negative value, then correct explanations are more deceptive. For instance, if ornithologists use
an AI application to help them classify birds species for which they are supported through advice
and explanations, DoR measures the impact of the correctness of explanations on their reliance
behavior. By taking into account RAIR and RSR, it is possible to quantify how much an incorrect
explanation leads to over-relying or under-relying on the AI compared to correct explanations. If all
the AI application’s support for incorrect explanations lead to a lower correct self-reliance (all the
instances in which the human is correct, the AI is incorrect, and the human relies on themselves)
compared to correct explanations, then DoR would be positive and quantify how high this negative
effect of incorrect explanations is.

The assessment of participants’ cognitive styles relies on rigorously validated items, as initially
proposed by Kirby et al. [49], originating from the work of Richardson [76]. Overall, participants
have to rate ten items for each cognitive style (verbal and visual) on a five-point Likert scale.
We separate participants into visual and non-visual groups (and similarly for the verbal style) by
differentiating participants based on the sum of their ratings and comparing them to the median.

Lastly, as defined by previous work (e.g., [7, 34, 37]), we can calculate the human–AI team
performance to determine if CTP exists. Following the constructs defined in those previous works,
we determine if CTP exists by calculating the participants’ performance in identifying the bird
species before and after they see the AI advice and compare this to the performance of the model
on the twelve birds images shown to the participant. We utilize accuracy as the performance
metric. Since every participant is shown six birds that the AI correctly classifies and six that the AI
incorrectly classifies, the model performance is 50% .
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A.5 Moderation Analyses

Table A2. Moderation Analyses of the Correctness of Natural Language and Example-Based
Explanations on RAIR and RSR with the Level of Expertise and Cognitive Styles

RAIR RSR

Coeff SE Coeff SE

(Intercept) 2.288 2.799 −4.183 2.807
Explanation modality −2.878 3.429 3.805 3.351
Correctness .380 2.018 −3.138 2.588
Expertise −2.709*** .511 3.654*** .943
Visual 7.367* 4.397 −9.994** 4.420
Verbal −6.633 4.123 8.642* 4.507
Cognitive load −2.423* 1.389 .022 1.306
Correctness × visual −1.511 3.092 5.410 3.846
Correctness × verbal 2.949 3.107 .359 3.851
Correctness × expertise −1.428*** .240 −1.023 .949
Explanation modality × visual −.945 5.235 3.894 5.125
Explanation modality × verbal 4.324 5.162 −9.231* 5.297
Explanation modality × expertise 1.372* .668 −.151 1.024

*p < .1; **p < .05; ***p < .01. Significant results are highlighted in bold.

Table A3. Moderation Analyses of the Correctness of Natural Language and
Example-Based Explanations on RAIR and RSR with the Level of Expertise and

Cognitive Styles

Human–AI team performance

Coeff SE

(Intercept) −2.234 3.141
Explanation modality 4.533 3.497
Correctness −3.799 3.459
Expertise 2.923** .952
Visual −8.328* 4.970
Verbal 6.639 5.039
Cognitive load −.117 .270
Correctness × visual 3.566 5.281
Correctness × verbal 3.810 5.259
Correctness × expertise −.664 .989
Explanation modality × visual 4.405 5.368
Explanation modality × verbal −11.160** 5.537
Explanation modality × expertise −.466 .971

*p < .1; **p < .05; ***p < .01. Significant results are highlighted in bold.
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A.6 Human–AI Team Performance

Fig. A2. Performance of the human, AI, and human–AI team specifically for correct explanations. This
represents 6 birds from the 12 that participants saw .

Fig. A3. Performance of the human, AI, and human–AI team specifically for incorrect explanations. This
represents 6 birds from the 12 that participants saw .
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