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ABSTRACT
Across various applications, humans increasingly use black-box artificial intelligence
(AI) systems without insight into these systems’ reasoning. To counter this opacity,
explainable AI (XAI) methods promise enhanced transparency and interpretability.
While recent studies have explored how XAI affects human–AI collaboration, few have
examined the potential pitfalls caused by incorrect explanations. The implications for
humans can be far-reaching but have not been explored extensively. To investigate
this, we conducted a study (n¼ 160) on AI-assisted decision-making in which humans
were supported by XAI. Our findings reveal a misinformation effect when incorrect
explanations accompany correct AI advice with implications post-collaboration. This
effect causes humans to infer flawed reasoning strategies, hindering task execution
and demonstrating impaired procedural knowledge. Additionally, incorrect explana-
tions compromise human–AI team performance during collaboration. With our work,
we contribute to HCI by providing empirical evidence for the negative consequences
of incorrect explanations on humans post-collaboration and outlining guidelines for
designers of AI.
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1. Introduction

Imagine you are studying for an art history exam and must know how to distinguish two architectural
styles. You seek advice from an online artificial intelligence (AI) assistant for explanations to differenti-
ate the two styles. Despite being plausible and providing you with correct architectural styles, the AI’s
explanation is incorrect. Yet, you learn from these incorrect explanations, and as a consequence, your
understanding and capability to distinguish the architectural styles are impaired! You fail your exam.

Recent technological advancements have significantly bolstered both the capabilities and the adop-
tion of AI (Bommasani et al., 2021; Dwivedi et al., 2023). For instance, large language models (LLMs)
can assist in high-stakes classification tasks, such as categorizing legal cases based on case descriptions,
by providing initial advice along with an explanation, even when humans have no prior expertise in
legal analysis (Ma et al., 2024). In the medical field, AI has been used to accurately classify retinal dis-
orders, leading to early diagnosis and providing critical support to ophthalmologists (Mukhtorov et al.,
2023). However, as these AI technologies become more sophisticated, especially with the use of genera-
tive AI, the complexity and opacity of supported decision-making processes increase. This presents new
challenges in ensuring that these systems remain transparent and interpretable for humans (Rudin
et al., 2022). This increasing complexity necessitates a deeper understanding of the underlying factors
that impact human–AI interaction, especially in scenarios where human oversight is critical (Amershi
et al., 2019; Cabitza, Campagner, Natali, et al., 2023; Sterz et al., 2024). Regulatory frameworks, such as
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the EU AI Act (European Commission, 2021), mandate human oversight to ensure AI systems operate
ethically, legally, and safely. This underscores the importance of human–computer interaction (HCI)
research to develop methods and tools that facilitate effective collaboration between humans and AI
(Shneiderman, 2020). Ensuring that AI is not only accurate but also explainable is vital to foster appro-
priate reliance and complementary team performance (Hemmer et al., 2023; Schemmer, Kuehl, et al.,
2023). The need for explainability in AI has been widely acknowledged, leading to substantial advance-
ments in both research and practice (Barredo Arrieta et al., 2020; Silva et al., 2023).

Despite these advancements, an important potential pitfall in human–AI collaboration scenarios,
incorrect explanations (Kayser et al., 2024; Lakkaraju & Bastani, 2020; Morrison et al., 2024) for accur-
ate AI advice, remains underexplored in the XAI literature. This phenomenon has gained particular
relevance with the widespread deployment of LLMs, which can generate self-explanations for their clas-
sifications that can diverge from their actual internal decision processes (Randl et al., 2024). Compared
to intrinsic or post-hoc explanation methods, this systematic disconnect between generated self-
explanations and underlying computational mechanisms creates conditions where humans may receive
correct AI advice accompanied by factually incorrect or misleading explanations (Madsen et al., 2024).
With the rapid integration of LLMs into decision-making tasks and educational contexts (Harvey et al.,
2025; Hemmer et al., 2023), alongside emerging regulatory requirements (European Commission,
2021), empirical investigation of how this explanation-accuracy mismatch affects human cognition and
task performance has become essential. Such incorrect explanations may compromise human perform-
ance in post-collaboration phases by degrading both procedural knowledge—the ability to perform spe-
cific tasks independently—and reasoning capabilities—the capacity to make informed decisions based
on acquired understanding. Given the growing role of generative AI in various settings, for instance, in
a learning context, humans often turn to AI to make sense of unfamiliar topics and try to learn some-
thing new. Before consulting experts or verified sources, humans rely on AI-generated explanations,
making it essential to understand how these affect humans’ understanding and learning outcomes.
Exploring the effect of incorrect explanations on procedural knowledge and reasoning is crucial, as reg-
ulations (European Commission, 2021) or performance expectations (Hemmer et al., 2023) might
require humans to complement AI capabilities with their domain knowledge and, therefore, maintain
the ability to perform tasks on a superior performance level. The implications are especially critical for
high-stakes domains such as healthcare, finance, and legal settings, where compromised decision-
making can result in severe consequences (Rudin, 2019). Moreover, preserving human procedural
knowledge becomes critical in scenarios where AI support may be temporarily available, such as in AI-
assisted educational settings (Spitzer et al., 2023; Spitzer, K€uhl, et al., 2024), but learners ultimately
must demonstrate task competency on their own.

Understanding the impact of incorrect explanations in AI-assisted decision-making, even when the
AI advice is correct, is essential for designing more effective collaborations between humans and AI. By
identifying how and why incorrect explanations impact humans not only during, but in particular post-
collaboration with AI, we can develop effective strategies to mitigate these effects (Chen et al., 2022;
Ehsan et al., 2019; Lakkaraju & Bastani, 2020; Ribeiro et al., 2016). Thus, we ask the following research
questions (RQs):

RQ1: How do incorrect explanations for correct AI advice impair humans’ procedural knowledge in
AI-assisted decision-making?

RQ2: How do incorrect explanations for correct AI advice impair humans’ reasoning in AI-assisted
decision-making?

RQ3: How do incorrect explanations for correct AI advice affect the human–AI team performance?

To address these questions, we first synthesize how to measure the impact of incorrect explanations
in AI-assisted decision-making based on previous research. We pre-registered our hypotheses on
AsPredicted.org. Through an online study with 160 participants, we examine how incorrect explana-
tions influence humans’ procedural knowledge (RQ1) and reasoning (RQ 2) in a task to classify build-
ings’ architectural styles. We chose this architectural classification task because AI, and especially
LLMs, are increasingly being used nowadays not only to generate content but also to support human
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reasoning and decision-making (Hadi et al., 2024). Thus, they provide advice to humans in scenarios
where no prior knowledge is needed (e.g., patients seeking medical advice) to help them interpret and
draw conclusions from complex data. Such settings remain crucial as they provide a controlled environ-
ment (clear ground truth and measurable outcomes) to study how humans are impacted by incorrect
explanations. Furthermore, architectural classification is a domain that many people may encounter in
everyday life, requiring a combination of visual perception, pattern recognition, and creative reasoning.
This makes it a representative and engaging task for studying human–AI collaboration, particularly in
scenarios where generative AI can provide explanatory support. In this task, we provide participants
with different types of AI support: no support at all, AI advice without explanations, AI advice with
correct explanations, and AI advice with incorrect explanations. We measure the effects on their task
performance during and after collaboration to derive the impact on their procedural knowledge and
qualitatively analyze their understanding of the task to derive their reasoning ability. Additionally, we
analyze the effect on the human–AI team performance (RQ3).

The findings of our study reveal a misinformation effect in AI-assisted decision-making: incorrect
explanations significantly impair humans, resulting in a notable decline in their procedural knowledge
once they have to perform the task autonomously. We also find that humans’ reasoning is impaired
when they receive incorrect explanations. In fact, we also observe a negative effect during the collabor-
ation in our study: human–AI teams perform worse when the AI provides incorrect explanations, cur-
tailing the complementary benefits of this collaboration. These findings underscore the potential
dangers of incorrect explanations and highlight the importance of developing robust and reliable
explanatory support for humans.

In summary, our study makes several contributions to the field: first, it fills a critical gap in the lit-
erature by examining the impact of incorrect explanations on humans in AI-assisted decision-making.
Second, it identifies and measures the misinformation effect within AI explanations and outlines its
negative repercussions on humans—a decline in procedural knowledge and reasoning. Lastly, our
research extends existing knowledge on the interplay between AI and human decision-makers, provid-
ing insights into the hazards of explanations on the human–AI team. Overall, this article sheds light on
the potential pitfalls of incorrect explanations and their implications for humans post-collaboration.
With this exploratory work, we hope to contribute to the development of concepts and hypotheses,
helping to advance theoretical knowledge in XAI and AI-assisted decision-making, as well as to further
advance the design of more effective AI-based decision support systems.

2. Background

With the rapid advancement of AI and its integration into diverse decision-making processes, XAI has
emerged as a critical technique for enhancing transparency and assistance to help decision-makers
understand AI’s reasoning (Alufaisan et al., 2021; Cabitza, Natali, et al., 2024). Especially with applica-
tions based on generative AI (like Open AI’s ChatGPT or Anthropic’s Claude), explanations are being
generated in natural language that provide human-understandable support for the AI’s response (Singh
et al., 2024; Zytek et al., 2024). Previous research on human–AI collaboration has predominantly
focused on how correct AI explanations influence human decision-making (e.g., Lai & Tan, 2019;
Schemmer et al., 2022; Subramanian et al., 2024; Yeung et al., 2020; Zhang et al., 2020). For example,
Hemmer et al. (2021) examine the factors that impact human–AI team performance, suggesting that
XAI can foster complementary collaboration between humans and AI.

Albeit the positive effects, studies also highlight how XAI can impair the collaboration between
humans and AI (Binns, 2018; Ehsan et al., 2021; Miller, 2019; Schemmer et al., 2022). van der Waa
et al. (2021) demonstrate that example-based explanations have the power to increase overreliance on
AI advice. Similarly, Schoeffer et al. (2024) investigate how explanations impact fairness perceptions
and humans’ tendency to adhere to or overwrite AI recommendations, showing that feature-based
explanations do not improve distributive fairness. However, the understanding of the negative conse-
quences of XAI is still limited (Mohseni et al., 2021), especially empirical evidence for the negative
impact of incorrect explanations is missing. In Table 1, we sort recent works in AI-assisted decision-
making according to the correctness of AI advice and explanations. The table shows the under-
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explored topic of incorrect explanations in HCI. In the remaining section, we review recent literature
highlighting the risks and limitations of collaborative settings between humans and AI, motivating the
need to explore further how incorrect explanations impair humans. While we introduced works study-
ing correct explanations at the beginning of this section, we focus the remainder on prior work that
shows implications of the incorrectness of advice and explanations.

2.1. Incorrect AI advice in human–AI collaboration

Research in HCI has explored the effects of incorrect AI advice on human–AI collaboration (e.g.,
Bansal et al., 2019; Kocielnik et al., 2019; Schmitt et al., 2024; Vicente & Matute, 2023; Yin et al., 2019).
Kocielnik et al. (2019) investigate how such incorrect AI advice influences human satisfaction and
acceptance. In their study, they demonstrate how interventions like accuracy indicators or performance
control can maintain humans’ perception and trust even when the AI-based scheduling assistant pro-
vides wrong advice.

Next to scheduling assistants, other recent studies have investigated how programmers collaborate
with Copilot, an AI programming assistant that is not always accurate (e.g., Barke et al., 2023; Dakhel
et al., 2023; Vasconcelos, Bansal, et al., 2023). For instance, Vasconcelos, Bansal, et al. (2023) focus on
an AI supporting code completion. The work demonstrates that AI can assist programmers in arriving
at solutions more efficiently. Additionally, Dakhel et al. (2023) conclude that such an AI assistance can
support expert humans, while non-experts should exercise caution when using it due to the potential
for errors. Other studies further examine how different levels of expertise among humans influence
their interaction with AI-generated code (Barke et al., 2023). Similarly, Barke et al. (2023) find that
expert humans can effectively navigate and correct AI-generated errors, while novices often struggle,
leading to decreased efficiency and increased frustration. While previous research shows the impact of
incorrect AI advice on humans with different levels of prior domain knowledge, Vicente and Matute
(2023) conduct a study on medical diagnosis to investigate how humans are influenced during collabor-
ation with an AI that provides erroneous advice. They show that humans inherit the error patterns of
AI, thus impairing their ability to conduct the task themselves. Building on this, previous research also
shows how non-expert humans are influenced by AI systems providing inaccurate advice (Schemmer,
Bartos, et al., 2023). They find that humans with limited domain expertise were prone to overreliance
on the AI’s outputs, resulting in decision errors. Similarly, Schmitt et al. (2024) show that free-text
explanations can increase non-expert performance, but XAI features (e.g., highlights) can lead to over-
reliance. Contrarily, Vasconcelos, J€orke, et al. (2023) show that explanations can reduce overreliance by
introducing a cost-benefit framework. They outline that explanations to be effective need to diminish
the costs of verifying AI advice.

This review of prior research illustrates the potential negative impact of incorrect AI advice on deci-
sion outcomes and highlights how people’s existing knowledge shapes their ability to interpret and
respond to AI output. Building on these findings, the next section explores the role of incorrect explan-
ations and how they influence humans’ decision-making when supported by AI.

Table 1. HCI literature investigating impacts of the correctness of AI advice and explanations on human–AI
collaboration.

Correct AI explanations Incorrect AI explanations

Correct AI advice Adhikari et al. (2019); Hase and Bansal (2020);
Hemmer et al. (2021); Lai and Tan (2019); Ribeiro
et al. (2018); Schemmer et al. (2022); Schoeffer
et al. (2024); van der Waa et al. (2021); Yeung
et al. (2020); Zhang et al. (2020)

Cabitza, Fregosi, et al. (2024); Kayser et al. (2024);
Morrison et al. (2024)

Incorrect AI advice Alufaisan et al. (2021); Buçinca et al. (2021); Cabitza,
Campagner, Ronzio, et al. (2023); Cau et al. (2023);
Chen et al. (2023); Ehrlich et al. (2011); S. S. Y. Kim
et al. (2023); Kocielnik et al. (2019); Sadeghi et al.
(2024); Schmitt et al. (2024); Vicente and Matute
(2023)

Kayser et al. (2024); Lakkaraju and Bastani (2020);
Morrison et al. (2024); Papenmeier et al. (2019)
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2.2. Incorrect explanations in human–AI collaboration

Next to the AI advice, the understanding of how incorrect explanations can impact AI-assisted deci-
sion-making in the literature is limited. Only a few studies investigate the effect of explanations’ incor-
rectness (Cabitza, Fregosi, et al., 2024; Kayser et al., 2024; Lakkaraju & Bastani, 2020; Morrison et al.,
2024; Papenmeier et al., 2019). A recent study in HCI shows that not only incorrect advice but also
incorrect explanations have the potential to deceive decision-makers (Morrison et al., 2024). Morrison
et al. (2024) explore the negative impacts of incorrect explanations on humans’ decision-making behav-
ior. They extend the conceptualization of Schemmer, Kuehl, et al. (2023) by the explanation dimension
and explore, in a bird classification study, how the correctness of explanations impacts humans’ reliance
on AI. They show that incorrect explanations can deceive decision-makers who possess no prior
domain knowledge, leading to inappropriate reliance behavior. Cabitza, Fregosi, et al. (2024) explore
the effects of explanations in a logic puzzle task. They also show that if advice and the accompanying
explanation do not align, humans are misled, ultimately resulting in inappropriate reliance behavior.
Papenmeier et al. (2019) conduct another study in AI-assisted decision-making with incorrect explana-
tions. They study how explanations affect humans’ trust in identifying offensive tweets. Similarly,
Lakkaraju and Bastani (2020) find that incorrect explanations can affect humans’ trust in AI by investi-
gating their effects in law and criminal justice use cases. Lastly, Kayser et al. (2024) examine in a real-
world use-case in the healthcare environment how the factual correctness of explanations impacts
humans. The study finds that explanations’ factual correctness influences explanations’ usefulness.

These studies collectively underscore the complex dynamics of human–AI interaction, especially how
incorrect advice and incorrect explanations affect humans’ reliance behavior on AI. However, the HCI
field lacks a deeper understanding of the effects of such impaired collaboration scenarios on humans
themselves. Especially for scenarios in which not the advice but the explanation for the decision-
maker—intended to foster interpretability—is incorrect. Studies like Morrison et al. (2024) and Cabitza,
Fregosi, et al. (2024) build a promising starting point to inform HCI researchers and practitioners of
the downsides of incorrect explanations. However, we still do not know anything about the impact of
these AI shortcomings on humans’ ability to perform the tasks autonomously (procedural knowledge)
and to conclude about the underlying domain (reasoning) post-collaboration. In this study, we there-
fore focus on scenarios in which the AI provides correct advice to isolate and evaluate the specific
effects of explanation correctness. Prior research has already examined scenarios where AI advice is
incorrect but explanations are correct—often leading to overreliance on AI, as shown by Schemmer
et al. (2022); however, less is known about cases where the correctness of advice and explanation
diverge in other ways, which are especially relevant for understanding how explanation correctness
shapes AI-assisted decision-making. This design choice allows us to disentangle the influence of explan-
ations from confounding effects introduced by incorrect AI advice. By holding the advice constant and
correct, we can rigorously examine how incorrect explanations impact humans’ understanding and
performance.

3. Theoretical development

In the evolving field of HCI, understanding the impact of AI explanations on decision-making has
become critical. Explanations can serve as a bridge between AI and humans, influencing trust, reliance,
and collaboration (Hemmer et al., 2023; Schemmer, Kuehl, et al., 2023; Schoeffer et al., 2024). This
work investigates how incorrect explanations, when paired with accurate AI advice, can mislead
humans, potentially impairing their procedural knowledge and reasoning capabilities. In Section 2, we
present several works that investigate the impact of incorrect AI advice and incorrect explanations in
decision-making. Building on prior research (Cabitza, Fregosi, et al., 2024; Morrison et al., 2024;
Papenmeier et al., 2019), we derive several hypotheses grounded in related psychology and human
behavior research to study the impact on humans’ knowledge.

Research in behavioral science distinguishes between declarative knowledge (the “know-what”) and
procedural knowledge (the “know-how”) in decision-making (Herz & Schultz, 1999). While both types
of knowledge are interconnected, our study focuses on procedural knowledge as we want to determine
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the impact of incorrect explanations on humans’ downstream task performance. Humans’ ability to
complete tasks effectively remains paramount, especially where AI support is not perfectly reliable or
may not always be available (Laux, 2024). By measuring task performance, we can capture procedural
knowledge (McCormick, 1997; Nahdi & Jatisunda, 2020) and the extent to which humans effectively
apply their understanding in practice (Clark & Dumas, 2015). Exposure to incorrect explanations can
significantly distort both declarative and procedural knowledge. As procedural knowledge is particularly
vulnerable to cognitive disruptions (Sweller, 1988), incorrect explanations might increase cognitive load
and impair the acquisition of procedural knowledge. Chi and Wylie (2014) provide crucial insights into
this phenomenon, demonstrating how cognitive engagement can be systematically undermined by mis-
leading information. Thus, we assume that incorrect explanations for correct AI advice impair humans’
procedural knowledge. We hypothesize:

Hypothesis 1: Incorrect explanations for correct AI advice lead to lower procedural knowledge.

While our study primarily centers on procedural knowledge, we also assess participants’ reasoning
abilities to explore how individuals articulate the cognitive principles underlying their decision-making
processes (Johnson & Seifert, 1994). This enables us to examine the extent to which incorrect explana-
tions influence both task performance and conceptual understanding. Prior research has demonstrated
the profound impact of misleading information on cognitive processes, revealing significant impair-
ments in memory and comprehension (Loftus et al., 1978; Soon & Goh, 2018). Critically, these cogni-
tive distortions persist even after subsequent correction attempts (Ecker et al., 2011; Kendeou et al.,
2013), demonstrating the effect of misinformation on cognition and their potential to impair reasoning
(Ecker et al., 2011). In the context of AI-assisted classification tasks, these prior findings suggest that
incorrect explanations are likely to disrupt reasoning ability in classification tasks.

Hypothesis 2: Human reasoning is impaired by incorrect explanations for correct AI advice.
Seeber et al. (2020) emphasize the importance of communication between humans and AI for effect-

ive collaboration. They argue that misunderstandings or unclear communication can lead to disruptions
in team performance, particularly when AI systems provide incorrect or unclear explanations.
Furthermore, Dzindolet et al. (2003) investigate how trust in automated systems is impacted by incor-
rect feedback, leading to reduced team performance. Similarly, Eiband et al. (2018) provide insights
into how human–AI collaboration is affected by the transparency of AI systems, suggesting that incor-
rect advice can hinder effective teamwork. Lastly, Bansal et al. (2021) explore the dynamics of human–
AI interaction, showing that incorrect AI advice alongside explanations can create friction in collabor-
ation, leading to poorer outcomes. Incorrect explanations in AI-assisted decision-making can impair
the collaboration, leading to inappropriate reliance on AI (Morrison et al., 2024). With prior research
showing the relationship between humans’ reliance behavior on AI and the human–AI team perform-
ance (Schemmer, Kuehl, et al., 2023), we assume that the human–AI team performance drops when
humans are provided with incorrect explanations. Thus, we extend prior research by directly assessing
the impact of incorrect explanations for correct AI advice and hypothesize:

Hypothesis 3: Incorrect explanations for correct AI advice lead to a lower human–AI team performance.

4. Methodology

In this section, we describe our methodology to assess how incorrect explanations for correct AI advice
influence humans during and post collaboration with an AI. We set up an online study and investigated
how participants performed in a visual classification task on an architectural dataset. We outline the
task domain, the study design, the recruitment of participants, the development of the AI, and finally,
the metrics that we use to assess our RQs. Before we ran the study, we pre-registered the study on
AsPredicted.org to report our hypotheses, our treatments, our planned analyses, and our exclusion
strategy. An anonymized copy of the pre-registration is provided in the supplemental materials.
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4.1. Task domain

To analyze the impact of explanations, we chose a task where most people have little experience (i.e.,
have no expert-level knowledge and typically cannot perform well themselves initially): the classification
of the architectural style of buildings. This task represents various real-world scenarios in which AI is
utilized: seeking advice and explanations for a task that is either unknown or humans might not pos-
sess enough knowledge to solve the task confidently. For example, humans increasingly seek AI assist-
ance to understand unfamiliar topics such as historical concepts, financial terminology, or bureaucratic
forms. Thus, the study of how humans integrate incorrect explanations into their decision-making
likely extends to more complex generative AI interactions. We use the established dataset of Abdul
et al. (2020) and Xu et al. (2014) containing images of buildings across 25 different architectural styles.
In close discussion with architecture researchers of the local university, we chose three architectural
styles that share similar features and are not easily distinguishable: Art Nouveau, Art Deco, and
Georgian Architecture. For each architectural style, we selected 30 images that clearly represent the fea-
tures of each architectural style and, thus, are appropriate instances for our study. We further made
sure that the buildings were centered in each image and cropped all irrelevant information in the
images, like other buildings.

4.2. Study design

Our research questions target the understanding of the impacts of incorrect explanations in AI-assisted
decision-making on human procedural knowledge and reasoning and the resulting human–AI team
performance. To address them, we employed a study combining between- and within-subjects design:
between subjects, we analyze the impact of different AI support. Within subjects, we observe this
impact in different stages of decision-making: before, during, and after collaboration with the AI. The
study was approved by the university’s institutional review board.

The online study was divided into five different parts (see Figure 1): in part (1), the participants had
to give their consent to participate and were introduced to the study and its procedure. They also
received context information about the three different architectural styles with a description of their
main characteristics (see Supplementary Table 3 in Section A). Additionally, we included two attention
checks, one of them in part (1): we asked participants what their task would be throughout the study,
and they could select from three options. In part (2), a pretest assessed participants’ task performance
in classifying architectural styles of buildings: they were each shown six images randomly drawn from a

Figure 1. The study design is outlined in five different parts: in part (1), participants were introduced to the study. In
part (2), participants had to classify six images as a pretest. In part (3), participants were randomly assigned to a treat-
ment and classified twelve images. In part (4), participants classified six images as post-test without support.
Participants had to complete a questionnaire in the final part (5).
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bucket of 18 pre-selected images of the dataset. We ensured that each class was balanced for each par-
ticipant (two images per class) and that the order in which the classes were shown to participants was
varied. By doing so, we minimized the risk of inducing biases in the order of images. It also ensured
that our results were not dependent on the difficulty of pre-selected images. Moreover, the pretest
allowed us to check that participants in each treatment did not differ in their prior expertise regarding
the task. Following the pretest, participants were randomly assigned to a treatment in the main task in
part (3), distinguishing the type of AI support received:

� Control group: Participants did not receive any AI support
� AI treatment: Participants received only the AI’s classification
� Correct explanation treatment: Participants received the AI’s classification and a correct explanation
� Incorrect explanation treatment: Participants received the AI’s classification and an incorrect

explanation

By distinguishing the groups in this way, we can infer the effect of incorrect explanations on partici-
pants’ procedural knowledge and reasoning. After the assignment, participants had to classify buildings’
architectural styles on twelve images (see Figure 2 for an example). All twelve images were randomly
drawn from a bucket of 30 pre-selected images balanced in classes. Similar to the pretest, each partici-
pant was provided with four images of each class, and the order was randomized. Each image was dis-
played on a separate page in the study. During the main task, participants had the option to click on a
button to show the context information for the architectures’ characteristics and verify the support they
received. In part (4), the post-test, participants of each treatment had to classify six different images
without support. Similar to the pretest, the images were drawn from another bucket of 18 pre-selected
images balanced in classes. Each participant was shown two images of each class on separate pages in
randomized order (Supplementary Table 4 in Section A).

To prevent participants from randomly clicking through the study, participants could continue to
the next page in the pretest, main task, and post-test only after a few seconds. This design choice fol-
lowed the protocol of Spitzer, Holstein, et al. (2024) and was to ensure that participants focused on the
actual task. In the final part (5), participants answered a questionnaire. The questionnaire asked them
to describe and explain each architectural style. With this, we were able to analyze whether participants
had learned the correct distinctions between the architectural styles and were able to conclude based on

Figure 2. Instances shown to participants in the main task with correct explanations (left) and incorrect explanations
(right).
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their understanding (e.g., their reasoning). On top of that, they had to rate several variables on seven-
point Likert scales to measure for confounding factors. These included the AI usability, their experience
with AI, their task load, and their trust in AI. All variables are presented in Section A in
Supplementary Table 5. Throughout the questionnaire, we implemented a second attention check to
ensure only valid results, as suggested by Abbey and Meloy (2017). In this attention check, we asked
participants to select “Likely” for an item of AI usability (“As an attention check, please choose “Likely”
for this statement”). The questionnaire ended with demographic questions on participants’ age, gender,
education, and employment.

4.3. AI development

We selected natural language explanations as our explanation modality due to the increasing promin-
ence of generative AI systems that communicate directly with humans through language (Feuerriegel
et al., 2024). In real-world applications such as the medical decision-making (Molinet et al., 2024) or
wildlife classification (Hendricks et al., 2018), humans often receive explanations in natural language.
Studying such rationales allows us to better understand how humans process explanations that align
with the dominant interaction paradigm of large language models. Moreover, while prior work has
examined the effects of incorrect explanations, much of this research has focused on visual explanation
formats (e.g., example-based explanations or text highlighting) (Lakkaraju & Bastani, 2020; Morrison
et al., 2024; Papenmeier et al., 2019).

To generate AI advice and explanations, we used OpenAI’s GPT-4o model (model version 2024-05-13)
through an Azure OpenAI Studio instance. The LLM provided participants with a classification (AI
advice) and natural language-based self-explanations describing the reasoning behind its decisions,
depending on the treatment participants were assigned to. The author team ensured that by comparing
the advice against the ground truth, the architectural styles showed the correct advice. The explanations
were examined to ensure that the correct ones only included the correct aspects of the corresponding
architectural styles. Incorrect explanations, on the other hand, incorporated features of the other architec-
tural classes, but did not include features that could be identified as incorrect through cross-checking vis-
ual cues. In the pre-phase of the study, we tested multiple prompt strategies in a workshop with three
authors. The final prompts that were used are shown in Section A in Supplementary Table 4. The LLM
was prompted such that the correct explanation treatment provided an explanation that corresponded to
its prediction, while the explanation did not match the prediction in the incorrect explanation treatment.
To determine the appropriate depth and length of the explanations, we gathered feedback on clarity and
informativeness from participants in the tests of the pre-phase. Based on this input, we adjusted the
prompts and explanations to balance between being sufficiently detailed while avoiding cognitive overload.
We also assessed the comprehensibility of the explanations with the pre-phase participants.

We restricted our study to conditions in which AI advice was correct across both explanation treat-
ments (correct and incorrect explanations). This choice enables a clean comparison of explanation
effects without the added complexity of different correctness levels at AI advice, which can introduce
confounding factors. While examining the interaction of incorrect advice and explanations is also
important, we focused in this study on a setting where effects could be clearly attributed, with the
expectation that future work can build on these findings.

The definition of an incorrect explanation follows Morrison et al. (2024) and Cabitza, Fregosi, et al.
(2024) in that the AI does not provide correct justification for its predicted class (not coherent with the
AI advice), independent of the ground truth of the image. To systematically characterize and manipu-
late the explanation correctness, we followed the definitions of recent works Morrison et al. (2024) and
Cabitza, Fregosi, et al. (2024) and distinguished between three dimensions: coherence, factual correct-
ness, and pertinence. Coherence refers to whether the explanation is consistent with the AI’s predicted
class (i.e., whether the features it explains align with the predicted class); factual correctness assesses
whether the explanation is accurate in terms of architectural knowledge (i.e., whether the features it
explains correctly describe the ground truth); and pertinence captures whether the explanation referen-
ces visual features truly present in the image (i.e., whether the features it explains exist in the image).
In our study, the incorrect explanation condition violated both coherence (misaligned with the
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predicted class) and factual correctness, while maintaining high pertinence by referencing visible fea-
tures in the images. For instance, if the AI made a correct prediction for an Art Nouveau building, but
the explanation did not conform to this class and did not properly describe the ground truth, it was
defined as incorrect. To avoid information overload (Arnold et al., 2023), we designed the explanations
to be no longer than three sentences. As outlined in Section 3, we analyze the impact of incorrect
explanations for cases where the AI classification is correct.

4.4. Recruitment

We recruited 186 participants from the United States through the platform Prolific.co and ran the study
on 12 August 2024. Previous research indicates that this platform is a reliable source of research data
(Palan & Schitter, 2018; Peer et al., 2017). Several screening mechanisms were implemented through
the Prolific platform. With the filters, we targeted individuals who were fluent in the English language
and had shown high quality in previous studies (100% completion rate). Our recruitment strategy was
designed not to focus on participants with specific backgrounds, but to admit participants without any
further restrictions to be able to generalize our findings. Participants who met the stated criteria and
completed the study’s requirements received a base payment of 2.25£. Additionally, we implemented an
incentive structure: participants are incentivized to conduct the task correctly by providing a bonus for
each correctly classified image. This should ensure that participants paid attention during the task and
did not provide random answers. The bonus was 4 pennies for each correct answer and led to a poten-
tial maximum payment of 3.21£. As stated in our pre-registration, we excluded participants who did
not finish the main task on time (within 30min) or did not finish the entire study. We also excluded
participants with obvious misbehavior (e.g., clicking through the cases and always providing the same
answer). Additionally, we computed the overall mean and standard deviation across all treatments and
winsorized at 2.5 SD above/below the mean. Applying this exclusion strategy, we ended up with 160
participants equally assigned to the four treatments (40 participants for each treatment).

4.5. Metrics

Similar to previous work (e.g., Hemmer et al., 2023; Schoeffer et al., 2024), we assessed participants’
task performance in classifying the architectural styles in pretest, main task, and post-test. Aligning
with prior research (McCormick, 1997; Nahdi & Jatisunda, 2020), we use the task performance to infer
participants’ procedural knowledge. We measure human–AI team performance in the main task. As
metrics for the task performance, we used accuracy and measured the ratio of correctly classified
images over all images. Participants had to select one of the three different architectural styles for each
image by selecting from a drop-down menu on each page of the task. This means that a random guess
corresponded to 33.3% of performance. Aligning with Schoeffer et al. (2024), we also measured the cor-
rect adherence and detrimental overrides in the main task of the study. The correct adherence refers to
situations in which participants correctly follow the AI advice. Detrimental overrides define situations
in which participants wrongly override the AI advice and adhere to their own incorrect judgment.

We assessed participants’ reasoning ability for the three architectural styles through open-ended
questions by asking them to describe and explain each style, thereby following the procedure of Chi
et al. (1989). We assessed participants’ reasoning abilities in terms of correctness by comparing them to
the correct characteristics and features for each architectural style. We followed the procedure of
Huang et al. (2024) and used LLMs to evaluate the correctness of participants’ answers and computed
reasoning scores for participants: zero represents a completely incorrect or irrelevant answer, and five
represents a completely correct and comprehensive answer. Based on those scores, we computed the
average scores across all three architecture styles for each participant. These scores were then max-
normalized. The prompt used for this analysis is in Supplementary Table 4 in Section A. By doing so,
we were able to assess whether incorrect explanations impaired participants’ reasoning. To ensure a
high reliability in assessing the participants’ answers, we provided the LLM with the description of the
architectural styles in the prompt (see Supplementary Table 4 in Section A). Additionally, we assessed
the inter-rater reliability (IRR) using the Intraclass Correlation Coefficient to reflect the absolute
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agreement between ChatGPT and two human coders. The resulting value of 0.755 indicates a good
agreement between the LLM and the human raters.

Finally, we established several control variables to investigate the potential underlying factors that
might influence AI-assisted decision-making. In particular, we controlled for participants’ task load as
previous research suggests that the information in explanations displayed to humans can affect their
decision-making behavior (Abdul et al., 2020; Herm, 2023; Hudon et al., 2021; Spitzer, Holstein, et al.,
2024). We measured participants’ task load on a seven-point Likert scale by having them rate five vali-
dated items previously developed by Hart (1986) and that were already applied in the field (Senoner
et al., 2024). In addition, we assessed participants’ AI trust (Jian et al., 2000), AI usability (Davis, 1989),
and experience with AI by using items proven in previous research (Senoner et al., 2024), all of them
also rated on a seven-point Likert scale. All items are shown in Supplementary Table 5 in Section A.

5. Results

It took participants, on average, 14min and 54 s to complete the study. Overall, 160 participants passed
the attention check and finished the study according to the study protocol. Of these 160 participants,
79 were male, 77 were female, and four identified as diverse. To address the research questions, we first
conduct several statistical analyses to answer RQ: 1 in subsection 5.1. Subsequently, we address RQ: 2
and qualitatively assess the open-ended questionnaires in subsection 5.2. In the final subsection 5.3, we
evaluate the impact of incorrect explanations on the human–AI team performance to answer RQ: 3.

5.1. RQ1: Impact of incorrect explanations on procedural knowledge

We first compare the performance levels between treatments at the beginning of the study and then exam-
ine which further factors influence post-test performance when different correctness levels of explanations
are provided. To establish a baseline and ensure that all treatments began on an equal performance level
in classifying the architectural styles, we conduct a one-way ANOVA on the pretest performance scores
across the four treatments (F ¼ :80, p ¼ :498). These results fail to reject the null hypothesis, indicating no
significant differences in pretest performance among the four treatments and suggesting that participants
started with comparable levels of procedural knowledge. This allows for a thorough interpretation of any
differences observed in the post-test results, as they can be more readily attributed to the treatment effects
rather than preexisting differences (Supplementary Tables 6 and 7 in Section A).

Post-test performance between treatments: Overall, the control group maintains the lowest per-
formance at around 51.25%, while the correct explanation treatment has the highest performance with
approximately 72.50% accuracy. The AI classification and incorrect explanation treatments show similar
post-test performances of 65.42 and 63.33%, respectively. We show the difference in performance for
the post-test in Figure 3.

To assess the significance of differences in post-test performance across treatments, we compare per-
formance levels between treatments. A one-way ANOVA yields evidence of treatment effects
(F ¼ 5:86, p ¼ :001), indicating that the type of AI support in the main task influences participant per-
formance in the post-test. As we set out to explore the impact of incorrect explanations on participants’
post-test performance, we further conduct pairwise comparisons using one-sided t-tests, assuming par-
ticipants in the incorrect explanation treatment exhibit lower performance compared to participants in
the other treatment. We report the corrected p-values according to the Holm-Bonferroni correction
(Holm, 1979) (see Supplementary Table 8 in Section A). Interestingly, the data demonstrate that incor-
rect explanations do not lead to significantly lower post-test performance compared to the other treat-
ments. While there is no significant difference in post-test performances between the incorrect
explanation treatment and the control group (t ¼ 2:241, p ¼ :986) or the AI treatment
(t ¼ −:371, p ¼ :356), there is a trend that incorrect explanations lead to a lower post-test performance
than correct explanations (t ¼ −1:742, p ¼ :085). While we can see the tendency that participants pro-
vided with incorrect explanations perform worse, correct explanations lead to the highest post-test per-
formance. Thus, the data does not provide evidence to support hypothesis 1.
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Performance development from pre- to post-test: We also illustrate the performance development
from pretest to post-test in Figure 4. The figure illustrates whether procedural knowledge develops or
degrades after withdrawing the AI support compared to the initial pretest performance. The AI treatment
and correct explanation treatment show the highest procedural knowledge development, exceeding the
development in the incorrect explanation treatment. For example, both the AI and correct explanation
treatments show the strongest improvements (13.8 percentage points and 13.7 percentage points differ-
ence, respectively), clearly surpassing the control group’s performance development (−2.9 percentage
points). Even the incorrect explanation treatment shows a gain, albeit smaller (11.2 percentage points).
Error bars (by standard deviation) are included in the figure (Supplementary Table 9 in Section A).

Furthermore, we conduct an ANOVA and Tukey HSD Post-Hoc Test, which reveals significant differ-
ences in procedural knowledge gains across treatments (F ¼ 4:04, p ¼ :008). We further conduct pair-wise
comparisons between treatments (see Supplementary Table 10 in Section A). Notably, the incorrect
explanation treatment does not significantly differ from the AI treatment or the correct explanation

Figure 3. The post-test performances across treatments.

Figure 4. The procedural knowledge approximated by task performance in pretest and post-test across the different
treatments. The control group is highlighted as line plots.

12 P. SPITZER ET AL.



treatment (p ¼ :971 for both comparisons), but it shows a trend toward higher procedural knowledge
gains compared to the control group (p ¼ :061). This analysis supports the previous findings showing that
participants build procedural knowledge even when provided incorrect explanations (Figure 5).

Factors influencing the post-test performance: To identify the potential reasons behind these findings, we
further analyze which factors influence the post-test performance. We perform a regression analysis with the
post-test performance as the dependent variable and model the type of AI support as the independent variable.
We define task load, AI trust, AI knowledge, and AI usability as control variables. The regression analysis
reveals that the AI support significantly influences participants’ performance (see Supplementary Table 9 in
Section A). The model accounts for 12.7% of the variance in post-test performance (R2 ¼ :127, p ¼ :004).
Specifically, the largest coefficient can be observed for participants in the correct explanation treatment, with a
significant positive effect (coef ¼ :198, p < :001), followed by those in the AI treatment
(coef ¼ :125, p ¼ :020) and the incorrect explanation treatment (coef ¼ :117, p ¼ :025). Interestingly, task
load is negatively associated with post-test performance (coef ¼ −:197, p ¼ :097), suggesting that higher task
load impedes procedural knowledge. We further analyze this finding by comparing the task load for each treat-
ment. We can see that task load is highest for the control group (35.42%) and the incorrect explanation treat-
ment (33.58%) compared to the other treatments (AI treatment ¼ 28.75%, correct explanations treatment ¼
28.33%), illustrating that task load plays a role in participants’ procedural knowledge in the post-test.
Contrarily, trust, AI knowledge, and AI usability do not impact the post-test performance.

Overall, the analyses in this subsection show that the post-test performance in the incorrect explan-
ation treatment is not significantly lower than in the other treatments and that participants provided
with incorrect explanations still improve their procedural knowledge. Furthermore, we identify partici-
pants’ task load as an impact factor on the post-test performance.

5.2. RQ2: Impact of incorrect explanations on reasoning

To analyze participants’ reasoning capabilities as they transition from knowing “how” to understanding
“why,” we assess the answers they provided in the open-text questionnaire. The primary focus is on

Figure 5. The reasoning scores for participants of the different treatments (�p < 0.1; ��p < 0.05; ���p < 0.01).
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evaluating how the accuracy of AI-generated explanations influences the participants’ reasoning abilities
to understand how incorrect explanations impact their knowledge. We provide some randomly selected
answers to these open-ended questions in the Section A in Table 11. All participants’ results are pro-
vided in the supplementary materials.

The scores are then analyzed using one-sided independent t-tests to compare the performance
between treatments, and the Holm-Bonferroni method is used to correct them.

In the incorrect explanation treatment (score ¼ 54:58%), participants’ score is lower on average than
those in the control group (score ¼ 57:20%). However, the difference is not significant
(t ¼ −:706, p ¼ :241, pcorrected ¼ :241). When comparing the incorrect explanation treatment to the AI
treatment(score ¼ 62:38%), participants exposed to incorrect explanations perform significantly worse
(t ¼ −2:203, p ¼ :015, pcorrected ¼ :046). The comparison between the incorrect explanation treatment
and the correct explanation treatment (score ¼ 60:00%) shows a tendency for incorrect explanations to
decrease the reasoning ability compared to correct explanations (t ¼ −1:645, p ¼ :052, pcorrected ¼ :104).
The data shows that participants exposed to incorrect explanations decrease their reasoning ability.

Additionally, we analyze further control variables that might influence participants’ reasoning capa-
bilities. To do so, we perform a regression analysis, similar to Section 5.1, using task load, trust, AI
knowledge, and AI usability as control variables. We find that AI usability has a direct effect on the
reasoning capabilities (coef ¼ :7443; p ¼ :068). We report the results in Section A in Supplementary
Table 12. Thus, when participants perceive the AI as useful, they also build a better understanding of
the underlying task domain. This is an interesting finding that we further discuss in Section 6.

Overall, the data shows that incorrect explanations lead to a lower reasoning ability compared to
having no explanations, and there is a tendency that it is also lower compared to having correct explan-
ations. Furthermore, we identify AI usability as an impact factor for participants’ reasoning ability.

5.3. RQ3: Impact of incorrect explanations on human–AI team performance

In this subsection, we analyze the data of the study to derive insights into how incorrect explanations
affect the human–AI team performance.

Figure 6 shows the main task performance across treatments and additionally illustrates participants’
reliance behavior. The control group demonstrates the lowest performance at 60.83%. In contrast, all
AI-assisted treatments show higher performance levels. The AI treatment achieves 87.92% accuracy,
while the correct explanation treatment performs best at roughly 92.50%. Interestingly, the incorrect
explanation treatment still outperforms the control group, reaching about 86.04% accuracy. The data
shows that participants in the correct explanation treatment correctly adhere to the AI advice the most,
followed by participants in the AI treatment and in the incorrect explanation treatment. These results
suggest that AI support, regardless of the explanation accuracy, enhances performance during the main
task, with incorrect explanations leading to the lowest gain.

To assess the significance of differences in main task performance across treatments, we conduct a one-
way ANOVA. The results (F ¼ 27:80, p < :001) indicate significant differences among the treatments. To
assess the impact of incorrect explanations with the other treatments on main task performance, we con-
duct pairwise comparisons between the incorrect explanation treatment and other treatments using one-
sided t-tests, assuming that participants in the incorrect explanation treatment exhibit lower performance
compared to participants in the other treatments (see hypothesis 3). We also correct the tests using the
Holm-Bonferroni method and report these p-values (see Supplementary Table 6 in Section A). The com-
parison between the incorrect explanation treatment and the control group shows no significant difference
in performance (t ¼ 5:637, p ¼ 1:000), indicating that the performance for incorrect explanations is not
below the control group’s performance level. Similarly, the comparison with the AI treatment yields no
significant difference (t ¼ −:546, p ¼ :293). However, when comparing the incorrect explanation treat-
ment with the correct explanation treatment, there is a significant difference in main task performance
(t ¼ −2:359, p ¼ :021), indicating that the incorrect explanations lead to a lower performance compared
to the correct explanations. Thus, we find support for hypothesis 3.

Analog to the post-test performance, we perform a regression analysis to reveal the effect of further
factors on the main task performance (see Supplementary Table 7 in Section A). The model
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investigating the main task performance explains 36.7% of the variance (R2 ¼ :367, p < :001), showing
that participants in AI-supported treatments outperform those in the control group. Participants in the
correct explanation treatment demonstrate the most substantial improvement over the control group,
with a significant positive effect (coef ¼ :311, p < :001). This is closely followed by the AI treatment
(coef ¼ :259, p < :001) and the incorrect explanation treatment (coef ¼ :250, p < :001). Furthermore,
AI trust shows a significant negative association with performance (coef ¼ −:237, p ¼ :078), indicating
a possible nuanced effect of trust on how participants interact with the AI. We take further steps and
analyze AI trust between the different treatments. AI trust is highest for the correct explanation treat-
ment (48.75%), followed by the incorrect explanation treatment (47.08%), the control group (46.32%),
and the AI treatment (44.72%). This finding shows that explanations increase trust independently of
their correctness. Interestingly, as the score is higher in the control group than in the AI treatment,
only providing AI advice does not seem to benefit participants’ trust in the AI.

The findings suggest that while incorrect explanations can aid immediate task performance, they
may hinder the retention of procedural knowledge (as the post-test performance is below the main-task
performance). To analyze this aspect in more depth, we use a repeated measures approach and run a
mixed-effects model to analyze how procedural knowledge is affected by first providing and then
removing AI support (see Supplementary Table 2). We define performance as the dependent variable,
the type of AI support as the independent variable, the different stages—with AI support in the main
task and without AI support in the post-test—as the mediating factor, task load, AI trust, AI know-
ledge, and AI usability as control factors, and participant ID as a random factor. The binary categorical
variable “withdraw AI support” represents the stages in which participants have to make decisions: the
reference value 0 represents the decision-making stage in which AI is present to support participants
(main-task), whereas the value 1 represents the stage in which AI is withdrawn and participants have
to make decisions without the AI (post-task) (Table 2).

Participants in all AI treatments show significantly higher performance during the main task com-
pared to the control group, with the correct explanation treatment leading to the highest performance
(coef ¼ :306, p < :001), followed by the AI treatment (coef ¼ :256, p < :001), and the incorrect explana-
tions (coef ¼ :249, p < :001). However, when transitioning to the post-test, where AI support is
removed, all AI-assisted treatments experience a significant decline in performance. The incorrect
explanation treatment shows a substantial additional decline when AI support is withdrawn
(coef ¼ −:131, p ¼ :008), indicating that while AI support with incorrect explanations initially boosts

Figure 6. The main task performances across treatments.

INTERNATIONAL JOURNAL OF HUMAN–COMPUTER INTERACTION 15



the performance during the main task, it negatively impacts the retention and development of proced-
ural knowledge when the AI support is removed compared to the control group. Similarly, no explana-
tions show similar declines when AI is withdrawn (coef ¼ −:129, p ¼ :009), while correct explanations
show significantly less additional decline (coef ¼ −:104, p ¼ :036). This suggests that correct explana-
tions provide some protection against performance loss, while both incorrect explanations and no
explanations are similarly detrimental to knowledge retention. The interaction effects in Figure 7 sup-
port this. The sub-figures illustrate that incorrect explanations can undermine procedural knowledge
development, as evidenced by the greater performance drop in the post-test for participants who receive
incorrect explanations (see Section 5.3) compared to those who receive correct explanations (see
Section 5.3) or AI advice only (see Section 5.3) (lower slope in the lines for incorrect explanations).

Overall, the analyses in this subsection show that any type of AI support in this study increased the human–
AI team performance over the control group. We further identify AI trust to have a negative impact on the
main task performance and to be highest for treatments in which explanations are provided. Most interestingly,
AI support improves performance in the short term during interaction. However, in all treatments, perform-
ance decreases post-collaboration, with the greatest decrease occurring for incorrect explanations.

6. Discussion

6.1. Summary of findings

With the rise of AI in decision-making domains, it is crucial to understand how the interaction with
AI affects decision-makers. Prior research so far has either focused on the implications of incorrect AI

Table 2. Mixed effects model analysis on performance.
Performance

Dependent variable Coeff SE

Intercept 0.695��� 0.084
AI support:
- Control group (baseline)
- No explanations 0.256��� 0.046
- Correct explanations 0.306��� 0.047
- Incorrect explanations 0.249��� 0.045
Withdraw AI support −0.096��� 0.035
No explanations: withdraw AI support 20.129*** 0.050
Correct explanations: withdraw AI support 20.104** 0.050
Incorrect explanations: withdraw AI support 20.131*** 0.050
task_load −0.110 0.086
AI trust −0.187 0.132
AI knowledge −0.011 0.060
AI usability 0.063 0.095
participant_ID 0.016 0.029
Log-likelihood 49.9483
Scale 0.0248

Note: Bold values indicate significant interaction effects. �p < 0.1; ��p < 0.05; ���p < 0.01.

Figure 7. The sub-figures present the interaction effects of the transition from the main task to the post-test on the
relationship of the type of AI support on performance.
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advice (e.g., Bansal et al., 2021; Schemmer, Kuehl, et al., 2023) or explored how the correctness of
explanations affects trust and reliance on AI (e.g., Cabitza, Fregosi, et al., 2024; Morrison et al., 2024).
This work investigates how the correctness of AI explanations impacts humans through collaboration
with an AI. In a classification task, participants were assigned to one of four treatments: no AI support,
AI advice only, AI advice with correct explanations, and AI advice with incorrect explanations. We
measured the task performance before, during, and after collaboration to derive humans’ procedural
knowledge, reasoning, and the human–AI team performance. The results show that all AI-assisted treat-
ments led to significantly higher human–AI team performance during the main task compared to the
control group, demonstrating the merits of AI support. However, the correctness of the explanations
played a crucial role: Participants who had received correct explanations exhibited the highest main
task performance, followed by those who received only AI advice without explanations, dominating
those who had received incorrect explanations. Importantly, the findings reveal that the accuracy of the
explanations has a lasting impact on procedural knowledge development. While incorrect explanations
temporarily increase performance during the main task, the procedural knowledge was impaired post-
collaboration, ultimately hindering knowledge retention compared to correct explanations or no explan-
ations. Moreover, these results must be considered with caution. Even though there was an increase in
procedural knowledge, participants’ reasoning capabilities in the incorrect explanation treatment were
below those of the control group. This indicates that incorrect explanations can undermine the durable
benefits of human–AI collaboration despite initial performance improvements. These results contribute
to the HCI literature by underscoring the nuanced effects of explanation accuracy on human–AI collab-
oration. The findings emphasize the importance of designing AI-based support that provides accurate
explanations to not only enhance human decision-making but also maintain and improve humans’ pro-
cedural knowledge and reasoning in the long run. Overall, the study’s key takeaway is that, while AI
support can generally improve performance, the correctness of the explanations provided by the AI is a
crucial determinant of human–AI collaboration, influencing humans’ ability to draw conclusions and
perform the task autonomously post-collaboration with an AI. These insights can inform the design of
more effective and human-centric AI-based decision support systems.

6.2. Theoretical implications

This work makes several contributions to the field of HCI by deepening the understanding of how the
correctness of AI explanations influences humans’ procedural knowledge and reasoning ability, as well
as the human–AI team performance. Although previous research has often focused on the benefits of
AI assistance in enhancing decision-making (Schemmer, Bartos, et al., 2023), this study offers a more
nuanced perspective, highlighting the critical role of explanation correctness on humans’ knowledge
and understanding. It complements the large corpus of HCI literature on XAI (i.e. Morrison et al.,
2024; Schoeffer et al., 2024; Speith, 2022) by explicitly investigating the influence of incorrect explana-
tions for scenarios when the AI advice is correct and identifies the negative repercussions for humans.

6.2.1. The misinformation effect of explanations
The study highlights a crucial risk associated with AI explanations: the potential misinformation effect
to impair procedural knowledge and reasoning through incorrect explanations. The misinformation
effect, extensively studied by Loftus et al. (1978), Loftus and Palmer (1974), describes how exposure to
incorrect information can distort an individual’s memory of an event. This phenomenon extends to AI
explanations, where incorrect explanations can similarly distort humans’ understanding. The integration
of incorrect information through explanations into existing knowledge structures, as discussed by Ayers
and Reder (1998), can lead to significant changes in both procedural knowledge and reasoning.
Incorrect explanations, while potentially unharmful in the short term, can create an illusion of under-
standing, resulting in poorer performance in subsequent tasks without AI support. This phenomenon is
particularly concerning in high-stakes environments such as healthcare or legal decision-making, where
the quality of decision-making has far-reaching consequences (Topol, 2019). For organizations, this
implies that the long-term efficacy of AI hinges not only on their immediate performance but also on
their ability to foster accurate knowledge. Incorrect explanations can lead to a misalignment between
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the AI’s recommendations and humans’ understanding, which may diminish their overall effectiveness
(Morrison et al., 2024). Yet, it also has the potential to impair humans post-collaboration with an AI.
Therefore, organizations must prioritize the development of AI that provides correct and transparent
explanations to ensure sustained, high-quality decision-making and prevent detrimental impacts on
organizational knowledge and performance.

6.2.2. Taking a human-centric perspective
In our study, we could see that the human–AI team performance improved over the participants’ initial
task performance. This pattern, also observed by prior research (Hemmer et al., 2024; Inkpen et al.,
2023), showcases the potential of humans collaborating with AI. Even though the scenario in which the
human–AI team performance exceeds the performance of human or AI alone—also referred to as com-
plementary team performance (Bansal et al., 2019)—could not be reached (due to the study design
choices this was not feasible as the AI advice was always correct), our findings showcase the two sides
of explanations: while correct explanations improve the human–AI team performance compared to
only receiving AI advice (bright side) and demonstrate the merits of XAI, incorrect explanations
decrease the human–AI team performance compared to only receiving AI advice (dark side) and out-
line the pitfalls of XAI. Thus, it is important to implement mechanisms that allow humans to verify the
correctness of explanations, for instance, through reflection mechanisms (Ehsan & Riedl, 2024).
Furthermore, we could also identify AI trust as an influencing factor during the main task and task
load during the post-test. While these findings align with prior research (Buçinca et al., 2021; Ueno
et al., 2022; Westphal et al., 2023), they also emphasize the important role of individuals’ characteristics
and traits in human–AI collaboration. Therefore, research has to anticipate these factors in the design
of robust and safe explanations.

6.2.3. The role of AI
While the focus of our research has mainly been on the humans in our AI-assisted decision-making
study, the AI can take an important role in minimizing the risk of negative repercussions. In our study,
these negative repercussions were expressed by humans’ decreasing procedural knowledge and reason-
ing capabilities post-collaboration. Although this decline was seen in every AI-supported treatment,
incorrect explanations led to the greatest decline, with reasoning ability falling below that of the control
group. Recent research in HCI should, therefore, focus on developing methods in which the AI itself
can warn human collaborators of a potentially incorrect explanation, for instance, by using uncertainty
scores (Huang et al., 2023; Prabhudesai et al., 2023) or cognitive forcing functions (Buçinca et al.,
2021).

6.2.4. Anchoring on explanations
We also take a critical view on the phenomenon prior research has identified in collaboration scenarios
between humans and AI in which the AI provides explanations: the anchoring effect on explanations
(Bansal et al., 2021; Wang et al., 2019). The effect occurs when human decision-makers fixate on the
explanation and form an incorrect understanding. In our study, participants in the incorrect explan-
ation treatment demonstrated this behavior by achieving lower procedural knowledge on the post-test
compared to the other AI-supported treatments and also by showing lower reasoning capabilities than
participants in the control group. As a result, they made the right decisions for the wrong reasons, a
condition often referred to as the Clever Hans Effect (Kauffmann et al., 2020; Schramowski et al.,
2020). Although research has adopted the term to describe AI behavior, in our study, humans demon-
strate this effect. While this illustrates a major incision in the human knowledge structure, it is crucial
for research and practice to develop mechanisms to counteract this effect.

6.2.5. Incorrect explanations can impair long-term knowledge
Our findings also have implications for AI-supported learning. As generative AI tools are increasingly
used as learning aids, especially in situations where humans lack prior knowledge, the accuracy of
explanations becomes essential not just for short-term performance but also for meaningful knowledge
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acquisition. Even when AI advice is correct, incorrect explanations can lead humans to develop flawed
reasoning strategies that persist post-collaboration. This phenomenon, observed in our study, may have
wide-ranging consequences for human knowledge development across domains and suggests that
explanation design must be treated as a pedagogical concern—ensuring that humans not only complete
tasks but also consider and reflect on the content they are engaging with Essien et al. (2024). Thus, if
such AI systems are used as AI-based learning systems, they must be designed to minimize misinfor-
mation, scaffold critical thinking, and support reflective interaction (Lee et al., 2025).

6.2.6. The impact for organizations
Prior research has mainly explored effects that occur during the collaboration of humans and AI. For
instance, Schemmer, Kuehl, et al. (2023) conceptualize the relationship between the appropriateness of
reliance and how it relates to the human–AI team performance. Morrison et al. (2024) advance this
view by the dimension of explanations and explore the effects of their correctness on humans’ appro-
priate AI reliance. By outlining potential downsides of XAI, this work addresses the impact of explana-
tions’ correctness on humans post-collaboration. Our study demonstrates that their procedural
knowledge and reasoning are impaired when they are provided with incorrect explanations, and the AI
support is removed. Taking in a human-centric perspective (Horvati�c & Lipic, 2021), this repercussion
presents harm to not only humans’ individual knowledge development (Bhatt, 2000) but also to their
ability to provide meaningful assets to organizations (Davenport, 1998; Nonaka, 2009). Maintaining
individuals as valuable assets to organizations is crucial because it directly influences organizational
innovation, efficiency, and adaptability in a competitive market. Schemmer et al. (2021) emphasize that
the design of decision-support systems can encourage automation bias and, consequently, deskill
human humans. Sustaining humans’ knowledge development can foster a more resilient and informed
workforce capable of driving sustained success (Grant, 1996).

6.2.7. Reconsidering explanations with generative AI
Our work leverages LLM-generated explanations, which diverge from traditional XAI methods that aim
to reveal a model’s internal logic (e.g., intrinsic methods like decision trees (Mahbooba et al., 2021) or
SHAP for deep learning models (Lundberg & Lee, 2017)). Instead, LLM explanations are generated
through prompting and may not reflect the actual reasoning process behind a decision, bearing the
potential to incorrectly reflect the underlying reasoning for the AI’s decision. This distinction is impor-
tant: our findings demonstrate that even when AI advice is correct, misleading explanations can nega-
tively impact humans’ procedural knowledge and reasoning. As generative AI becomes more common
in collaborative contexts and everyday tasks—such as writing, ideation, and tutoring—the role of
explanations is shifting. They no longer serve purely to justify decisions, but also influence how humans
interpret, learn from, and rely on AI systems.

Recent HCI research has explored how humans engage with LLM-generated content, particularly in
writing contexts. For instance, studies have examined how individuals perceive and utilize LLM-
generated suggestions in writing tasks, focusing on writers’ preferences when interacting with such gen-
erative AI tools (Qin et al., 2025). Similarly, research has investigated the integration of LLMs into
everyday tasks and decision-making, revealing how humans incorporate AI-generated suggestions into
their reasoning (E. Kim et al., 2025).

This body of work highlights a critical gap: while LLMs can produce outputs that appear context-
ually appropriate, they may not accurately represent the model’s internal decision-making processes.
This aligns with findings from Randl et al. (2024), who evaluated the reliability of self-explanations gen-
erated by LLMs. Their study found that these self-explanations often do not faithfully reflect the mod-
el’s reasoning. Meske et al. (2025) describe explanations of generative AI as a shift from using
explanations to make the AI advice transparent to the human, toward using the explanation as an
explanatory support.

Our study highlights the need for caution in presenting LLM outputs as “explanations” and suggests
that future work should develop design strategies that make the constructed and potentially misleading
nature of these outputs more transparent to humans.
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By addressing these complex dynamics, this study contributes to the advancement of HCI as a field,
offering practical insights for the design of AI that are both effective for human–AI collaboration and
beneficial for humans’ procedural knowledge development.

6.3. Practical implications

Based on our findings, we propose design guidelines of AI systems for practice that aim to support
human decision-making without impairing humans’ knowledge development:

6.3.1. Prioritize the correctness of explanations to support long-term knowledge retention
Our results show that while AI support improves immediate task performance—even when explana-
tions are incorrect—this boost can be short-term. Incorrect explanations negatively impact humans’
procedural knowledge and reasoning after collaboration, leading to degraded performance when AI
support is removed. This finding aligns with and extends prior work that highlights the short-term ben-
efits of explanations for human–AI team performance (Bansal et al., 2019; Schemmer, Kuehl, et al.,
2023), by illustrating their potential long-term downsides. In contexts where humans must decide
autonomously—such as those governed by the EU AI Act (European Commission, 2021)—designers
should ensure explanations are reliable and develop mechanisms that enable humans to critically evalu-
ate explanation correctness, such as counterfactuals (Goyal et al., 2019; Schemmer, Bartos, et al., 2023;
Wachter et al., 2017) or post-hoc explanation generation (Hartwig et al., 2024; Xu et al., 2023; Zhou
et al., 2023). For example, designers could implement automated explanation verification pipelines that
flag or revise explanations likely to be incorrect before presenting them to humans. One approach
could be to use the uncertainty scores of the outputs.

6.3.2. Minimize cognitive overload through careful explanation design
Explanations should be informative but not cognitively overloading. Our findings indicate that high
task load, particularly when explanations are incorrect, correlates with impaired procedural knowledge.
This aligns with prior research (Ehsan et al., 2021) and suggests that overly complex explanations, even
those intended to be helpful, can have the opposite effect. Developers of XAI systems should thus bal-
ance informativeness and simplicity, and provide just enough information to aid task performance
without compromising interaction. A practical approach is to provide layered explanations, where
humans can expand or collapse additional details based on their current needs and expertise level.

6.3.3. Account for individual differences in perceived AI usefulness
The participants with higher perceived AI usefulness demonstrated better reasoning—even in the pres-
ence of incorrect explanations. This indicates that human characteristics influence how explanations are
processed. To enhance reasoning, explanation design could be tailored to individuals’ perceived trust
and usefulness of the AI, for instance, through adaptive explanation strategies. This insight adds to
prior work on individualized explanations (Riefle et al., 2022; Spitzer, K€uhl, et al., 2024) and transpar-
ency and reliance in XAI (Ehsan et al., 2018; Lai & Tan, 2019; Morrison et al., 2024), suggesting that
explanation effectiveness is not one-size-fits-all. For instance, AI systems could include an initial cali-
bration phase where humans’ trust and perceived usefulness are assessed (similar to Mozannar et al.,
2023), allowing the system to provide explanations depending on individual preferences.

Taken together, these guidelines highlight the need for a cautious and context-sensitive approach to
explanation design. While explanations may enhance reliance and performance in the moment, they
also carry the risk of misinforming humans and impairing long-term knowledge development.
Especially in organizational or regulated settings, the trade-offs introduced by incorrect explanations
can impact not only individual performance but also broader operational and safety outcomes.

6.4. Limitations and future work

Despite the valuable insights gained from this study, several limitations must be acknowledged, offering
avenues for future research. First, the study explores how incorrect explanations affect humans in AI-
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assisted decision-making. In real-world applications, the interaction with AI that provides only correct
or incorrect explanations is rather unlikely. It presents valuable means to take the first steps to investi-
gate the impact of incorrect explanations, but it does not reflect the real world. In real-world settings,
explanations are often partially correct, incomplete, or ambiguous rather than fully accurate or inaccur-
ate. Future research should explore how such nuanced explanations influence human trust, learning,
and decision-making, as this more closely resembles human–AI interaction in deployed systems.
Additionally, future research could take on this aspect to extend our findings and evaluate how a mix
of correct and incorrect explanations—a mix that is more realistic for deployed AI—affects humans’
procedural knowledge and reasoning. In particular, different ratios of the correctness of explanations
could provide further insights and advance the field.

On top of that, our results might not generalize to every human–AI collaboration scenario. We set up a
study and gain empirical insights for a decision-making task in which we deploy an LLM to support humans
in classifying architectural styles. Even though this task resembles various real-world use-cases in which gen-
erative AI is employed to provide advice and additional reasoning (e.g., patients seeking advice for making
an initial medical diagnosis or receiving advice for financial investments), we cannot generalize our findings
for every context. In different modalities with other task objectives (e.g., content creation) and conditions
(e.g., duration of the study), incorrect explanations might show varying effects. In particular, our study
involved a classification task in a relatively unfamiliar domain—architectural styles—in which participants
were unlikely to possess prior knowledge. Through reference materials and pre-phase tests, we assessed the
difficulty level to be appropriate. While this allowed for tight experimental control, it limits the generalizabil-
ity of our findings to expert tasks or domains where humans bring substantial background knowledge or are
provided with such during decision-making. Future work should evaluate whether the observed effects also
replicate in more complex or knowledge-intensive tasks. In addition, our study used text-based explanations
only. While textual formats are common in many AI applications, explanations can also be visual, inter-
active, or multi-modal. These different formats may shape how humans interpret and respond to incorrect
information. Future research should explore how the explanation modality interacts with the explanation
correctness to influence human outcomes. Finally, we restricted the task interface and measured variables to
those most relevant to our research focus on explanation correctness. However, other interface elements
could potentially influence human behavior and knowledge acquisition, such as AI confidence indicators,
interactive feedback mechanisms, or task complexity variations. Future research should therefore investigate
how these different system characteristics interact with explanation correctness to provide a more compre-
hensive understanding of human–AI collaboration.

Next, the focus of the study was on measuring task performance to derive insights into humans’ pro-
cedural knowledge and inform about the impact on human–AI team performance. In addition, we used
an LLM-based approach to derive the reasoning abilities of participants. First, such an approach to
evaluate the findings poses certain challenges, as LLMs might incorporate biases (Hardy Chen et al.,
2024; Shi et al., 2024). Second, in real-world scenarios, performance might not be the only metric rele-
vant. Other measures, like appropriate reliance (Schemmer, Kuehl, et al., 2023) or fairness (Schoeffer
et al., 2024) in the AI, might also be of high relevance in AI-assisted decision-making, as previous stud-
ies show (Bansal et al., 2021; Hemmer et al., 2023). It is of high importance to explore how these fac-
tors change over time and under the effect of incorrect explanations. Exploring the temporal
implications can extend the views and offer new insights that support the robust and effective design of
AI. Moreover, future research should also investigate strategies for mitigating the negative effects of
incorrect explanations. While we show that misinformation can rapidly distort procedural knowledge,
our study does not assess whether interventions—such as corrective feedback, explanation uncertainty
indicators, or human training—can reduce or reverse these effects. Identifying and testing such mitiga-
tion approaches is crucial for safe and trustworthy AI integration.

Lastly, the study primarily relied on short-term measures based on task performance, which may not
fully capture the long-term impact of AI support on human knowledge and how the correctness of explan-
ations impacts the human–AI team performance. In our work, participants take, on average, 15min to
conduct the study. While such an interaction with AI reflects common real-world scenarios where humans
briefly consult AI systems for immediate decision support (e.g., seeking advice for math equations in
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homework or requesting a classification for quality checks), it limits our ability to observe longer-term
effects. Especially with AI systems being used on an everyday basis, understanding and limiting potential
negative longitudinal effects is crucial. The insights we gained even in this brief interaction suggest that
incorrect explanations can rapidly influence human understanding, though future work should examine
whether these effects persist or evolve over extended periods of engagement. The short-term nature of our
study may actually underestimate the full impact of incorrect explanations, as longer and constant expos-
ure could lead to deeper entrenchment of misunderstandings. This could invoke further critical aspects
(e.g., the ability for autonomous assessment and task execution), especially if the AI support is withdrawn.
Future research could employ longitudinal designs to assess how incorrect explanations influence proced-
ural knowledge development and reasoning over extended periods and across multiple tasks. This
approach would offer a deeper understanding of how different types of explanations contribute to sus-
tained knowledge development, aligning with the principles of human-centered AI.

7. Conclusion

This work sets out the first steps toward investigating the effect of incorrect explanations on the human
and the human–AI team. By doing so, we take a human-centric perspective and analyze the repercus-
sions of incorrect explanations on task performance to derive insights into humans’ procedural know-
ledge and reasoning. In an online study, we assessed the impact of such explanations, specifically after
the AI support is withdrawn, and humans must act autonomously.

With our work, we make several contributions to the HCI field: First, we identify a misinformation
effect caused by incorrect explanations, which impairs humans’ procedural knowledge and reasoning.
Second, we offer insights into how such incorrect explanations limit human–AI team capabilities.
Finally, we provide guidelines for the effective and safe design of explanations that can foster AI-
assisted decision-making. So we can eventually imagine: the AI provides a correct explanation for differ-
entiating the architectural styles. You pass your exam.
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