European Journal of Information Systems

<2y, premar, e Toyhor & Francis G
o o
- Tooe & rane

ISSN: 0960-085X (Print) 1476-9344 (Online) Journal homepage: www.tandfonline.com/journals/tjis20

©

Taylor & Francis

Taylor & Francis Group

Tell me more, tell me more: the impact of
explanations on learning from feedback provided
by Artificial Intelligence

Maximilian Forster, Hanna R. Broder, Marie C. Fahr, Mathias Klier & Lior Fink

To cite this article: Maximilian Férster, Hanna R. Broder, Marie C. Fahr, Mathias Klier & Lior
Fink (2025) Tell me more, tell me more: the impact of explanations on learning from feedback
provided by Artificial Intelligence, European Journal of Information Systems, 34:2, 323-345, DOI:
10.1080/0960085X.2024.2404028

To link to this article: https://doi.org/10.1080/0960085X.2024.2404028

A
© 2024 The Author(s). Published by Informa h View supp|ementary material 2
UK Limited, trading as Taylor & Francis

Group.
% Published online: 23 Sep 2024. Submit your article to this journal
. . A
IIII Article views: 5101 & View related articles @
@ View Crossmark data (& @ Citing articles: 5 View citing articles &

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journallnformation?journalCode=tjis20


https://www.tandfonline.com/journals/tjis20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/0960085X.2024.2404028
https://doi.org/10.1080/0960085X.2024.2404028
https://www.tandfonline.com/doi/suppl/10.1080/0960085X.2024.2404028
https://www.tandfonline.com/doi/suppl/10.1080/0960085X.2024.2404028
https://www.tandfonline.com/action/authorSubmission?journalCode=tjis20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tjis20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/0960085X.2024.2404028?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/0960085X.2024.2404028?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/0960085X.2024.2404028&domain=pdf&date_stamp=23%20Sep%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/0960085X.2024.2404028&domain=pdf&date_stamp=23%20Sep%202024
https://www.tandfonline.com/doi/citedby/10.1080/0960085X.2024.2404028?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/0960085X.2024.2404028?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=tjis20

EUROPEAN JOURNAL OF INFORMATION SYSTEMS ;‘I’ﬂ OPERATIONAL
2025, VOL. 34, NO. 2, 323-345 <z 25%%‘5‘%?“
https://doi.org/10.1080/0960085X.2024.2404028 >

Taylor & Francis
Taylor & Francis Group
8 OPEN ACCESS W) Check for updates

Tell me more, tell me more: the impact of explanations on learning from
feedback provided by Artificial Intelligence

RESEARCH ARTICLE

Maximilian Forster?, Hanna R. Broder?, Marie C. Fahr?, Mathias Klier* and Lior Fink{»®

3Institute of Business Analytics, University of Ulm, Ulm, Germany; "Department of Industrial Engineering & Management, Ben-Gurion
University of the Negev, Beer Sheva, Israel

ABSTRACT

Whereas learning is one of the primary goals of Explainable Artificial Intelligence (XAl), we know little
about whether, how, and when explanations enhance users’ learning from feedback provided by
Artificial Intelligence (Al). Drawing on Feedback Theory as a fundamental theoretical lens, we
formulate a research model wherein explanations enhance informativeness and task performance,
contingent on users’ prior knowledge, ultimately leading to a higher learning outcome. This
research model is tested in a randomized between-subjects online experiment with 573 participants
whose task is to match Google Street View pictures to their city of origin. We find a positive effect of
explanations on learning outcome, which is fully mediated by informativeness, for users with less
prior knowledge. Furthermore, we find that explanations positively impact users’ task performance,
where this effect is direct for more knowledgeable users and fully mediated by informativeness for
less knowledgeable users. We seek to elucidate the mechanisms underlying these effects of
explanations on learning from Al feedback in focus groups with Al experts and users. By studying
the consequences of explanations as part of Al feedback for users in non-routine inference tasks, we
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advance the understanding of explanations as facilitators of human learning from Al systems.

1. Introduction

Explainable Artificial Intelligence (XAI) serves to
improve human interaction with Artificial Intelligence
(AI) by automatically providing explanations alongside
Al decisions (Adadi & Berrada, 2018). Among different
goals of XAI, including the evaluation, improvement,
and justification of Al systems, an important goal is to
help users learn from Al systems (Meske et al., 2022).
While learning from AI systems can take place in
various contexts and tasks, the potential of Al systems
to enhance human learning is particularly significant
for humans who perform non-routine inference tasks
(e.g., Gavaz et al., 2021). This significant potential for
human learning is rooted in the unique characteristics
of Al learning (Jia et al., 2023). AI learns in inference
tasks (i.e., tasks that have a right or wrong answer)
through complex processes of data processing and ana-
lysis, which yield highly accurate decisions even for
difficult tasks, thereby providing higher learning capa-
city than any other technology (Baird & Maruping,
2021; Nishant et al., 2023). By contrast, humans rely
on the application of critical and creative thinking skills
to overcome their lack of knowledge (Chong et al,
2018). Thus, AI can supplement the human creativity-
driven learning approach by data-driven insights
(Candelon et al., 2023; Jia et al., 2023; Nishant et al.,
2023; Van den Broek et al., 2021). Al has the potential

to advance human learning by improving users’ cogni-
tive skills (Jia et al., 2023), particularly when users
engage in non-routine tasks about which they are less
knowledgeable, implying that they have much to learn
from the AI. However, a common barrier to such
learning is the opacity of AI models, which prevents
humans from understanding on which insights AI deci-
sions are based (Berente et al., 2021). By revealing how
Al models arrive at their decisions, XAl is promising to
improve human learning from AI systems, particularly
in non-routine inference tasks in which decision accu-
racy can significantly benefit from reliance on AL
However, the ability of XAI to facilitate learning has
received little research attention. Existing literature on
the impact of XAI on human-AI interaction is mostly
related to how explanations serve the purpose of jus-
tifying Al decisions. By contrast, the purpose of
improving human learning from Al systems is poorly
understood. Whereas explanations generally justify AI
decisions before users make decisions, learning from
Al systems may particularly occur during the assess-
ment of user decisions, implying AI augmentation in
the form of feedback (Leyer et al., 2020). AI feedback is
the information a user receives from an Al system,
which can be employed to alter the user’s knowledge
gap after they have conducted a task and carried out
their own solution (Hattie & Timperley, 2007;
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Wongvorachan et al., 2022). Feedback in human
learning processes allows humans to make sense of
information to reduce the gap between their initial
level of knowledge and a reference level
(Wongvorachan et al., 2022). Whereas Al augmenta-
tion in the form of Al feedback has recently gained
importance (Hall et al., 2022), the role of explanations
as part of Al feedback has yet to be explored. It is an
open question whether explanations alongside Al
decisions enrich the information contained in AT feed-
back so that users can better learn from the feedback,
particularly in non-routine inference tasks, wherein
there is greater potential for such feedback to enhance
users’ learning.

Endeavouring to address this open question, the
purpose of this paper is to examine the impact of
providing automatically generated explanations
alongside AI decisions in Al feedback on users’ learn-
ing. We position our research in the field of Al aug-
mentation of human decision-making, which covers
situations in which users perform a non-routine infer-
ence task and are provided with AI feedback after
having made a decision. Given this position, we draw
on Feedback Theory to investigate the effect of auto-
matically generated explanations on learning outcome
in non-routine inference tasks, mediated through
informativeness and task performance, which have
been highlighted in the literature as important
mechanisms for understanding the effect of feedback
on learning. We further rely on Feedback Theory to
shed light on the role of users’ prior knowledge in
moderating the effects of explanations. We test the
resulting  research  model by  conducting
a randomized between-subjects online experiment
with 573 participants wherein we manipulate the exis-
tence of automatically generated explanations. In the
experiment, participants learn from feedback provided
by a state-of-the-art AI model and local explanations
produced by an XAI method for image classification.
We find a positive effect of explanations on learning
outcome, fully mediated by informativeness, for users
with less prior knowledge, who are positioned to ben-
efit the most from AI feedback given their larger
knowledge gap. Furthermore, we find that explana-
tions positively impact users’ task performance,
although this effect is mediated by informativeness
for users with less prior knowledge. We conduct four
focus groups with a total of 10 Al experts and 10 Al
users to validate the results of the online experiment
and to better understand the mediating role of infor-
mativeness and the moderating role of users’ prior
knowledge in the effect of explanations on learning
from AI feedback.

Three important theoretical contributions arise
from this study. First, we advance the understanding
of how and when automatically generated explana-
tions influence users’ learning from AI feedback in

non-routine inference tasks. Second, we contribute
to the body of knowledge on Feedback Theory by
applying this theory to further understanding of XAlI,
thereby demonstrating the insight that can be gained
by conceptualizing Al systems and explanations as
sources of feedback for users. Third, we view XAI
through a behavioural lens, thus complementing the
extensive algorithmic research on how to develop XAI
with behavioural research on how XAI impacts
human-AI interaction. We, consequently, address the
call for theoretical and empirical contributions to
sharpen the understanding of the importance of XAI
for human-AlI interaction (Bayer et al., 2021; Brasse
et al,, 2023). From a practical standpoint, our findings
offer implications for organisations and developers
that wish to leverage the potential of Al. The findings
suggest that supplementary implementation of XAI
methods alongside AI models can help users with
less prior knowledge, such as novice employees, to
learn from AI feedback, as well as help broader popu-
lations of employees and clients to improve their task
performance.

We start by providing an overview of the theoretical
background and related work. Then, we develop the
research model, describe the methodological approach
for testing our hypotheses, and present our data ana-
lysis and results. We next present the focus groups we
conducted to validate and better understand our find-
ings. Subsequently, we describe our key findings,
implications for theory and practice, and future
research directions. We conclude with a summary.

2. Theoretical background and related work

Learning can be modelled as a cycle with different
stages in which learners change their cognitive states,
and thus their performance, due to the provision of
feedback (Bangert-Drowns et al., 1991; Maier & Klotz,
2022). Learners start from an initial level of knowledge.
After receiving a certain task, they activate their stored
search and retrieval strategies to find an appropriate
solution based on their actual level of knowledge.
Subsequently, they carry out this solution. This is fol-
lowed by the opportunity to receive information about
whether and why their solution was correct or not, i.e.,
feedback. This response gives learners the opportunity
to evaluate their solution, possibly leading to a new level
of knowledge (Lipnevich & Panadero, 2021).

AT augmentation of human decision-making in the
assessment of results through feedback (Leyer et al.,
2020) can enrich this learning cycle (Bangert-Drowns
et al., 1991), as humans make sense of information to
reduce their knowledge gap (Wongvorachan et al,
2022). We draw on the conceptualizations of
Feedback Theory to define AI feedback as the infor-
mation a user receives from an Al system, which can
be employed to alter the user’s knowledge gap after



they have conducted a task and carried out their own
solution (Hattie & Timperley, 2007; Wongvorachan
et al., 2022). An AI system comprises an Al model,
which produces an AI decision, i.e., the Al system’s
solution for the task. The AI system’s solution pro-
vides information on whether the user’s solution is
correct or not. Additionally, an AI system can feature
an XAI method, which generates an explanation
alongside the AI decision (Gunning & Aha, 2019).
The explanation provides information on why the
user’s solution is correct or not, based on the Al
decision. Thus, Al feedback necessarily comprises the
AT decision and - if an XAI method is present -
a corresponding explanation provided by the Al
system.

Al feedback is particularly relevant to users who
perform non-routine inference tasks. IS literature dis-
tinguishes between routine and non-routine tasks
(e.g., Goodhue, 1995). To perform routine tasks,
which are also referred to as “questions” or “exercises”
(Krulik & Rudnick, 1993), users can apply known
rules and procedures without the need to conduct
reasoning (Chong et al., 2018). By contrast, non-
routine tasks are perceived as more challenging with
lower likelihood of successful completion (Elia et al.,
2009). Compared to routine tasks, users conducting
non-routine tasks are faced with a significant knowl-
edge gap, where feedback can help reduce the knowl-
edge gap and increase task performance (Gavaz et al.,
2021). In addition, to perform non-routine tasks, users
cannot rely on a structured and “well-rehearsed
approach or pathway” (Woodward et al., 2012,
p. 11), but require creative and original thinking
(Beghetto, 2017). Compared to routine tasks, conduct-
ing non-routine tasks is closely connected to learning.
AT feedback can augment human decision-making in
preference tasks, as a question of personal preference
that is evaluated against internal criteria, and inference
tasks, defined by the presence of an external criterion
for evaluating task performance (Luan et al.,, 2014).
While AI feedback can be utilized to achieve a new
level of knowledge for both preference and inference
tasks, learning in preference tasks relies on the inter-
pretation of users’ subjective intents (Dodeja et al.,
2024). By contrast, inference tasks are associated
with well-defined, objective metrics with a ground
truth, making them most amenable for mathematical
and statistical modelling techniques such as AI (Hastie
et al., 2009). In sum, feedback is particularly needed to
augment human decision-making in non-routine
tasks, and Al feedback appears particularly effective
in inference tasks.

Feedback Theory explores the role of feedback in
learning processes, with feedback being generally
regarded as one of the most powerful influences on
learning (Lipnevich & Panadero, 2021). Three dimen-
sions influence the effectiveness of feedback:
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Conditions related to the instructional content, condi-
tions related to the external feedback agent, and condi-
tions related to the learner (Narciss, 2013). First,
conditions related to the instructional content include
the instructional domain and topic, the requirements of
the learning task, and the instructional materials
(Narciss, 2013). Often, these conditions are predefined,
for example by a company’s field and strategy in the
context of corporate learning, or by curricula at schools
or universities. Second, conditions related to the feed-
back agent include the agent’s knowledge, credibility,
and technical attributes (Narciss, 2013). For instance,
researchers emphasize the importance of the agent’s
design, mode of feedback delivery, timeliness of feed-
back (Lipnevich et al., 2016), and informativeness of
provided feedback (Goldin et al., 2017; Rai et al., 2002).
One example are explanations, ie., human-
understandable reasoning for a respective input-
output-mapping (Abdul et al.,, 2018). They serve to
mitigate the black-box nature of Al systems by reveal-
ing to users how underlying Al models arrive at deci-
sions (Abdul et al., 2018; Forster et al., 2020a). This goal
is often achieved through post-hoc explainability, i.e.,
showing why the AI model has arrived at its decision
through “after-the-fact rationale [...] for system out-
puts” (Keane & Kenny, 2019, p. 3). Finally, the effec-
tiveness of feedback for learning is strongly influenced
by the conditions of the learner, i.e., individual contex-
tual factors. These factors can facilitate or constrain
how well learners are able to improve their competen-
cies toward the desired reference level when provided
with feedback by an external agent (Lipnevich et al.,
2016). Research on feedback and learning puts empha-
sis on individual conditions of the learner. Unlike con-
ditions related to the instructional content and
conditions related to the external feedback agent, con-
ditions of the learner are hard to control, yet they have
considerable impact on feedback effectiveness (Narciss,
2013). Various individual contextual factors, summar-
ized in Table 1, have been highlighted in research on
the effectiveness of feedback for learning. Prior knowl-
edge has been a common thread in these studies — both
in early pioneering papers (e.g., Ramaprasad, 1983) as
well as in more recent work (e.g., Panadero et al., 2018).

In IS literature, feedback provided by Al has been
investigated in the context of decision support systems
(DSS), defined as “interactive computer-based sys-
tems, which help decision makers utilize data and
models to solve unstructured problems” (Sprague,
1980, p. 1). The usage of Al in DSS serves to enhance
their predictive capabilities (Malak et al., 2019; Tyler &
Jacobs, 2020). Besides the role of DSS to assist users
prior to making a decision, research has recognized
the potential of DSS to offer feedback after a decision
has been made (e.g., Te’eni, 1991). So far, a limited
number of studies investigated feedback mechanisms
in DSS. The pioneering papers by Stone (1995) and
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Table 1. Individual contextual factors influencing the effectiveness of feedback.

Individual contextual
factor(s)

Brief description of impact on effectiveness of feedback

Example

Knowledge gap

The knowledge gap influences how feedback affects learning. The purpose of feedback is to reduce the Ramaprasad (1983)

knowledge gap between the learner’s current knowledge level and a reference level. For feedback to
be effective, the knowledge gap needs to be considered.

Response certitude
Learner’s initial state
Individual differences

Individual factors
feedback interventions.
Learner factors
users’ learning.
Prior knowledge
with prior knowledge.
Individual cognitive
factors

Response certitude - the degree to which the learner expects their response to be a correct one -
depends on prior knowledge and influences the effectiveness of feedback.

Feedback is more effective when learners demonstrate mindfulness of feedback, which is influenced by Bangert-Drowns
the learners’ initial state, i.e., factors, such as prior knowledge and interests.

Individual differences, such as domain knowledge, motivational beliefs, and strategy knowledge,
influence the effectiveness of feedback by shaping the interpretation of feedback.

Individual factors, such as task novelty, creativity, and self-esteem, moderate the effectiveness of

Kulhavy and
Stock (1989)

et al. (1991)
Panadero et al.

(2018)
Kluger and

DeNisi (1996)

Learner factors, such as ability, prior success, and gender, are relevant for the effectiveness of feedback on Lipnevich et al.

(2016)

Effectiveness of feedback depends on whether an appropriate type of feedback is selected in accordance Mason and

Bruning (2001)

Feedback should consider learners’ objectives, prior level of knowledge and competencies, and prior level Narciss (2013)
of motivation and vocational skills to be effective.

Te’eni (1991) suggest that DSS feedback can positively
influence users’ learning and underpin the importance
of the design of DSS feedback. Later studies pursued
this fundamental idea and investigated what constitu-
tes effective DSS feedback. Montzemi et al. (1996)
conducted two experiments with inference tasks
where DSS feedback served to help users correct
their initial decisions. Their findings indicate that
informative guidance is more helpful than suggestive
guidance, implying that users need to not only know
what they should do next but also understand why
they are doing it. Chenoweth et al. (2004) investigated
whether and how DSS feedback influences users’ will-
ingness to expend effort in decision-making. Their
study demonstrates that users are willing to expend
more effort if potential accuracy gains are made sali-
ent. Kayande et al. (2009) supplement these insights by
showing that users will be more likely to accept DSS
feedback when their own mental model, i.e., their
understandings, reasonings, and predictions, are
aligned with the model embedded in the DSS. Taken
together, these studies suggest that DSS feedback
should be interpretable for users and provide informa-
tion beyond mere corrective suggestions. However,
literature has not yet investigated the impact of expla-
nations in DSS feedback. Furthermore, there is a lack
of understanding on how to operationalize the value of
DSS feedback from the users’ perspectives.
Explanations in DSS feedback are even more rele-
vant for DSS that build on AI models, because the
black-box nature of Al models makes respective feed-
back less interpretable to users (Antoniadi et al., 2021;
Schoonderwoerd et al., 2021). XAI methods can help
render DSS feedback interpretable to users by auto-
matically generating explanations along Al decisions
(Meske et al., 2022). Recent XAI research emphasizes
the need to explicitly study the isolated effect of expla-
nations in DSS, without interference from other
design characteristics (Nguyen et al., 2024). While
empirical evidence on the impact of explanations on

DSS users is generally rare (Brasse et al., 2023), exist-
ing studies focus on explanations in DSS that assist
users prior to making a decision. In such settings,
empirical insights shed light on the role of explana-
tions for concepts like trust (e.g., Aechtner et al., 2022;
Hamm et al.,, 2023), understanding of the AI system
(e.g., Sieger et al., 2022; Van der Waa et al.,, 2021),
perception of the Al system (e.g., Klein et al., 2023; Y.-
F. Wang et al,, 2023), and task performance (Van der
Waa et al.,, 2021; Walter et al., 2023). There is a lack of
understanding of how explanations affect learning,
which is relevant when DSS provide feedback after
users have made a decision.

3. Hypothesis development

While the IS literature acknowledges that algorithmic
feedback should be interpretable for users to enable
learning, the impact of explanations on learning from
such feedback has yet to be investigated, despite the
recognized importance of learning in IS use.
Furthermore, the IS literature is mute on how to con-
ceptualize and operationalize the value of such feed-
back for learning from the users’ perspectives. In this
study, we develop a research model to describe the
effects of automatically generated explanations as part
of Al feedback on users’ learning outcome in non-
routine inference tasks. Based on Feedback Theory as
our theoretical lens, we explore how Al feedback can
assist humans in reducing their knowledge gap
(Wongvorachan et al,, 2022), suggesting that prior
knowledge is a key individual contextual factor that
moderates the effects of explanations. Through the
same theoretical lens, we consider informativeness as
reflecting the value of feedback from the users™ per-
spectives, suggesting that informativeness is a key con-
dition of the feedback agent that mediates the effect of
explanations on learning outcome. Table 2 sum-
marises the key concepts we use in hypothesis
development.
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Concept

Definition

Explanations

The provision of automatically generated explanations (Abdul et al., 2018) as part of Al feedback

Informativeness The user’s perception of the value of information in Al feedback, i.e., relevance, usefulness, accuracy of as well as satisfaction with
information provided by the Al system (Goldin et al., 2017; Rai et al., 2002)

Learning The user’s subjective evaluation of their learning with respect to their task derived from the usage of Al feedback (Li et al., 2019)
Outcome

Task An objective measure of the user’s task performance (Hall et al., 2022)
Performance

Prior The user’s prior knowledge regarding the task (Bangert-Drowns et al., 1991; Bayer et al., 2021)
Knowledge

3.1. Explanations

For users receiving Al feedback in non-routine infer-
ence tasks, explanations are hypothesised to have
a direct impact on the informativeness of Al feedback
and on the user’s task performance, which are consid-
ered as important antecedents of learning outcome
according to Feedback Theory.

As elaborated above, the effectiveness of feedback
is influenced by the value of feedback for the users.
Informativeness describes this value — more pre-
cisely, the user’s perception of the value of informa-
tion in Al feedback, i.e., the relevance, usefulness,
accuracy, and satisfaction with the information pro-
vided by the Al system (Goldin et al., 2017; Rai et al.,
2002). According to Tempelaar et al. (2015), feedback
is informative when two conditions are met: It must
be predictive and must enable intervention. Because
of its predictive capabilities (e.g., Adadi & Berrada,
2018), an Al model generating decisions can satisfy
the first condition. Designing AI feedback in a way
that enables intervention is more complex. Due to the
black-box nature of AI models, AI decisions only
reveal whether a solution is correct or incorrect -
but not why (Meske et al., 2022). Automatically gen-
erated explanations alongside Al decisions uncover
the reasoning of the underlying AI model (e.g., Adadi
& Berrada, 2018), thereby revealing to a user why
a particular solution is correct or incorrect. In addi-
tion, explanations can help to clarify ambiguous
issues that may be raised by AI decisions and provide
additional information of value. Therefore, if the AI
system features an XAI method that generates expla-
nations, Al feedback also allows for intervention,
thereby boosting the perceived relevance of (e.g.,
Conati et al., 2021), usefulness of (e.g., Hamm et al,,
2021), and satisfaction with (e.g., Conati et al., 2021)
the information provided by the AI system.
Consequently, explanations enrich Al feedback, as
demonstrated by its positive impact on various char-
acteristics of informativeness. We thus formulate the
following hypothesis:

HI1: Users receiving explanations in addition to Al
decisions perceive the informativeness of Al feedback
as higher than users receiving Al decisions only.

While informativeness represents the subjective
direct effect of explanations, learning outcome is
also likely to be contingent on the ability of expla-
nations to improve objective performance. In many
cases, the desired outcome of human-AlI interaction
is an increase in users’ objective task performance
(Brasse et al., 2023). Al is often used for decision
support, where subsequent task performance
depends on whether users trust and follow the Al
system’s solutions (Brasse et al., 2023). When
investigating how automatically generated explana-
tions impact the user’s learning from AI feedback,
task performance refers to the user’s objective
learning progress in subsequent tasks. In previous
studies, interaction with AI systems has been found
to enhance the user’s task performance in e-learn-
ing contexts through both decision support and
feedback mechanisms (Kabudi et al., 2021). It has
been suggested that the provision of explanations
alongside AI decisions as a decision support tool
may even enhance the positive impact of Al sys-
tems on task performance by providing additional
information on how a decision was derived,
enabling users to better challenge AI decisions
before carrying out their solution as part of the
learning cycle (Schemmer et al., 2022). Also, in
the context of AI systems as upfront advice, pro-
viding users not only with the AI decision but also
with explanations has been shown to improve the
user’s performance (Van der Waa et al., 2021;
Walter et al., 2023). This effect is attributed to the
ability of explanations to reduce the cognitive load
on users (Lai & Tan, 2019), leaving more capacity
for cognitive activities. These positive implications
of explanations in Al-based decision support are
likely to similarly enhance users’ task performance
in AI feedback. As explanations support users
throughout their learning cycle with more insights
as a basis for intervention, we expect them to
increase users’ knowledge level, resulting in
a higher probability of correct solutions in their
next task. Thus, we expect Al feedback to increase
task performance even more when it includes
explanations in addition to AI decisions.
Therefore, we postulate the following hypothesis:
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H2: Users receiving explanations in addition to Al
decisions have higher task performance than users
receiving Al decisions only.

3.2. Informativeness

We hypothesise that informativeness, i.e., the user’s
perception of the value of the information provided by
AT feedback, is positively related to two constructs in
our research model, namely task performance and
learning outcome. First, we expect higher informative-
ness to enhance users’ task performance. Feedback
Theory suggests that providing feedback to users can
challenge their initial solutions, possibly leading to
a new level of knowledge (Bangert-Drowns et al.,
1991). Feedback can be characterised as informative
if users perceive the value of the information in the
feedback as relevant, useful, accurate, and satisfactory
(Goldin et al., 2017; Rai et al., 2002). Therefore, we
expect feedback that is positively valued by its recipi-
ents to also be more likely to be used to challenge
initial solutions and to be considered for future solu-
tions. Current literature already emphasises the
impact of higher usefulness and satisfaction associated
with a system on use intentions (e.g., Conati et al.,
2021; Hamm et al,, 2021). Therefore, we expect infor-
mativeness to stimulate users’ processing of Al feed-
back, leading to higher task performance on future
tasks. If AI feedback is less informative for users,
they are less likely to rely on it to improve their future
performance. We therefore put forward the following
hypothesis:

H3: Informativeness of Al feedback for users is posi-
tively associated with their task performance.

Second, we suggest that informativeness positively
affects learning outcome, which represents users’” sub-
jective evaluation of their learning with respect to their
task derived from using the AI system (Li et al., 2019).
While task performance can be an indicator of
whether the users’ performance has indeed improved
during the learning process, learning outcome
describes the learning success from the users’ perspec-
tives. Highly informative feedback, i.e., feedback that
is predictive and enables intervention from the users’
perspectives (Tempelaar et al., 2015), is hypothesised
to increase users’ perceived learning success, as it helps
users to understand not only what mistakes they have
made, but also how to avoid them in the future
(Wisniewski et al., 2020). As a result, researchers
draw a direct link between informativeness and learn-
ing outcome (e.g., Panigrahi et al., 2021). If Al feed-
back is less informative for users, they are less likely to
perceive its usage as contributing to their learning. We

therefore expect the informativeness of Al feedback to
be positively associated with users’ learning outcome,
as described in the following hypothesis:

H4: Informativeness of Al feedback for users is posi-
tively associated with their learning outcome.

3.3. Task performance

We hypothesise that task performance is positively
associated with learning outcome. Users who increase
their task performance during a learning process are
expected to also perceive their learning outcome asso-
ciated with this process as more positive. Previous
research has already described the association between
objective learning outcome and perceptions of learn-
ing outcome (e.g., Lopez-Pérez et al., 2011; Quadir
et al,, 2022). For example, Quadir et al. (2022) find
a positive relationship between objective learning
results and subjective learning perceptions when
users are engaged in a blog-based interactive learning
environment. Lopez-Pérez et al. (2011) observe that
for students using blended learning in higher educa-
tion, objective final grades are interrelated with learn-
ing perceptions. Similarly, in our context of learning
from Al feedback, we expect a positive correlation
between objective and subjective learning outcomes.
When users increase their task performance due to the
provision of explanations as part of Al feedback, they
are likely to increase their understanding and knowl-
edge of the task. Consequently, they are expected to
perceive their learning outcome as more positive. We
therefore propose the following hypothesis:

H5: Task performance of users of Al feedback is
positively associated with their learning outcome.

3.4. Moderating effects of prior knowledge

Both early pioneering work and more recent work on
learning from feedback emphasise the role of prior
knowledge as a core user-related condition that deter-
mines the extent to which users can improve their
competences towards the desired reference level
when provided with feedback from an external agent
(Narciss, 2013). Consequently, we hypothesise that
prior knowledge moderates both direct effects of
explanations, specifically, their positive effects on
users’ perceptions of the informativeness of Al feed-
back and on users’ task performance.

First, we expect prior knowledge to moderate the
effect of explanations on informativeness. Prior
knowledge determines the knowledge level of users
upon starting the task. This knowledge level is con-
sequential because users’ response to Al feedback is



largely contingent on how the task is related to their
prior knowledge (Kulhavy & Stock, 1989).
Knowledgeable users may perceive feedback as redun-
dant or too simple and, consequently, become disin-
terested in feedback (Bangert-Drowns et al., 1991).
Therefore, the inclusion of explanations in Al feed-
back is less likely to have the hypothesised positive
effect on informativeness for these users, who have less
to benefit from Al feedback to begin with. By contrast,
less knowledgeable users are expected to take greater
account of feedback because it helps them overcome
the significant gap between their initial knowledge and
the knowledge required to be successful in the task. As
a result, the positive effect of explanations on the
informativeness of Al feedback is expected to be larger
for less knowledgeable users. In other words, the same
explanations will be more informative to less knowl-
edgeable users and less informative to more knowl-
edgeable users. Thus, we hypothesise that the effect of
explanations on the informativeness of Al feedback is
negatively moderated by users’ prior knowledge and
propose the following moderation hypothesis:

Hé6: Prior knowledge of users of Al feedback nega-
tively moderates the effect of explanations on infor-
mativeness, so that the effect is higher when prior
knowledge is lower.

Second, we expect prior knowledge to moderate the
effect of explanations on task performance. According
to Feedback Theory, feedback helps to close the gap
between an initial knowledge level and a reference
level (Ramaprasad, 1983), and this gap is largely deter-
mined by users’ prior knowledge (Mason & Bruning,
2001). Differences in levels of knowledge are mani-
fested as differences in levels of performance, where
higher knowledge should lead to higher performance.
For less knowledgeable users, the gap between their
preexisting level of performance and the desired level
is larger than for more knowledgeable users.
Therefore, the less knowledge users possess when
they begin the task, the greater the potential of

Prior
Knowledge

Hé6(-)
Hi(+)| y

Explanations
Yes/No

Figure 1. Research model.
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feedback to improve their performance. Explanations
provide insights into why a user’s solution may be
correct or incorrect and form the basis for user inter-
ventions, as long as the explanations are novel from
the user’s perspective. For users with less prior knowl-
edge compared to those with more prior knowledge,
explanations are more likely to provide novel insights,
stimulate more interventions, and thus lead to greater
performance improvements. Therefore, we hypothe-
sise that the effect of explanations on users’ task per-
formance is negatively moderated by users’ prior
knowledge. This hypothesis can further be substan-
tiated by building on the feedback model formulated
by Panadero et al. (2018), who postulate that users
lacking prior knowledge are more receptive to assis-
tance, such as feedback. More intensive incorporation
of feedback in developing evaluative judgements ulti-
mately leads to improved performance. We thus for-
mulate a second moderation hypothesis:

H7: Prior knowledge of users of Al feedback nega-
tively moderates the effect of explanations on task
performance, so that the effect is higher when prior
knowledge is lower.

Our research model is graphically depicted in Figure 1.

4, Experimental method

To empirically test our hypotheses, we conducted
a randomized between-subjects online experiment
with a treatment and a control group. We aimed at
designing an experimental setting in which users can
learn from AI feedback over multiple rounds of the
same task and which resembles real-world AI feed-
back situations. The participants’ task was to match
Google Street View pictures to their city of origin. As
part of the experiment, an AI system was providing
participants with AI feedback for their task. For the
control group, Al feedback consisted only of the AI
decision for the same task. This feedback could be
used by participants to assess whether their own

H4(+)
H3(+)

Learning
Outcome
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decision was correct or not. For the treatment group,
the feedback consisted of the AI decision paired with
a visual explanation. We implemented a state-of-the-
art AI model and XAI method for image classifica-
tion, which is one of the major tasks of Al systems
with increasing attention in XAI research (e.g.,
Pierrard et al., 2021).

4.1. Experimental setting and Al system

We conducted an online experiment in which par-
ticipants were supported with AI feedback in
a non-routine inference task, specifically matching
Google Street View pictures with their originating
city over 11 rounds. As defined above, an Al sys-
tem can consist of an AI model (producing Al
decisions) only or an Al model plus an XAI
method (automatically generating explanations
alongside AI decisions). After each match, the par-
ticipants received feedback in the form of an Al
decision (control group) or an Al decision paired
with a visual explanation (treatment group).
Google Street View pictures originated from four
cities — Berlin and Hamburg in Germany and Tel
Aviv and Jerusalem in Israel. Four cities in two
different countries were chosen to include both
pictures featuring more obvious differences
between cities in Western Europe and in the
Middle East, as well as pictures featuring more
subtle differences between cities within each coun-
try. Cities were selected due to popularity (e.g., size
and touristic importance) and distinctive differ-
ences with regards to building style. Figure 2 illus-
trates an exemplary round for the treatment group.
Here, the automatically generated explanation
highlights, for instance, the red brick buildings

typical of Hamburg, representing the pixels in the
picture that were particularly relevant for the Al
decision. Participants in the control group did not
receive this visual explanation for why the Al deci-
sion was “Hamburg”.

The dataset was extracted from Google Street View.
To provide all participants with Al decisions, we
trained a neural network representing a typical black-
box Al model. To create visual post-hoc explanations
alongside Al decisions for the treatment group, we
used the model-agnostic XAI method LIME. In the
following, the dataset, AI model, and XAI method are
described in more detail.

4.1.1. Dataset

We extracted 15,000 pictures originating from Berlin
and Hamburg in Germany and Tel Aviv and Jerusalem
in Israel from Google Street View on January 4 2022.
These pictures were divided into 80% training and
20% test data, as common in the literature (Gholamy
et al., 2018).

4.1.2. Al model

As Al model, we implemented a neural network with
a MobileNetV2 architecture, which is state-of-the-art
for image classification (Sandler et al., 2018). We per-
formed hypermeter tuning with the 12,000 training
data pictures to optimize the parameters of the net-
work, such as alpha value, optimizer, and number of
frozen layers. The optimized network was subse-
quently used to classify a picture’s city of origin (i.e.,
Berlin, Hamburg, Tel Aviv, or Jerusalem). We
achieved an accuracy of 0.88 on the test data, which
is a common value in practice (e.g., Ahsan et al., 2020).
The neural network served to represent a typical
black-box AI model.

Your guess: Where has this Google
Streetview picture been taken?

Your guess is: Berlin

?
What do you guess, Al? %

My guess is: Hamburg
In particular, the colored areas below
have helped me form my guess.

A

Figure 2. Screenshots from the experiment illustrating one round for the treatment group.



4.1.3. XAl method

For the treatment group, we transformed the Al sys-
tem into an explainable one by adding an XAI method
to the AI model, which automatically generates visual
explanations alongside AI decisions. We implemented
LIME, which has already been used for various Al
applications in the context of image classification
(Schallner et al., 2020). In our study, we used LIME
to mark areas of the picture that were particularly
relevant for the Al decision.

We built upon an instantiation of LIME for picture
data (https://github.com/XAI-Demonstrator/visua
lime). To generate an explanation, LIME divides
a picture into segments using a segmentation method.
Then, randomly selected segments are perturbated for
a given number of samples. On this basis, a weight is
calculated for each segment, which represents its rele-
vance for the AI decision. The resulting explanation
takes the form of a picture overlay containing seg-
ments in descending order of weight with a desired
opacity until the desired coverage is achieved. We
selected LIME parameters to optimize robustness
and interpretability of explanations (Tan et al., 2023;
Zhou et al., 2021) by means of functionally-grounded
and human-grounded evaluation (Doshi-Velez &
Kim, 2018), as proposed in the literature (Forster
et al., 2020b). Following functionally-grounded eva-
luation, we conducted a grid search for LIME para-
meters that particularly affected robustness in our
setting: segmentation method and the number of sam-
ples. For the grid search, we randomly selected 16
pictures from the test data. For each parameter con-
figuration, we generated 20 explanations per picture.
We operationalized robustness by two proxy mea-
sures: occurrence of segments in the overlay compared
to random occurrence and spread of weights of seg-
ments over the 20 explanations per picture (Visani
et al., 2022). Subsequently, following human-
grounded evaluation, we collected user feedback on
the interpretability of the explanations in two iterative
preliminary studies (with 25 and 52 participants,
respectively). In these studies, we varied the para-
meters segmentation method, coverage, and opacity,
which particularly affected interpretability of explana-
tions from the users’ perspectives. Only Felzenszwalb
and Slic were allowed as segmentation methods in the
human-grounded evaluation, as they yielded robust
explanations in the functionally-grounded evaluation.
Participants in our preliminary studies were asked to
provide open feedback on the interpretability of expla-
nations resulting from different parameter configura-
tions for a set of 100 randomly selected pictures from
the test data. Based on the results of functionally-
grounded and human-grounded evaluation, we
set LIME parameters as follows: segmentation method
= Felzenszwalb, number of samples =500, cover-
age = 0.15, and opacity = 0.5.
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4.2. Experimental procedure and measures

The two preliminary studies were not only used to
optimize the parametrization of the XAI method, but
also to iteratively improve the design of the web inter-
face and to determine appropriate task difficulty
regarding picture selection. Appropriate task difficulty
was supposed to enable users to learn from the Al
system without feeling that the task is excessively
difficult or easy. To ensure that, for each picture we
set a minimum threshold for users” average task per-
formance of 25% (i.e., users perform better than ran-
dom guessing) and an upper boundary of average task
performance at 88% (i.e., users perform worse than the
AT system). We adjusted the picture selection and
excluded pictures that did not meet both requirements
based on our preliminary studies. For our actual
experiment, participants were randomly assigned to
the treatment and control groups. The study was con-
ducted as a fully computerized experiment presented
via a web interface, which could be accessed via brow-
sers on mobile devices or on computers. Sessions were
implemented using the open-source software oTree
(Chen et al., 2016).

The study comprised three parts: The first part
consisted of an introduction to the study and of demo-
graphic questions. Every participant received intro-
ductory information on their task in the experiment
and the role of the Al system, i.e., supporting partici-
pants in learning by provision of feedback. To moti-
vate participants to perform well on their task, they
were informed prior to starting the study that after
answering the questionnaire they would receive their
performance score, and that the top 50% of the parti-
cipants would receive a bonus payment. All partici-
pants were asked to respond to multiple items about
their demographic background (gender, age, educa-
tional level, and nationality). We also included two
questions on prior visits to Germany and Israel.

The second part comprised the main experiment,
where participants completed 11 rounds according to
Figure 2, with one round serving as attention check.
We designed the experiment to consist of 10 rounds
based on the results of the preliminary studies, which
suggested that users assessed each picture for 30 sec-
onds, on average. Hence, 10 rounds could be com-
pleted within five minutes, which corresponds to the
common attention span for micro-learning applied in
practice (e.g., Jahnke et al., 2019). Each round started
with a Google Street View picture, which was ran-
domly selected from a pool of 86 pictures from the
test dataset. The participants were asked to match the
picture to its city of origin. To this end, four possible
choices - Berlin, Hamburg, Tel Aviv, and Jerusalem -
were presented along with the picture. Subsequently,
participants were shown their own response along
with the picture and a mandatory button to ask the
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Al system for feedback. Finally, all participants were
presented with the feedback of the AI system. Control
group participants received the Al decision along with
the picture. Treatment group participants received the
AT decision and a visual explanation, i.e., highlighted
areas in the picture that were particularly relevant for
the AI decision. To imitate real-life feedback scenarios
that often lack a “ground truth” but rely on the feed-
back agent’s knowledge, the actual origin of the pic-
tures was not revealed - even if the Al decision was
incorrect. One of the 11 rounds served as an attention
check, because the picture included a street sign with
the name of the city, making the answer straightfor-
ward to attentive participants. During the experiment,
we tracked the scores of the Al system and the user,
which were revealed to participants after they com-
pleted all tasks and answered the final questionnaire,
described next.

The third part consisted of a questionnaire to mea-
sure the subjective constructs of the research model
together with two additional attention check questions.
Our approach to construct measurement was to rely on
existing measures. To measure informativeness, four
items were adapted from Hsieh and Cho (2011), who
integrated one item from Rai et al. (2002) and three
items from Y. S. Wang (2003). Learning outcome was
measured by four items adapted from Li et al. (2019),
who used established items from the literature (Barzilai
& Blau, 2014). Both constructs were measured on
a 5-point Likert scale ranging from “strongly disagree”
to “strongly agree”. The measurement items for the two
constructs can be found in the Appendix (Table Al).
Besides subjective measures, we objectively measured
prior knowledge and task performance. Prior knowledge
was defined as at least one prior visit to at least one of
the countries from which the pictures originated (Bayer
et al., 2021). Task performance was measured by track-
ing the scores of the participants (i.e., number of correct
answers in the 10 rounds) as an objective measure of
performance (Hall et al., 2022).

4.3. Participants

In April 2022, we recruited 744 participants via
Clickworker, an established crowdsourcing platform
for academic research (Berg & De Stefano, 2018).
Participants were meant to represent the entire popu-
lation of lay users that can potentially use AI feedback.
Therefore, the only restrictions placed on participa-
tion were adequate English skills (to allow participants
to understand task instructions), completion of all task
rounds (to enable potential learning), and passing the
one-picture and two-question attention checks (to
ensure participants were seriously engaged during
the entire experiment). Overall, 171 responses had to
be removed because of failing at least one of the
attention checks, resulting in a sample size of 573

participants (281 in the treatment group and 292 in
the control group). The complete experiment took
about 8 minutes per participant. Participants were
monetarily compensated for their participation
according to their task performance. Every participant
received 1.30 EUR for participation regardless of their
task performance, and the top 50% also received
a performance bonus of 1.00 EUR. Among the 573
participants, there were 337 male participants, 233
female participants, and three participants that identi-
fied themselves as gender neutral. The average age of
the participants was 35.6 (std = 10.8). Participants ori-
ginated from 54 countries, with the majority of parti-
cipants being from Germany (249 participants),
followed by Brazil (55 participants), India (45 partici-
pants), and Nigeria (26 participants). Overall, the
treatment and control groups did not differ signifi-
cantly in demographic variables (gender, education,
nationality) and in prior knowledge, generally con-
firming the effectiveness of random assignment.
Only age differed between the groups as participants
in the treatment group were slightly older than parti-
cipants in the control group.

5. Data analysis and results

The proposed research model portrays the hypothe-
sised relationships among explanations, prior knowl-
edge, informativeness, task performance, and learning
outcome. We apply a two-step approach to analyse the
research model and test the hypotheses (Hair et al.,
2019). While the first step examines the composition
of the first-order constructs (measurement model),
the second step tests the structural relationships
among these constructs (structural model). This pro-
cess enables to ensure reliability and validity of the
measures before examination of the structural model
parameters (Hair et al,, 2019). For our analysis, we
chose Partial Least Squares (PLS) and the software
package Smart PLS 4 because PLS applies
a component-based approach to estimation, placing
minimal restrictions on sample size, measurement
scales, and residual distribution (Chin, 1998).

5.1. Measurement model

The subjective constructs defined above represent
reflective constructs, as their indicators do not
cause change in the construct but rather reflect
change of the construct, are interchangeable, and
are expected to covary with one another. Thus, they
meet all requirements for reflective constructs (Petter
et al., 2007). As criteria for measurement models
differ for reflective and formative constructs, we
first introduced a robustness check based on confir-
matory tetrad analysis (CTA-PLS) to empirically sub-
stantiate the measurement model’s specifications for



Table 3. Descriptive statistics of constructs.
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Table 5. Correlations among constructs and square roots of

Construct ltems CR AVE Mean STD MIN MAX AVE.

Prior Knowledge (PK) 1 1.00 1.00 059 049 0.00 1.00 EX | P LO

Explanations (EX) 1 1.00 1.00 049 0.50 0.00 1.00 EX 1.00

Informativeness (1) 4 0.87 071 3.13 1.05 1.00 5.00 I 0.07 0.84

Task Performance (TP) 1 1.00 1.00 5.32 1.87 0.00 10.00 ™ 0'07 015 1.00

Learning Outcome (LO) 4 091 0.78 3.51 1.07 1.00 5.00 L0 0'05 0.66 0.06 0.88
EX = Explanations,  |=Informativeness, TP =Task  Performance,

Table 4. Loadings and cross-loadings of items (rows) on con-
structs (columns).

EX | TP LO
EX1 1.000 0.073 0.068 0.052
I 0.055 0.801 0.168 0.515
12 0.059 0.863 0.125 0.549
13 0.109 0.851 0.092 0.562
14 0.024 0.858 0.110 0.590
TP1 0.068 0.146 1.000 0.055
LO1 0.076 0.604 0.085 0.890
LO2 0.043 0.586 0.076 0.909
LO3 0.047 0.584 0.021 0.880
LO4 0.015 0.544 0.009 0.848
EX = Explanations, | =Informativeness, TP =Task Performance,

LO = Learning Outcome

all constructs with at least four indicators (Gudergan
et al., 2008). The results confirmed the reflective
measurement model with none of the model-
implied vanishing tetrads differing significantly
from zero (Gudergan et al., 2008).

To test the adequacy of the reflective measurement
model, we examined reliability and internal consis-
tency of the measures as well as convergent and dis-
criminant validity (Hair et al., 2019). First, item
reliability was assessed based on indicator loadings,
which, as can be seen in Table 4, exceeded the 0.708
recommended threshold for all items (Hair et al.,
2019). Second, internal consistency reliability was
assessed based on composite reliability (CR) values,
which, as can be seen in Table 3, were well above the
commonly acceptable threshold of 0.7 for all con-
structs (Fornell & Larcker, 1981; Hair et al., 2010).
Third, convergent validity was evaluated based on
the average variance extracted (AVE) of each con-
struct, which should be higher than the variance due
to measurement error for that construct. Table 3 con-
firms that all AVE values met this requirement by

Explanations
Yes/No

*p<o.1 *p <0.05 **p<o0.01

Figure 3. Structural model results for the full sample.

Informati-
veness

LO = Learning Outcome

being higher than 0.5, satisfying the condition for
convergent validity (Hair et al., 2019). Fourth, discri-
minant validity was assessed in two different ways. In
terms of factor loadings, the loading in absolute terms
of each item on its assigned construct should exceed
its cross-loadings on all other constructs (Chin, 1998).
Table 4 shows that each item satisfied this condition.
While cross-loadings of items between informative-
ness and learning outcome were relatively high
(above 0.5), the loadings of these items were also
relatively high (above 0.8), implying that the condi-
tions for a valid analysis were not violated. In terms of
construct variance, the square root of the AVE of each
construct should exceed the correlations of the con-
struct with other constructs (Fornell & Larcker, 1981).
As can be seen in Table 5, these requirements were
well met, implying that the measures demonstrated
satisfactory discriminant validity. Given the strong
evidence of convergent and discriminant validity, as
well as the demonstration of high internal consistency
and reliability, the measurement model was deemed
acceptable.

5.2. Structural model

The structural model, reflecting our research model,
was estimated first with the full sample of 573 partici-
pants, before applying a split-sample approach to esti-
mate how prior knowledge moderated the direct effects
of explanations. The results of path analysis with
a bootstrap sample number of 5,000 for the full sample
are presented in Figure 3. The results showed that
explanations positively influenced informativeness

0.66***

Task
Performance

Learning
Outcome

#5% p < 0.001



334 M. FORSTER ET AL.

Table 6. Robustness check for nonlinear effects.

Orig. SPL Mean STDEV  |O/STDEV| P value
QEI—TP 0.017 0.017  0.035 0.482 0.630
QETP — LO -0.013 -0.013  0.028 0.471 0.638
QEl— LO -0.020 -0.020  0.033 0.601 0.548

| = Informativeness, TP = Task Performance, LO = Learning Outcome
QE = Quadratic Effects on the endogenous constructs

(8=0.15, p <0.1), which was positively associated with
task performance (f=0.14, p <0.001) and with learn-
ing outcome (=0.66, p <0.001). These significant
path coefficients provided support for H1, H3, and
H4. Explanations had no significant effect on task
performance, implying that H2 was not supported.
The results showed no significant effect of task perfor-
mance on learning outcome, rejecting H5. The com-
bined paths explained 43.4% of the variance in
learning outcome, which was our main endogenous
construct of interest.

To ensure the robustness of our findings, we per-
formed a series of additional analyses. First, to evalu-
ate whether important structural paths may have been
overlooked due to our research model and consequent
structural model specification, we tested in a post-hoc
analysis the significance of an additional direct (non-
mediated) effect of explanations on learning outcome.
The analysis confirmed the non-significance of such
a direct effect, implying that this effect was not ignored
due to our structural model specification. Second, we
tested for common method bias (Podsakoff et al,,
2003) by means of a full collinearity test (Kock &
Lynn, 2012). Variance inflation factors were generated
for all latent variables and were all below 3.3, indicat-
ing that the model was free of common method bias
(Kock, 2015). Third, as suggested by Hair et al. (2019),
we controlled for non-linearity by including three
interaction terms to represent the quadratic effects
on the endogenous constructs (Svensson et al., 2018).
The bootstrapping results, presented in Table 6, indi-
cated that none of the nonlinear effects were signifi-
cant. Finally, as also suggested by Hair et al. (2019), we
checked for unobserved heterogeneity to control for
subgroups of data that produce substantially different

Explanations
Yes/No

*p<o.1 *Pp<0.05 **p < 0.01

Informati-
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Performance

model estimates. We followed a systematic procedure
described by Sarstedt et al. (2017) to identify unob-
served heterogeneity. We ran the finite mixture PLS
(FIMIX-PLS) procedure on the sample (Sarstedt et al.,
2011) and considered between one and 19 segments.
This analysis suggested that unobserved heterogeneity
did not substantially impact the structural model
estimates.

5.3. Moderation effects

Moderation hypotheses in structural models are com-
monly tested via a split-sample approach, wherein the
same structural model is estimated for the different
subsamples of the moderator and the moderated paths
are compared across subsamples (Hair et al., 2021). To
test the moderation effects of prior knowledge (H6 and
H7), we applied this approach by splitting the sample
according to this binary variable. Doing so resulted in
a subsample of 233 participants with less prior knowl-
edge, i.e., no prior visits to one of the countries from
which the pictures originated, and a subsample of 340
participants with more prior knowledge, i.e., at least
one visit to one of the countries from which the
pictures originated. For both subsamples, we esti-
mated all the structural paths. Although the modera-
tion effects were pertinent only to the moderated paths
(H1 and H2), for robustness purposes, we aimed at
ensuring that the remaining paths (H3, H4, and H5)
were not similarly moderated.

5.3.1. Structural model for less knowledgeable
participants

The results of path analysis with 5,000 bootstrap sam-
ples for the subsample of less knowledgeable partici-
pants are presented in Figure 4. The results showed
that explanations positively influenced informativeness
(=0.29, p<0.05), which was positively associated
with task performance (f=0.24, p<0.001) and with
learning outcome ($=0.64, p <0.001). These signifi-
cant path coefficients provided support for H1, H3,
and H4 for this subsample. Explanations had no

Learning
Outcome

*** p < 0.001

Figure 4. Structural model results for the subsample of less knowledgeable participants.
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Learning
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*** p < 0.001

Figure 5. Structural model results for the subsample of more knowledgeable participants.

significant (direct) effect on task performance, imply-
ing that H2 was not supported. The results indicated
no significant effect of task performance on learning
outcome, rejecting H5. The combined paths explained
43.6% of the variance in learning outcome. To further
understand our structural model results, we also
examined the statistical significance of the indirect
effects of explanations on task performance and learn-
ing outcome in the research model due to the signifi-
cant direct effect of explanations on informativeness.
These analyses showed that explanations had signifi-
cant indirect effects on task performance (f=0.07,
p < 0.1) and learning outcome (f=0.20, p <0.05).
Because explanations did not affect these two con-
structs directly, these indirect effects could be consid-
ered as fully mediated by informativeness. Finally, we
performed the robustness tests, described above, to
rule out unobserved direct paths, common method
bias, non-linearity, and unobserved heterogeneity
and found the results for the subsample of less knowl-
edgeable participants to be robust to these tests.

5.3.2. Structural model for more knowledgeable
participants

The results of path analysis with 5,000 bootstrap sam-
ples for the subsample of more knowledgeable parti-
cipants are presented in Figure 5. The results showed
that while explanations did not influence informative-
ness, providing no support for H1, they did influence
task performance ($=0.18, p <0.1), supporting H2.
Informativeness was positively associated with task
performance (5 =0.14, p < 0.05) and with learning out-
come (f=0.67, p<0.001), confirming H3 and H4,
respectively. Task performance was not associated
with learning outcome, rejecting H5. The combined
paths explained 43.9% of the variance in learning out-
come. Given these path coefficients, the indirect effects
of explanations on task performance and learning out-
come were nonsignificant. Finally, we again performed
the robustness tests to rule out unobserved direct
paths, common method bias, non-linearity, and unob-
served heterogeneity and found the results for the

subsample of more knowledgeable participants to be
robust to these tests.

An integration of the results of path analysis for the
two subsamples provided empirical evidence in sup-
port of the moderation effects of prior knowledge.
First, the effect of explanations on informativeness
was significant for less knowledgeable participants
but nonsignificant for more knowledgeable partici-
pants. These different effects were consistent with
He6, confirming that prior knowledge negatively mod-
erated the effect of explanations on informativeness, so
that the effect was higher when prior knowledge was
lower. Second, the effect of explanations on task per-
formance was nonsignificant for less knowledgeable
participants but significant (although only at the 0.10
level) for more knowledgeable participants. These dif-
ferent effects were opposite to those described in H7,
suggesting that prior knowledge positively (rather than
negatively) moderated the effect of explanations on
task performance. Importantly, the implication of
combining the moderation effects of H6 and H7 was
that explanations positively affected task performance
for both subsamples, where the effect was mediated by
informativeness for less knowledgeable participants
and direct for more knowledgeable participants. The
results for the remaining hypotheses (H3 and H4 were
supported while H5 was not supported) were consis-
tent across subsamples, confirming that these effects
were not moderated by prior knowledge and further
strengthening the robustness of our findings. The
structural model results are summarized in Table 7.

6. Focus groups

We conducted focus groups to help explain and elabo-
rate on the results of the online experiment. The purpose
of the complementary qualitative data was to confirm the
quantitative results and expand the understanding of the
mechanisms by which explanations facilitate learning
from AI feedback. This approach corresponds to an
explanatory type of mixed methods design according to
Venkatesh et al. (2013).
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Table 7. Summary of structural model results.
Subsample of less Subsample of more

Hypothesis: knowledgeable knowledgeable
Path Full sample participants participants
H1: EX — | B=0.15* B=029* B=0.03
H2:EX — TP  B=0.12 B=0.06 B=0.18"
H3:1— TP B=0.14%%  B=024%*x B=0.14*
H4:1 — LO B =0.66%** B =0.64%** B=0.67***
H5:TP -~ LO B=-0.04 B=0.07 B=-0.05

EX = Explanations, | = Informativeness, TP = Task Performance,

LO = Learning Outcome.
+p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001.

We recruited a total of 20 participants for four
focus groups (five participants each), including two
focus groups with 10 AI experts and two focus
groups with 10 AI users. The AI experts hold
various IT roles, such as CEO of an IT startup,
Head of Data Science, Team Lead Analytics & Al,
and IT Consultant. They work in different organi-
sations in sectors such as Auditing, Automotive,
Healthcare, Manufacturing, and Technology and
are deeply involved in AI They all possess at least
three years of relevant Al experience, most of them
more than five years. The Al users are students
currently enrolled in a bachelor’s or master’s pro-
gramme with a subject related to business or man-
agement. Details on focus group participants can be
found in the Appendix (Tables A2 and A3).

The focus groups were designed according to the
guidelines by Stewart and Shamdasani (2017) and
conducted via Zoom. To familiarize focus group
participants  with our research, we gave
a presentation of our study (10 slides), which was
refined earlier based on a pilot test with five IS
Ph.D. students. After this presentation, we initiated
a discussion aimed at addressing four open-ended
interview questions (Table A4 in the Appendix)
about the key findings of the online experiment as
well as the practical relevance and boundary con-
ditions of the findings. The participants could dis-
cuss and exchange opinions freely during the focus
groups. Two researchers accompanied the focus
groups, one of them serving as the moderator.
The moderator structured the discussions from
most to least important topics and from general
to specific (Krueger & Casey, 2015). Each focus
group lasted about 55 minutes and was recorded
and transcribed. As the interviews were conducted
in German, the transcriptions were then translated
into English. Subsequently, data was coded by two
researchers.

Overall, the results of the focus groups confirm the
quantitative results. A summary of the responses and
sample quotes are presented in the Appendix (Table
A5). Furthermore, insights from the focus groups help
explain the key findings and boundary conditions.
These insights are discussed in the next section, as
part of an integrative discussion of our key findings.

7. Discussion
7.1. Key findings

The results of our study offer the fundamental insight
that the effect of automatically generated explanations
on users’ learning from Al feedback differs depending
on users’ prior knowledge on the task. This insight is
associated with three key findings: First, we find in the
experiment a positive impact of explanations on learn-
ing outcome for less knowledgeable users, which is
fully mediated by informativeness. Focus group parti-
cipants pointed out that informative explanations
enhance learning in that they either support users in
their decisions (when the explanations align with
users’ prior knowledge) or provide new insights for
subsequent decision-making (when the explanations
do not align with users’ prior knowledge). Expressed
in terms of Feedback Theory, explanations make Al
feedback more informative from the users’ perspective
by revealing the reasoning of the Al model (e.g., Adadi
& Berrada, 2018). Thereby, explanations support less
knowledgeable users in closing their knowledge gap.
Consequently, users’ subjective evaluation of their
learning success increases. Full mediation of informa-
tiveness implies that the entire effect of explanations
on learning outcome can be attributed to the ability of
explanations to enrich informativeness, suggesting
that no additional mechanism is needed to account
for this positive effect. As users perceive the informa-
tiveness of Al feedback as higher due to the presence
of automatically generated explanations, their subjec-
tive evaluation of their learning progress improves.
Thus, the mere existence of explanations is insufficient
for a positive learning experience unless the explana-
tions enhance the users’ perception of Al feedback as
more informative relative to having Al decisions only.
When assessing the impact of XAI on users’ learning,
future research should focus on the role of informa-
tiveness as an important mediator.

Second, our experimental findings show that in
contrast to users with less prior knowledge, users
with higher prior knowledge do not perceive explana-
tions as enriching the informativeness of Al feedback.
Focus group participants attributed this finding - in
line with Feedback Theory - to the differences in
knowledge gaps depending on users’ prior knowledge.
Accordingly, explanations in AI feedback are more
helpful and provide new insights for users with
a larger knowledge gap (i.e., less prior knowledge).
By contrast, users with a smaller knowledge gap (i.e.,
more prior knowledge) find explanations less useful
because they more often repeat what users already
know. As a result, no effect of explanations on the
subjective evaluation of learning success is observed.
A possible reason for the absence of such an effect is
the type of automatically generated explanations pro-
vided in our research setting, specifically, local



explanations that promote the user’s understanding of
a specific model outcome (Adadi & Berrada, 2018).
This type of explanations is also referred to as
response-contingent feedback by Mason and Bruning
(2001), who suggest that it is appropriate for users
with low prior knowledge, whereas users with high
prior knowledge are expected to benefit more from
topic-contingent feedback (i.e., general elaborative
evaluation on the target topic). This latter type of
feedback is represented by global explanations in
XAI research (Adadi & Berrada, 2018), implying that
an intriguing avenue for future research is to investi-
gate the potential positive impact of global explana-
tions on the learning of users with high prior
knowledge. The finding that local explanations are
more informative and enhance perceptions of learning
success when users are less knowledgeable, coupled
with the proposition that global explanations may
enhance such perceptions when users are more knowl-
edgeable, can extend Feedback Theory to better
address the feedback needs of different individuals.
In any case, our findings suggest that when exploring
the impact of XAI on users’ learning, studies should
consider the central role of prior knowledge as
a critical moderator of the consequences of
explanations.

Third, we find a positive impact of including
explanations in AI feedback on task performance,
which takes a different form contingent on users’
prior knowledge. This finding extends the under-
standing of the role of explanations for the perfor-
mance of AI users. Whereas existing literature
suggests that explanations have a positive impact
on task performance when Al is used for decision
support (Van der Waa et al., 2021; Walter et al,
2023), our study demonstrates this impact when Al
is used for feedback, after a decision has been made.
While the question of interest when Al is used for
decision support is whether users follow Al deci-
sions, the question of interest in our case is whether
users learn from AI feedback. In our study, while
both users with less and higher prior knowledge
show improvements in task performance in response
to the existence of explanations (although the sig-
nificant effects on task performance are weaker than
those on learning outcome), this positive effect of
explanations is direct for users with higher prior
knowledge and mediated through informativeness
for users with less prior knowledge. Surprisingly,
users with higher prior knowledge also show
improvements in task performance when explana-
tions are provided as part of Al feedback, although
they do not perceive the feedback as more informa-
tive, nor do they subjectively evaluate the learning
outcome as higher, as observed for users with less
prior knowledge. Focus group participants referred
to unconscious learning when explaining this
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finding: Users with more prior knowledge may not
immediately appreciate the value of explanations and
perceive a learning progress. Nevertheless, they ben-
efit from the additional information provided by
explanations in performing their task, suggesting
that they possibly learn with less immediate aware-
ness of such learning. Our findings suggest that
Feedback Theory should better distinguish between
subjective and objective outcomes when considering
the individual consequences of feedback. Such
a distinction should be particularly salient when the
theory is applied to understand how individuals with
different levels of knowledge learn from feedback.
Our findings demonstrate that perceptions of learn-
ing success unnecessarily correlate with task perfor-
mance, possibly because users may not fully
appreciate either the informativeness of feedback
for them or the extent to which their performance
improved due to feedback. While Feedback Theory
acknowledges the distinction between subjective and
objective indicators of learning, our findings suggest
that this distinction may be critical to understanding
how individual contextual factors influence learning
from feedback.

Finally, based on an assumption that the type of
task is an important boundary condition for learning
from AI feedback, our findings are specific to non-
routine inference tasks. We focus on these tasks
because feedback is particularly needed to augment
human decision-making in non-routine tasks, and
because Al feedback appears particularly effective in
inference tasks. Focus group participants confirmed
that explanations in Al feedback become superfluous
when tasks are overly simplified. Furthermore, focus
group participants pointed out that the impact of
explanations on learning outcome, mediated by infor-
mativeness, may be independent of prior knowledge if
users are required to understand the Al for example,
due to legal requirements. Consequently, our findings
about the subjective and objective outcomes of XAI
should be interpreted within the boundary conditions
in which they are observed.

7.2. Implications for theory and practice

Three important theoretical contributions to IS
research arise from this study. First, our study is
one of the first to contribute to the understanding
of the role of explanations for users’ learning from Al
feedback. Our findings demonstrate that the provi-
sion of explanations as part of Al feedback increases
users’ task performance, as well as perceptions of
informativeness and learning outcome among users
with less prior knowledge. Our review of the litera-
ture suggests that existing studies focus on Al as
decision support, attributing the positive effect of
explanations on task performance to system trust
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(e.g., Lai & Tan, 2019; Schmidt & Biessmann, 2019),
persuasiveness (Schmidt & Biessmann, 2019), and
advice following (e.g., Bansal et al., 2021). In our
research, explanations are part of Al feedback after
users have made their decision. Therefore, the pri-
mary role of explanations in such a setting is to help
humans gain new insights for future decisions (Van
den Broek et al., 2021). Our findings shed light on
when (i.e., for less knowledgeable users) and how
(i.e., through informativeness) explanations facilitate
learning from AI feedback. These findings are an
important first step towards bridging the gap
between the practical importance and existing
knowledge about the ability of XAI to facilitate
learning.

Second, our study contributes to the integration of
Feedback Theory into the context of XAI Past XAI
research has been anchored in different IS theories,
including Cognitive Fit Theory, Elaboration
Likelihood Model, Technology Acceptance Model,
and Activity Theory. Because XAI research has
focused on the goal of decision support rather than
the goal of learning, a learning theory has yet to be the
foundation of studying the consequences of XAI
(Brasse et al., 2023). The present study is the first to
integrate Feedback Theory into the context of XAI
Our theoretical and empirical analyses suggest that
Feedback Theory is a suitable foundation for studying
the impact of explanations on learning from Al feed-
back. By embracing this theoretical framework, we
demonstrate the positive effect of explanations on
users’ task performance and explain variance in the
effect of explanations on learning contingent on users’
prior knowledge. This study thus takes an important
step towards a differentiated, more fine-grained view
of learning from explanations when users receive feed-
back from an AI system. Overall, the study demon-
strates the insight that can be gained by
conceptualizing Al models and XAI methods as pro-
viders of feedback to users.

Third, we contribute to the literature by viewing
XAI through a behavioural lens. A recent review of the
IS literature on XAI demonstrates the predominant
focus on developing novel XAI approaches while
devoting much less research attention to investigating
user behaviour (Brasse et al., 2023). Among the latter
are studies on trust (e.g., Aechtner et al., 2022; Hamm
et al., 2023), understanding of the AI system (e.g.,
Sieger et al., 2022; Van der Waa et al., 2021), percep-
tion of the AI system (e.g., Klein et al.,, 2023; Y.-F.
Wang et al,, 2023), and task performance (Van der
Waa et al.,, 2021; Walter et al., 2023). To avoid being
misled by incorrect assumptions about user behaviour,
researchers stress the need to accompany the develop-
ment of XAI approaches with the creation of knowl-
edge on the impact of explanations on human-AI
interaction (Brasse et al., 2023). Our study advances

the understanding of XAI as a driver of user learning,
thereby strengthening the behavioural foundations of
XAT research and allowing XAI development to better
respond to the needs of users through a better under-
standing of their behaviour.

Beyond theoretical contributions, our findings pro-
vide the following practical implications for organisa-
tions and developers that wish to leverage the potential
of Al feedback for their employees and clients. When
developing explanations, organisations and developers
need to always keep the user’s knowledge level in
mind. First, automatically generated explanations can
help less knowledgeable users to leverage AI feedback
for effective learning in new tasks, particularly those
that are non-routine and involve making inferences.
To accomplish that, AI feedback needs to incorporate
explanations that enhance users’ perceptions of the
feedback as informative. AI feedback that includes
informative explanations can help users to narrow
the gap between what they know and what they need
to know to successfully perform the task. Therefore,
such AI feedback can enable organisations to scale up
training and education for the masses. Given the
important mediating role of informativeness in the
effect of explanations on learning, informativeness
can serve as a core indicator to measure the effective-
ness of explanations introduced as part of Al feedback
to identify untapped learning potential. Therefore,
organisations and developers should ensure that the
explanations provided represent an information gain
from the users’ perspectives, consistent with the emer-
ging notion of user-centric XAI design (Forster et al.,
2020b). Second, explanations as part of Al feedback
can help users improve their task performance regard-
less of their prior knowledge. Our results show that the
provision of explanations as part of AI feedback
improves task performance for all users either directly
or indirectly. Thus, organisations that aim to improve
task performance through AI implementation should
consider introducing explanations as part of Al feed-
back, as the performance of all users can potentially
benefit from this introduction. While explanations as
part of Al feedback contribute to the subjective learn-
ing perceptions of less knowledgeable users, their
introduction has no downside for the remaining,
more knowledgeable users. These users may be less
appreciative of the information provided, but their
task performance is still expected to improve.

7.3. Limitations and future research directions

Our study has several limitations, which offer opportu-
nities for future research. First, we assess the impact of
explanations on users’ learning from AI feedback
through a research model that mostly includes endo-
genous constructs (i.e., only the inclusion of explana-
tions is manipulated through random assignment) that



are measured at the same time. The main implication of
this research design is that causality can be validly
attributed only to the effects of explanations, whereas
the direction of other effects in the research model is
based on theoretical rather than empirical considera-
tions. Another implication of this research design is
variance in effect sizes, which are relatively small for
the effects of explanations on informativeness and task
performance. However, such effect sizes are more com-
mon for the effects of a manipulated between-subjects
variable in an experimental design than for the associa-
tions between constructs measured by a single instru-
ment in a survey design. Second, our study design was
limited to one specific task (matching pictures to their
city of origin) in which users were — beyond monetary
incentives as part of the experiment — not personally
invested. It is to be expected that the effect of explana-
tions may differ in scenarios where users are personally
or professionally affected by the outcome of their task
(e.g., employees performing professional tasks, such as
credit risk assessment, or patients determining the cor-
rect dose of medicine for diabetes self-management).
Future studies on users’ learning from AI feedback
should investigate different tasks, including tasks with
different levels of personal investment and complexity.
Third, we considered prior knowledge as a binary vari-
able, based on whether participants visited at least one
of the countries, which could be correlated with
whether participants reside in one of the countries
(many of the participants reside in Germany), implying
that we cannot confirm the accurate source of prior
knowledge in our experiment. We also cannot confirm
that our sample is representative of the global popula-
tion of users, as is typical in online experiments. While
we considered prior knowledge as endogenous and
analytically ruled out the possibility of significant unob-
served heterogeneity, future studies should seek to
manipulate this variable (e.g., by providing knowledge
to some participants) to confirm the meaningful mod-
erating effects we observe. Future studies may also
benefit from a more differentiated view of users’ prior
knowledge. Fourth, in our experiment, we focused on
local explanations generated with LIME, a widely used
and state-of-the-art local XAI method for image classi-
fication. While we instantiated LIME rigorously accord-
ing to state-of-the-art literature, our findings about the
consequences of explanations should be generalised
with caution to other XAI methods. Furthermore,
while our results demonstrate the impact of local expla-
nations on learning, the learning experience of users
with higher prior knowledge may benefit more from
global explanations. Therefore, future research should
consider how other types of explanations, such as global
explanations, influence learning from AI feedback.
Fifth, while we implemented a real AI model with an
accuracy that is common in practice, our experiment
did not allow to distinguish learning outcome
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depending on whether AI feedback was correct or not.
Future research may benefit from studying the negative
consequences for performance and learning when the
Al provides incorrect feedback to users. Finally,
although we tracked task performance as an objective
measure, we measured subjective learning outcome
through self-reported items. Future research can benefit
from including additional objective measures, for
instance pre- and post-task measures of performance,
as well as from designing longitudinal studies to assess
the long-term effects of explanations on learning from
AT feedback.

8. Conclusion

While the emerging research field of XAI shows
remarkable progress in the development of
approaches that automatically generate explanations
alongside AI decisions to make AI systems more
traceable to humans, the effects of explanations on
human-AI interaction are still poorly understood,
particularly when AI serves for learning rather than
decision support. Focusing on the use of Al for feed-
back in non-routine inference tasks, this study inves-
tigated the impact of automatically generated
explanations on users’ learning. Drawing on
Feedback Theory as our fundamental theoretical
lens, we investigated how explanations enhance the
informativeness of AI feedback and users’ task per-
formance, contingent on users’ prior knowledge, ulti-
mately leading to higher learning outcome. We tested
our hypotheses in a randomized between-subjects
online experiment with 573 participants, where
local explanations for image classification were
included in AI feedback only for the treatment
group. The results show that explanations enhance
perceptions of learning only among users with less
prior knowledge by increasing their perceptions of
the informativeness of Al feedback as a mediating
mechanism. Furthermore, explanations improve
users’ task performance directly for more knowledge-
able users and indirectly (mediated by informative-
ness) for less knowledgeable users. These mediated
and moderated effects of explanations in Al feedback
on subjective and objective outcomes are confirmed
and extended in focus groups with Al experts and
users. Altogether, our findings advance the under-
standing of how and when providing explanations as
part of Al feedback facilitates learning, thereby pro-
moting an agenda of studying how XAI improves
human learning.
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Appendix

Table A1. Constructs and items in the experiment.

Construct Item Source
Informativeness The Al provides me with accurate information to match Google Street View pictures to their four originating Hsieh and Cho
cities. (2011)

Learning Outcome

The Al provides me with useful information to match Google Street View pictures to their four originating
cities.

The Al provides me with relevant information to match Google Street View pictures to their four originating
cities.

Overall information provided by the Al on matching Google Street View pictures to their four originating cities
is satisfactory.

Interaction with the Al was useful for learning about matching Google Street View pictures to their four Li et al. (2019)
originating cities.

The Al helped me to learn about matching Google Street View pictures to their four originating cities.

The Al facilitated my understanding of matching Google Street View pictures to their four originating cities.

My knowledge of matching Google Street View pictures to their four originating cities was increased by
interacting with the Al

Table A2. Information about the Al experts taking part in the focus groups.

ID Current IT role Sector Al experience
E1 IT Project Manager Automotive >5 years
E2 CEO of an IT startup Al Technology >5 years
E3 Team Lead Analytics & Al Mechanical Engineering >15 years
E4 Data Engineer Manufacturing >3 years
E5 Data Scientist Sensor Technology >5 years
E6 CEO of an IT startup Al Technology >5 years
E7 IT Consultant Auditing >5 years
E8 IT Consultant Corporate Strategy >5 years
E9 Managing IT Consultant Digital Transformation >5 years
E10 Head of Data Science Healthcare >5 years

Table A3. Information about the Al users taking part in the
focus groups.

ID Current study program Years of study
u1 M.Sc. Management and Economics 8 years
u2 M.Sc. Management and Economics 5 years
u3 M.Sc. Management and Economics 6 years
U4 M.Sc. Mathematics and Management 5 years
us M.Sc. Mathematics and Management 5years
U6 B.Sc. Business Informatics 2 years
u7 B.Sc. Management and Economics 3 years
u8 M.Sc. Mathematics and Management 5 years
U9 M.Sc. Management and Economics 5 years
u10 B.Sc. Management and Economics 3 years

Table A4. Interview questions in the focus groups.

ID

Question (Q)

Q1 We find a positive impact of explanations on learning outcome for less knowledgeable users, which is fully mediated by informativeness. Based
on your experience, is this finding comprehensible? Please explain and elaborate on this finding.

Q2  We find that the mediated impact of explanations on learning outcome is moderated by users’ prior knowledge. Based on your experience, is this
finding comprehensible? Please explain and elaborate on this finding.

Q3  We find a positive impact of including explanations in Al feedback on task performance regardless of users’ prior knowledge. Based on your
experience, is this finding comprehensible? Please explain and elaborate on this finding.

Q4  What is the practical relevance of these findings and what are the boundary conditions?




Table A5. Interview data collected in the focus groups.
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Q Summary of responses Example quotes (IDs in Tables A2 and A3)

Q1 The participants confirmed that explanations can positively impact “Users who find the explanation informative probably learn more from Al
users’ learning outcome, and that this effect can be mediated by the feedback”. (U7)
informativeness of Al feedback. Several participants pointed out that “Informative explanations give users hints about what factors to consider
informative explanations enhance learning as they either support when making further decisions, which leads to the feedback being
users in their decisions (when the explanations align with users’ prior  perceived as helpful”. (U5)
knowledge) or provide new insights for subsequent decision-making “Informative explanations can sharpen the eye for the peculiarities in the
(when the explanations do not align with users’ prior knowledge). image”. (E5)

Some participants highlighted that informative explanations can “An explanation can support the users in their own decision if the same
trigger knowledge activation and stimulate cognitive engagement, factors were relevant for the Al decision. But it can also provide
thereby positively impacting learning outcome. A few participants additional information if it reveals that the Al considered other factors
suggested that users might learn to imitate Al decision-making with  important. In both cases, the explanation is perceived as informative”.
the help of explanations. (U3)

“An informative explanation could stimulate a thought process, for
example, if the floor is marked, which the users did not consider
relevant for their decision”. (U6)

“Explanations could be a trigger to activate implicit knowledge”. (E9)

“An informative explanation stimulates thinking and creates a cognitive
incentive to learn”. (E7)

“Explanations provide users with the possibility to adopt and imitate the
strategy of the Al". (E3)

Q2 The participants confirmed the finding that the mediated impact of “The results make sense to me. If the cities are unfamiliar, users can learn
explanations on learning outcome is moderated by users’ prior a lot from the explanation. With more prior knowledge, the learning
knowledge. Participants provided two possible interpretations of this  potential is less pronounced, as the explanation matches one’s own
finding. The first interpretation refers to the differences in knowledge  knowledge”. (U9)
gaps depending on users’ prior knowledge. Accordingly, “Users with more prior knowledge can already explain the marked areas
explanations in Al feedback are more helpful and provide new on their own and find the explanation less informative than users with
insights for users with a larger knowledge gap (i.e., less prior less prior knowledge”. (U8)
knowledge). By contrast, users with a smaller knowledge gap (i.e.,  “Even if the explanation contains new and relevant information, its
more prior knowledge) find them less useful because explanations helpfulness is perceived as less extreme by users with more prior
more often repeat what users already know. The second knowledge than by users with less prior knowledge, because their
interpretation refers to how users value additional information knowledge gaps are smaller”. (U4)
depending on their perception of their experience. Users with “Users with prior knowledge do not perceive the additional information
a perception of high prior knowledge may place less value on the provided by explanations as helpful”. (E4)
additional information provided by explanations. “Less experienced users may be more influenced by the explanation than

more experienced users”. (U6)

“Users with less prior knowledge appreciate the information provided by
the explanation more”. (E10)

“A user with prior knowledge may perceive less value in the explanation
because the Al strategy revealed may be in contrast to the user’s own
strategy”. (U3)

Q3 The participants shared the belief that including explanations in Al “In summary, this means that explanations always help”. (E3)
feedback positively impacts users’ task performance, regardless of  “While only users with less prior knowledge explicitly value explanations,
their prior knowledge. Participants offered different interpretations users with more knowledge also benefit from them”. (E10)
of this finding, differentiating between users with less and more prior  “Explanations are helpful regardless of prior knowledge. However, users’
knowledge. On the one hand, users with less prior knowledge find evaluation of the value of explanations depends on their prior
explanations particularly valuable and learn consciously from the knowledge”. (U4)
additional information provided. On the other hand, users with more “Since Al strategy often differs from human strategy, users can always
prior knowledge may not immediately appreciate the value of learn from explanations along Al decisions. However, users with prior
explanations and perceive a learning progress. Nevertheless, they knowledge may appreciate this less”. (U3)
benefit from the additional information provided in performing their “Users with less prior knowledge learn more consciously while users with
task, suggesting unconscious learning. Elaborating this further, some  more prior knowledge learn rather unconsciously. Users with more prior
participants underpinned that engaging with explanations knowledge may also be more convinced of themselves and see the
encourages active thinking and facilitates learning, even if the learning effect as their own achievement”. (U6)
explanations are not perceived as particularly informative. “Users with more prior knowledge think they already know what to pay

attention to. But subconsciously, they still learn from the explanations”.
(E5)

“By being forced to deal with the explanations, users are more likely to
decide by active thinking than by intuition”. (E7)

“The time that users take to look at the explanation alone can have
a positive effect on their learning success”. (E4)

Q4  Several participants recognized the direct business relevance of the “The results are transferable to image classification. For example, in

findings, for example in employee training. Some participants
highlighted the particular relevance of the findings for tasks in which
users tend to be overconfident in their abilities. The participants
identified three boundary conditions and constraints for the findings.
First, the explanations must be interpretable by the users. Second,
the tasks should be complex enough to prevent explanations from
becoming superfluous. Third, the impact of explanations on learning
outcome, mediated by informativeness, may be independent of prior
knowledge if users are required to understand the Al, for example,
due to legal requirements.

radiology”. (U8)

“To support employees in their daily decisions, it would be useful to back
up the Al with an explanation to increase acceptance and promote
further training”. (E1)

“A novice programmer might find explanations helpful, while the expert
just wants to make a quick decision”. (U6)

“Especially for questions where users would intuitively be wrong, an
explanation would be useful to make users aware of their
overconfidence”. (E3)

“The effectiveness of explanations in Al feedback strongly depends on the
type and quality of the explanations”. (U4)

“The user’s ability to interpret explanations must be present”. (E9)

“I can’t imagine that the same results occur in simple tasks. There may be
no significant effect of the explanations, or they may quickly be
perceived as superfluous”. (U7)

“Explanations in Al feedback should be helpful for all users who need to
understand the Al, for instance, due to legal reasons”. (E2)
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