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Abstract

Advancements in artificial intelligence (Al), particularly in generative Al and agentic Al, have intensified challenges
related to transparency and explainability. While explainable Al (XAI) research has evolved to facilitate human interac-
tion with such complex, black-box systems, research and practice lack clarity on the causal chain linking explanations,
user perceptions, and real-world outcomes, a relationship that remains conceptually fragmented. To address this gap, we
conducted a systematic literature review of 107 experimental user studies on XAI. We developed a conceptual framework
guided by the stimulus-organism-response-consequences (S-O-R-C) model to systematize current human-XAI research
and examine how users respond to explanations. Our study contributes to the literature by clarifying how explanations
shape user interactions and downstream effects in real-world settings. We propose five research directions to help navigate

the challenges of emerging Al systems (e.g., LLMs, Al agents) and evolving human-Al delegation.

Keywords Explainable AI (XAI) - Artificial intelligence - Generative artificial intelligence - Human-AlI delegation -
Systematic literature review - Research agenda - Stimulus-organism-response-consequences (S-O-R-C)

1 Introduction

Artificial intelligence (Al) is transforming the way humans
perform tasks and make decisions across professional and
everyday contexts. With the advent of generative artificial
intelligence (GenAl) such as ChatGPT and DALL-E, the
delegation to Al-based systems has now reached main-
stream appeal and is thus steadily increasing the number
and intensity of human-Al interactions (Dell’Acqua et al.,
2023; Li et al., 2023; Brynjolfsson et al., 2025). Enterprises
expect to benefit from GenAl, especially large language
models (LLMs), by delegating simple tasks to Al agents
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and improving employee performance through augmenta-
tion. For example, in customer service, GenAl has enabled
workers to resolve 15% more issues on average (Brynjolfs-
son et al., 2025).

However, these systems still come with inherent chal-
lenges such as biases, hallucinations, or lack of transpar-
ency (Hannigan et al., 2024), which can undermine their
reliability, trustworthiness, and responsible use (Meske et
al., 2022) and hamper human-AlI performance. For example,
state-of-the-art LLMs produce highly persuasive responses
(Vaswani et al., 2017), yet introduce the challenge of non-
factual outputs (i.e., hallucinations) (Huang et al., 2025),
which goes beyond conventional Al error types (Poursabzi-
Sangdeh et al., 2021). The lack of transparency and explain-
ability of GenAI’s underlying decision rationales (Lee &
Ram, 2023) makes it difficult for users to detect erroneous
outputs, thereby limiting their ability to rely on the system
appropriately.

To address these challenges, research has increasingly
turned to explainable Al (XAI) as a potential solution, offer-
ing methods to make black-box systems more transparent
and, in turn, more trustworthy (Brasse et al., 2023). Even
before the rise of GenAl and LLMs, XAl had been explored
as a way to enhance human—Al interaction by equipping
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users with meaningful explanations (e.g., Silva et al., 2023;
Vossing et al., 2022). According to Arrieta et al. (2020, p.
85), XAl “is one that produces details or reasons to make
its functioning clear or easy to understand”. Consequently,
XAl acts as a stimulus for building trust and reliance in Al,
thereby promoting greater utilization and acceptance of Al
systems (Vossing et al., 2022). For example, in clinical deci-
sion support systems, XAl can visually highlight the most
crucial places in CT images to explain its advised diagnosis
(Herm, 2023).

Although the literature provides a good foundation
regarding available XAI methods (what) (Chromik & Butz,
2021; Schwalbe & Finzel, 2023), relevant stakeholders
(who) (Langer et al., 2021; Ferreira & Monteiro, 2020), and
their intended goals (why) (Laato et al., 2022; Brasse et al.,
2023), the relationships among explanations, users’ percep-
tions and behavior, and real-world consequences remain
conceptually fragmented. This lack of conceptual integra-
tion hinders the development of causal models that account
for how explanations shape decision-making and influ-
ence outcomes in applied settings. Against this backdrop,
we challenge prevailing perspectives that conceptualize
human—XAI interaction either at the level of the XAI sys-
tem as a monolithic entity (Haque et al., 2023) or through
isolated features (Chromik & Butz, 2021), typically char-
acterized by their type, representational form, or modality.
Understanding the underlying mechanisms requires con-
necting individual explanation features to the broader Al
system context, enabling a more integrated view of how
design decisions influence user perceptions and system
explainability through key theoretical constructs. Finally,
we reconsider the traditional emphasis on high-level stake-
holder explanation goals that predominantly guide system
design and intended outcomes. Instead, we advocate for
theory-driven XAI research that links explanations to real-
world outcomes, aiming to foster more responsible and
effective Al use concerning the growing societal impact of
human-AlT delegation and the rapid advances in technologies
like LLM and agentic Al (Dennehy et al., 2023). We aim to
address these challenges by developing a conceptual frame-
work for human-XAI interactions that identifies higher-
order theoretical structures (Paré et al., 2015) explaining
how explanations shape user behavior. Drawing on insights
from experimental studies, our results guide future research
as Al technologies continue to evolve. Accordingly, the
focus of our study leads to the following research questions:

RQ1 How can existing experimental research on XAI
be synthesized to reveal the mechanisms through which
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explanations influence user perceptions, behaviors, and
outcomes?

RQ2 What directions should guide XAl research in response
to emerging Al capabilities (e.g., LLMs, Al agents, and
human-Al delegation)?

To answer our research questions, we analyzed 107 peer-
reviewed papers on XAl from the fields of Information Sys-
tems (IS) and Human-Computer Interaction (HCI), drawn
from an initial screening of 853 papers, identified through a
targeted search of 20 high-quality outlets and supplemented
by forward and backward search. We aimed to aggregate
prior experimental research on explanations in human-Al
interaction to summarize findings by performing a theoreti-
cal review of the resulting sample (Par¢ et al., 2015). Our
analysis focused on quantitative, experimental user stud-
ies, allowing us to identify frequently studied constructs
and discover recurring relationships between independent
and dependent variables. Our rationale for focusing on
user-centric experimental studies lies in their ability to gen-
erate controlled, theory-relevant evidence on how explana-
tions influence user perceptions, behaviors, and outcomes,
including boundary conditions and moderating factors. This
approach complements existing conceptual, technical, and
qualitative reviews (e.g., Brasse et al., 2023; Haque et al.,
2023) by offering deeper insights into causal mechanisms
and supporting the development of theory-driven XAl
research.

Our study synthesizes empirical findings and offers a
structured analysis of how explanations influence cognitive
and behavioral outcomes in human—XAI interaction. To
advance theoretical integration in the field, we introduced
the stimulus-organism-response-consequences (S-O-R-C)
model (Mehrabian & Russell, 1974; Goldfried & Sprafkin,
1976) as a lens for exploring the psychological mecha-
nisms underlying human—XAI engagement. Our synthesis
examines how different explanation types and modalities
(stimuli) influence user perceptions (organism), such as
understanding, trust, transparency, and cognitive load,
which in turn shape user responses, including reliance and
behavioral intention, as well as task-related consequences
like performance, engagement, and error detection. This
structured perspective is especially valuable in a field where
prior reviews lack a clear theoretical basis and do not clarify
how explanation design influences outcomes. We adopt the
concepts of explanans (i.e., the elements providing explana-
tions) and explanandum (i.e., the elements being explained)
from the long-standing philosophical tradition on reason-
ing (Hempel & Oppenheim, 1948). Our systematization
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particularly emphasizes the connection between the explan-
ans and the explanandum. This relationship is reflected in
the organism component, where we show that both the per-
ception of individual explanation features (e.g., types, com-
binations, modalities) and the perception of the broader XAl
system (e.g., the model, decision, reasoning traces) call for
deeper, theory-driven investigation and integration. Finally,
the resulting conceptual framework consolidates prior find-
ings and introduces five key research directions to advance
experimental XAl: (1) grounding explanation design in the-
ory, (2) developing novel explanation types for GenAl and
agentic Al systems, (3) clarifying the link between explan-
ans and explanandum, (4) tailoring explanations to diverse
user needs, and (5) examining engagement and long-term
effects of XAI on human—AI delegation. These directions
respond to the rising complexity of Al technologies and
evolving human—AlI delegation.

2 Prior Literature Reviews on XAl

The scope of this systematic literature review is related to
prior reviews focusing on the interaction between humans
and XAI — human-XAI interaction — with regard to explana-
tions, irrespective of the underlying system and domain. An
overview of the related prior reviews of human-XAl inter-
action is provided in Table 1.

Despite numerous existing reviews (e.g., Brasse et al.,
2023; Laato et al., 2022; Haque et al., 2023), there is no com-
prehensive overview of experimental XAl studies across Al

Table 1 Overview of related prior reviews of human-XAl interaction

systems, neither in IS nor HCI research, that considers the
underlying mechanisms determining explanations’ impacts
on user behavior and actual outcomes. Prior reviews have
either focused on explanation design (Schwalbe & Finzel,
2023; Chromik & Butz, 2021), emphasized stakeholder
goals and objectives (Brasse et al., 2023), or overlooked the
intermediate processes linking XAl to the achievement of
those goals (Haque et al., 2023; Ferreira & Monteiro, 2020).
In addition, dominant perspectives either treat XAl as a sys-
tem-level construct (Haque et al., 2023) or reduce explana-
tions to isolated design features (e.g., type, object, locality)
(Chromik & Butz, 2021), lacking integration across levels
of analysis. This lack of conceptual integration limits our
understanding of how explanations function as part of a
causal chain, from explanation input to user cognition and
perception to behavior.

To tackle these challenges, our review centers on experi-
mental XAl studies that uncover causal links between expla-
nation features, user perceptions, and real-world outcomes.
This focus is motivated by the lack of theory-driven experi-
mental research, especially given the rise of generative and
agentic Al, and the unique value of user-centric experiments
in isolating the effects of explanations under controlled
conditions. By complementing existing conceptual, techni-
cal, and qualitative reviews, our approach offers granular
insights into the mechanisms of human—XAlI interaction and
supports a theory-driven consolidation of causal effects.

As shown in Table 1, our review distinguishes itself by:
(1) covering both IS and HCI domains, (2) systematically
analyzing experimental studies that provide quantifiable

Author(s) Period of Sample Scope Review focus

review  size

Haque et al. Up to 58 Various

(2023) 2022 domains

Laato et al. 2008— 25 HCI

(2022) 2020

Ferreira and Up to 52 HCI

Monteiro (2020) 2020

Schwalbe and ~ 2010- 70 Various

Finzel (2023) 2021 domains

Rong et al. 2019- 97 HCI and

(2023) 2023 more Al

studies.

Chromik and Up to 91 HCI
Butz (2021) 2020

Brasse et al. Up to 180 IS and

(2023) 2023 electronic

markets
users, developers, etc.)

Langer et al. Up to >100  Various

(2021) 2021 domains  requirements.
This review 2000— 107 HCI and

2025 IS

Analyzing XAl representations, effects, explored domains, and future research avenues,
including user-centric empirical studies with a focus on the overall XAl system.
Emphasizing the communication for users with high-level goals, such as understandability
or trustworthiness and deriving design recommendations for user-centric XAl.

Deriving a taxonomy of explainability and outlining the main stakeholders and reasons and
motivations for providing explanations.

The paper provides a comprehensive overview of crucial aspects or properties of XAl
methods and assists in locating detailed surveys on the subject.

The paper categorizes human-based XAl evaluations by trust and usability, highlights
XAT’s varied adoption across fields, and offers practical guidelines for designing XAl user

Reviews research on user explanation interfaces for ML systems, highlighting key concepts
and design principles to guide human-centric interface creation for varied audiences.

This review offers insights into the most receptive publications, tracks the evolution of
academic discourse, and identifies key concepts (e.g., explanation goals, explanation scope)
and methodologies of XAI with a focus on the recipients of the explanations (e.g., lay

Presenting five primary classes of stakeholders who demand XAI and revealing their

Unlike previous reviews, we focus on experimental studies that reveal the effects of different
explanation configurations. This review contributes to user-centered XAI research by devel-

oping a conceptual framework and outlining future research directions for HCI and 1S.
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evidence on the effects of explanations, (3) examining the
full range of sub-processes and mechanisms in human—XAI
interaction, and (4) introducing a conceptual framework
based on higher-order theoretical constructs to explain how
explanation features shape user perceptions, decisions, and
outcomes. In doing so, we offer the first comprehensive,
theory-informed synthesis of experimental research on XAlI,
paving the way for more responsible and effective Al use.

3 Theoretical Background

To address the somewhat fragmented and often atheoreti-
cal nature of prior human—XAI studies, we draw on the
S-O-R-C model (Goldfried & Spratkin, 1976; Mehrabian
& Russell, 1974). This model allows us to trace the full
causal chain: from the stimuli to internal organism states,
their responses, and finally to downstream consequences.
This perspective is particularly useful for unpacking the
psychological mechanisms through which explanation
features influence user behavior in Al-supported decision-
making. Broader reviews in the field often remain descrip-
tive and lack the theoretical grounding necessary to uncover
the underlying mechanisms behind user responses (Brasse
etal., 2023; Laato et al., 2022). Our use of S-O-R-C offers a
response to this problem by providing a systematic human—
XAl interaction framework to connect explanation design
with user perceptions, reactions, and outcomes.

The stimulus-organism-response framework (S-O-R),
first presented by Mehrabian and Russell (1974), states that
external factors (stimuli) can influence an individual’s per-
ceptions and assessments (organism), which result in cer-
tain behavioral intentions (response). These factors shape
the behavioral outcome of an event (Arora, 1982). Stimuli
are defined as the causal factors that affect the mental state
of individuals. The response refers to the final behavioral
state and reaction that has been caused or at least been
influenced by the stimulus. While stimuli and response are
observable elements of the S-O-R model, the organism is
referred to as the unobservable phenomenon. It comprises
the cognitive and affective processes that are triggered
and performed during decision-making. Prior human—XAI
research has adapted the theory to explain and understand
the drivers of the adoption of XAl-based decision support
systems (Dalvi-Esfahani et al., 2023) as well as the decep-
tive nature of XAI (Schneider et al., 2023). We argue that
this theoretical foundation is suitable for analyzing human—
XAI comprehensively because explanations are designed to
purposefully impact the user’s perceptions of Al and result
in desirable responses (Langer et al., 2021; Brasse et al.,
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2023). The S-O-R model was, however, further extended by
the consequences that the behavioral intentions imply. Thus,
the S-O-R-C model emerged (Goldfried & Sprafkin, 1976).
Consequences represent the real-world effects of XAI, such
as changes in work efficiency, decision quality, or fulfill-
ment of user needs.

In contrast to widely used frameworks and models such
as the Technology Acceptance Model (TAM) or the Theory
of Planned Behavior (TPB), which primarily emphasize
system-level adoption and intention (Haque et al., 2023),
the S-O-R-C model allows for a more granular and process-
oriented analysis of human—XAI interaction. While TAM
and TPB often reduce mediators to perceived usefulness and
ease of use, typically culminating in satisfaction or inten-
tion, the S-O-R-C framework captures a full causal chain,
including intermediate perceptual mechanisms and down-
stream behavioral outcomes. This is especially important in
the context of XAl, where individual features like explana-
tions function as distinct stimuli that evoke specific cogni-
tive and affective responses (organism), which in turn drive
behavioral reactions (response) and influence task-related
or real-world consequences. Unlike traditional acceptance
models, which assume monolithic system evaluations, S-O-
R-C allows for analyzing the impact of specific explanation
types, formats, or modalities (Xiao & Benbasat, 2011). This
makes the framework particularly well-suited for under-
standing emerging Al systems, where user interaction is
modular, dynamic, and often emotionally or cognitively
demanding (He et al., 2025). By disentangling stimuli (e.g.,
explanation features) from organism-level processes (e.g.,
trust, understanding), S-O-R-C provides the analytical flex-
ibility needed to capture the fragmented, adaptive nature of
human—AI interaction in these evolving contexts. Finally,
understanding the real-world outcomes of XAl is essential
for HCI and IS research, given the close alignment of these
systems with practical applications and the pursuit of mea-
surable, real-world impact (Dennehy et al., 2023; Abedin
et al., 2022). By using S-O-R-C, we provide a theoretically
grounded lens to unpack the complexity of human—XAlI
interaction and advance both explanation design and evalu-
ation in IS and HCI research.

Our choice aligns with recent calls for higher-order the-
ory building in IS (Paré et al., 2015), especially in domains
where technological artifacts influence individual cogni-
tion and behavior in dynamic and modular ways. As such,
the S-O-R-C framework serves as a conceptual lens to
systematically structure and synthesize experimental find-
ings, expose underexplored relationships, and guide future
research at the intersection of explanation design, human
factors, and system performance.
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4 Research Approach

We performed a systematic literature review approach fol-
lowing the procedures of vom Brocke et al. (2009) and
Webster and Watson (2002). A systematic literature review
provides us with a trustworthy and rigorous methodology
(Keele, 2007) to evaluate and interpret available research
relevant to our particular research questions.

4.1 Source Selection

At first, we defined the objective and the scope of our
research and classified our review according to Cooper
(1998). We aim for exhaustive coverage to provide gener-
alizable insights into empirical evidence of explanations in
human—XAI interactions. The target group is specialized
scholars in the field of IS and HCI who develop, design,
evaluate, and examine XAl systems. To answer our research
questions, we focus on research outcomes of experimental
studies, while simultaneously considering the applied theo-
ries that motivate the research. As a second step of our SLR,
we prepared keywords and keyword combinations as well
as inclusion and exclusion criteria for our database search
process.

This process included selecting relevant outlets and data-
bases as well as defining the search string. To ensure quality
and relevance, we followed an outlet-driven search strategy,
identifying the top 20 IS and HCI journals and conference
proceedings based on established rankings (e.g., AIS Senior
Scholars’ Basket) and prior reviews (Elshan et al., 2022;
Rzepka & Berger, 2018). Importantly, we first defined the
outlets of interest and then selected the appropriate data-
bases (e.g., EBSCO, ProQuest, AISel, ACM DL, Scopus)
that index these sources. Databases not covering our tar-
geted outlets (e.g., IEEE Xplore, Web of Science) were
excluded to maintain a focused and consistent search scope
aligned with our selected publication outlets. To ensure a
comprehensive selection of representative literature cover-
ing experimental research perspectives on user interaction
with XAI, our search encompassed both journals and con-
ference proceedings. This approach was necessary because
journal publication timelines are notably longer than those
of conferences, and XAl research is rapidly growing, mak-
ing recent conference findings, such as those from the Con-
ference on Human Factors in Computing Systems (CHI),
highly relevant. Conference proceedings are particularly
suited to capturing novel research in this rapidly evolving
field. As our analysis of publication timelines reveals (Sect.
5), XAl is a contemporary challenge, necessitating atten-
tion to outlets, such as conferences, that operate on shorter
publication cycles.

Given our research questions and focus on the effects of
explanations in human—XAI interaction, we targeted top
journals and conferences in the fields of Information Sys-
tems (IS) and Human—Computer Interaction (HCI). Spe-
cifically, we selected outlets from the AIS Senior Scholars’
Basket and other leading venues known for their estab-
lished history of publishing experimental or design-oriented
empirical research, aligning closely with the methodologi-
cal scope of our study. This approach is consistent with
prior design-related literature reviews on human-Al interac-
tion (Elshan et al., 2022; Rzepka & Berger, 2018; Zierau et
al., 2020), which also employed outlet-driven strategies to
ensure quality. We cross-validated our outlet list with input
from a senior researcher to ensure comprehensiveness and
rigor. This selective, theory-informed approach provided a
high-quality foundation for systematically identifying rel-
evant studies across the chosen journals and conferences.

4.2 Search Strategy and Results

The following search string was customized and streamlined
to match the specific features of each database, incorporat-
ing wildcard characters wherever feasible: (Artificial Intel-
ligence OR AI OR Algorithm) AND (Explainab®* OR XAI
OR Explanation). The query-based search resulted in 853
hits in total (see Fig. 1). Next, inclusion and exclusion cri-
teria were defined. For the period, we applied 2000-2025 as
a hard-coded filter to also consider foundational work from
the 2000 as shown by prior surveys (Brasse et al., 2023).
Furthermore, the literature must be peer-reviewed. We
excluded articles that solely addressed the technical aspects
of XAl features, such as highly technical articles that priori-
tize algorithmic implementation over aspects related to the
effects of XAl The inclusion and exclusion criteria can be
found in Table 2. We included XAI research on knowledge-
based systems and recommender systems, similar to other
literature reviews (Haque et al., 2023; Brasse et al., 2023).
We performed the search at the end of May 2025. After a
subsequent title, keywords, and abstract screening, 155
papers were transferred to the reading stage, after which,
74 papers were finally included based on the presented
inclusion and exclusion criteria. A forward and backward
search on Google Scholar added 33 papers not found in the
initial database search. In total, 107 papers were analyzed
qualitatively.

4.3 Paper Analysis
To ensure reliability and consistency, we conducted an iter-
ative coding process with two researchers, independently

coding relevant segments. The primary coder developed the
initial codes for several articles, and afterward, both coders

@ Springer
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20 IS & HCI-Outlets and five databases (AlSel,
Journal and Database Search ScienceDirect, EBSCO, ACM Digital, and Scopus)
v
Keyword Search > N =853
v
Abstract, Title and Keyword Screening > N =155
v
Full Paper Screening > N =74
v
w Backward Search (+16) > N=90
v
m Forward Search (+17) > N=107

Fig. 1 Literature search process according to vom Brocke et al. (2009)

Table 2 Inclusion and exclusion criteria

Inclusion criteria

Exclusion criteria

1. The research includes an experiment with XAl end users

2. The study examines the effects of explanations on users’ behaviors, perceptions, etc.
3. The research specifically addresses the issue from an HCI and IS perspective.

1. Research focusing on technological advance-
ments, explanation methods, and algorithms

2. Empirical studies other than experimental research
3. Editorials, research notes, or other non-peer-
reviewed work

4. Studies in languages other than English

examined and reached a consensus on the coding. After a
batch of 15 papers, the inductively generated codes and
categories were dropped, decomposed, or merged and com-
plemented by new codes (Grodal et al., 2021). The coding
process included an iterative approach of analyzing the set
of papers randomly and deriving the higher-order constructs
based on the underlying codes. The overall coding scheme
can be found in Appendix B.

We analyzed the experiments utilizing a qualitative con-
tent analysis, including coding dependent, independent,
and structural variables such as moderators, mediators, and
control variables, and by structuring the results according
to the S-O-R-C framework. The framework provided the
foundation for our concept matrix (Webster & Watson,
2002) (refer to the Appendix A) and allowed us to study
the relationship between external explanation treatments
(stimuli), cognitive and affective processes (organisms),
and an individual’s behaviors (responses) and the actual
outcomes (consequences). The lowest level of codes refers
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to the specific XAl treatments as well as the utilized sub-
jective and objective measurements to either adjust stimuli
or to understand users’ perceptions and responses, as well
as the task-related outcomes, presented in Tables 3, 4 and
5. Within our analysis, we aggregate the measurements
into recurring constructs. Each study was also analyzed
by domain (e.g., healthcare, finance), system type, experi-
mental design, study type, participant count, source, and
demographics. These meta-level elements supported the
descriptive analysis.

5 Descriptive Analysis

The field of XAl truly accelerated in 2018, resulting in a
significant increase in experimental studies thereafter (refer
to Fig. 2). This trend signals a growing awareness among
researchers and practitioners regarding transparency and
explainability issues. However, it is important to recognize
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Table 3 Perception of explanations

Variable Definition Measures
Quality The quality of an explanation reflects how well it meets user Set of subjective measures:perceived value of explanation
needs - whether it’s clear, convincing, and useful, and whether it e« satisfaction ¢ persuasiveness ¢ effectiveness ¢ efficiency
makes users feel confident and informed. » preferences
Understanding ~ Understanding explanations is about how easily a user can Subjective measures by surveying understandability and
of Explanations  comprehend an explanation. It’s often measured through user explainability
surveys or tasks testing comprehension and recall. Objective measures by performing memory tests
Information Information sufficiency in explanations assesses whether enough Set of subjective measures: information accuracy ¢ infor-
sufficiency relevant and accurate details are provided. mation amount * informativeness * novelty of information

Table 4 Perception of the XAl system

Variable Definition Measures
Trust Trust in the context of human—XAl interaction is about how much users  Set of subjective measures: credibility *
feel they can rely on Al systems. It’s shaped by the quality and clarity of  accountability * reliability
explanations, and it influences whether users will accept or question Al
decisions.
Understanding Understanding of AI measures how well users grasp what an Al system Set of subjective self-reported measures:
of Al does and why. It’s a crucial link to building trust and acceptance, and it understandability « explainability ¢ simulat-
includes knowing the system’s strengths and limitations. ability * interpretability
Objective measures by conducting knowledge
tests or simulation of the model behavior
Utility Utility refers to how users perceive the overall value and effectiveness Set of subjective measures: user satisfaction
of an Al system, encompassing aspects like user experience, ease of use,  * usefulness ¢ ease of use * competence * user
usefulness, quality of predictions, satisfaction, and usability. experience * prediction quality ¢ predictabil-
ity « reliability
Transparency Transparency in Al systems refers to how openly and clearly the system’s  Subjectively measured by perceived transpar-

processes and decisions are presented, influencing user trust.
Cognitive load in XAl refers to the mental effort required from users

Cognitive load
when interacting with XAI systems.

Confidence

Justice and fairness Justice and fairness in XAl concern how users perceive Al decisions in

Human confidence relates to users’ confidence in their decision-making
when using Al systems as well as the confidence in the Al.

ency, perceived causability, or awareness

Set of subjective measures: perceived infor-
mation overload ¢ mental effort * information
overload * workload

Objective measurement through eye-tracking
and memory performance

Subjective measurements of self-confidence
and human confidence in decision-making
Subjective measures for fairness and justice

terms of ethical and equitable treatment, especially in critical areas like

finance and law.

Table 5 Acceptance of Al

Variable Definition

Measures

Acceptance of Al
advice (Reliance)
stated trust or perceptions.
Behavioral intention
using, or revisit an Al system.

Error detection

Acceptance of Al advice measures how users respond to and rely on
Al suggestions, focusing on their actual behavior rather than their

Error detection in XAl is about users identifying inaccuracies in Al
advice, influenced by how explanations are presented.

Predominantly objective measures: number of
accepted advice * weight of advice * weighed
discernment for example

Behavioral intention reflects users’ plans or tendencies to adopt, keep Set of subjective measures: intention to use

intention of continued use ¢ intention to return
+ adoption intention * purchase intention
Objective measurement by the number of
rejected erroneous Al advice.

that the academic roots of this research stream date back
to the early 2000s. The first experimental study examin-
ing the effects of explanations on the use of knowledge-
based systems was published by Mao and Benbasat (2001).
Despite this early contribution, the field experienced a pro-
longed period of limited activity, with only a few notable

works exploring explanations, primarily in the context of
recommender systems (e.g., Pu & Chen, 2007; Cramer
et al., 2008). This nearly two-decade gap was followed
by a sharp resurgence of interest starting in 2018, mark-
ing the emergence of experimental XAI as a central and
dynamic subfield of human—AlI interaction research. Most

@ Springer
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Number of Publications

o)

Other
LI 2 2
mHCI 1 1

Fig. 2 Distribution of publications according to year

of the studies were published in HCI outlets, highlighting a
strong concentration of XAl research in this domain and its
close ties to interface design, interaction models, and user
experience.

In terms of experimental methodologies, the prevailing
approach involved online experiments, with only a minority
opting for offline experiments and undertaking field experi-
ments. In this context, XAl researchers demonstrate a con-
sideration of confounding factors and other critical aspects,
such as learning effects and algorithm accuracy, within the
framework of their controlled experimental setups. Accord-
ingly, a large number of papers do not apply working Al
systems, instead opting for vignettes, mockups, or Wizard
of Oz systems to control for accuracy and variations among
other factors (e.g. Graefe et al., 2023; Matt & Schlusche,
2022; Silva et al., 2023). Only a few papers included work-
ing Al systems (e.g., Lee & Chew, 2023; Panigutti et al.,
2022). Our sample of literature refers both to between-sub-
jects (e.g., Leichtmann et al., 2023; Westphal et al., 2023;
Lima et al., 2023) and within-subjects experiments (e.g.,
Musto et al., 2021; Naiseh et al., 2023; Panigutti et al.,
2022). Although we filtered for experimental user studies,
several included papers comprise multiple research meth-
ods such as interviews, think-aloud sessions, or quantitative
evaluations (e.g., van der Waa et al., 2020).
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6 Conceptual Framework of Human-XAl
Interaction

In the following sections, we elaborate on the analyzed
higher-order theoretical constructs and corresponding
aspects of human—XAlI research, forming the human—XAlI
interaction framework based on the S-O-R-C model. An
overview of the relevant components of human—XAlI inter-
action can be found within the concept matrix in the Appen-
dix as well as within the following Fig. 3.

To synthesize the accumulated knowledge on the effects
of XAI and to accommodate the development of new theo-
retical foundations, we developed a conceptual framework
for human—XALI interaction guided by the theory of S-O-R
(Mehrabian & Russell, 1974) (Fig. 4). This allows us to
understand the higher-order concepts and constructs as well
as the effects and relationships in the field of human-centered
XAI. Unlike models such as TAM or TPB, which focus pri-
marily on system-level adoption and intention, the S-O-R-C
framework captures both the granular impact of individual
system features and the broader influence of the XAI sys-
tem on users’ cognitive and affective responses, behaviors,
and resulting outcomes. This makes it particularly suitable
for evaluating feature-rich Al systems, as supported by its
use in explanation-focused studies (e.g., Xiao & Benbasat,
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2011; Schneider et al., 2023; Ochmann et al., 2024). We
systematize the causal chain of XAl into four main theoreti-
cal constructs: (1) stimuli, (2) organism, (3) response, and
(4) consequences. We designated XAI configurations as the
independent external (1) stimuli in experimental XAl stud-
ies (Sect. 6.1). Researchers adjust these configurations to
observe the effects of various explanation types, combina-
tions of explanations, and modalities. Next, we divided the
core causal chain of human—XAl interaction into three com-
ponents. The first component, XAl perceptions, covers how
users observe, comprehend, and assess explanations, solely
focusing on explanations as the primary research subject.
In the second part, researchers explore how users perceive
the XAI system as a whole, including its explanations. Both
perceptions of the XAl configurations and the full XAl sys-
tem refer to the non-observable (2) organism of our human—
XAl interaction framework (Sect. 6.2).

We found that the perception of the explanations can be
separated from that of the XAl system, which comprises the
Al system and the explanations as additional cues. Thus, we
conceptualize explanation types and modalities (i.e., stimuli)
as well as users’ perceptions of these explanations as con-
structs that constitute the explanans of the system. Follow-
ing philosophical tradition (Hempel & Oppenheim, 1948;
Miller, 2019), the explanans refers to the entity or mecha-
nism that provides the explanation. Our model acknowl-
edges that multiple explanans (e.g., individual explanations
or explanation elements) may contribute to clarifying a
single Al output, such as a decision, recommendation, or
underlying model functionality. This target of explanation
is referred to as the explanandum- the unit that is to be
explained. Our human—XAl interaction framework empha-
sizes that experimental XAl research often focuses either on
the explanans (i.e., explanation features) or the explanan-
dum (i.e., the overall system), yet the theoretical and prac-
tical impact emerges from their interplay. For instance,
GenAl systems can dynamically generate and adapt their
reasoning while presenting a chain-of-thought, making the
interaction between explanation features and system behav-
ior especially salient in shaping user understanding and
trust. The link between explanans and explanandum thus
captures the explanatory mechanism by which explanations
influence user cognition and behavior. The figure indicates
the conceptual conflation within the organism construct.

We then summarize Al acceptance as the observable (3)
response, capturing how users interact with the system,
either by accepting or rejecting its outputs, and their inten-
tion to use the system or its advice, which also constitutes
an important component of the explanandum (Sect. 6.3). As
the examined studies show, the response is driven by the
cognitive and affective processes (organisms). Finally, these
configurations, perceptions, and behaviors yield measurable

@ Springer

(4) consequences in interactions between humans and Al,
such as task performance, time, and engagement (Sect. 6.4).
In addition to the S-O-R-C, we found that human character-
istics, task specifics, and context significantly moderate the
human—XAI interaction (Sect. 6.5). While some configura-
tions, like the accuracy of the Al model, aroused researchers’
interest, they do not represent the main subject of interest. In
the following, we present each component in detail.

6.1 Stimuli - XAl Configurations

Our analysis highlights the diversity of conceptualiza-
tions of explanans as external stimuli in our retrieved
sample. Concepts from the literature on knowledge-based
systems (Gregor & Benbasat, 1999), such as trace or line
of reasoning, justification, control, and terminology, have
been explored to enhance human decision-making (Matt
& Schlusche, 2022; Aslan et al., 2022). An additional con-
ceptualization lies between local and global explanations,
where some studies focus on providing insights into spe-
cific model predictions (local), while others emphasize
understanding the overall system behavior (global) (Lai et
al., 2022; Wastensteiner et al., 2021; Zhang et al., 2020).
Results from that stream showed that local explanations are
more effective in trusting Al systems to make fair decisions
(Dodge et al., 2019; Herm, 2023) and that they have less
of a priming effect (Lai et al., 2022). Moreover, the white-
box versus black-box dichotomy further contributes to this
diversity, with some investigations aiming for transparency
by revealing the internal workings of the model (white-
box), while others prioritize an opaque approach (black-
box) (Poursabzi-Sangdeh et al., 2021; Musto et al., 2021).
Research revealed that white-box cannot positively influ-
ence the understanding of the model (Cheng et al., 2019)
and the ability to identify errors (Poursabzi-Sangdeh et al.,
2021) as they might expose complexity. Pafla et al. (2024)
compared between human-generated and machine-gener-
ated explanations. Overall, the systematization and deriva-
tion of explanans in HCI and IS research remain scattered.

6.1.1 Explanation Types

To structure the fragmented field, we map the user-centered
categorization of explanations (i.e., why, what-else, why
not) (Liao et al., 2020; Wang et al., 2019) with human rea-
soning types (Miller, 2019) and thereby systematize our
insights on explanation types as one categorization of XAl
stimuli.

The most often referred to type of explanation explains
why (factual reasoning) a certain decision was made. Here
literature utilizes feature attribution methods (e.g. Zhang
et al., 2023), feature-based approaches (e.g., Yurrita et al.,
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2023; Orzikulova et al., 2024), trace explanations (Mao &
Benbasat, 2001; Aslan et al., 2022), and other instantiations
such as keyword highlighting (e.g. Wang et al., 2022; Lai
& Tan, 2019) or natural language based explanations (e.g.,
Chien et al., 2022). Driven by the rationale that questioning
the Al decision with “why” remains in line with humans’
factual reasoning, this type has a positive effect on the
human—XAI interaction. For example, Meske and Bunde
(2022) exemplified a positive impact on informativeness,
trustworthiness, and mental models. However, the result
of our sampled literature shows that not all experiments
were able to reconstruct a significant impact (Lai et al.,
2022; Zhang et al., 2021). Rader et al. (2018) highlighted
that why-explanations can negatively influence perceived
control.

What-else (analogical reasoning) explanations represent
the second most frequently discussed type of XAl feature
(e.g. Leichtmann et al., 2024; Silva et al., 2023). Analogical
reasoning also appears in the literature as example-based,
case-based, similarity-based, or evidence-based explana-
tions. What-else explanations could be instantiated by
providing alternative solutions (Sivaraman et al., 2023) or
showing similar user profiles (Tsai et al., 2021). Tsai et al.
(2021) showed that example-based explanations outper-
formed feature-based explanations. Again, there are pos-
sible negative effects related to analogy-based explanations.
In terms of justice and fairness perceptions, case-based
explanations show a negative impact when presented next
to other explanation types (Binns et al., 2018; Yurrita et al.,
2023). Similarly, Jiang et al. (2022) showed that in case of
high user uncertainty, providing divergent information such
as alternatives harms humans’ decision making.

Confidence scores (i.e., information on the system’s cer-
tainty for a specific prediction) can act as a cue for human
users to evaluate the Al response (Steyvers et al., 2025).
van der Waa et al. (2020) proposed and examined different
confidence measures from the perspective of XAl. As such,
confidence scores can act as a measure for improving trust
calibration (Zhang et al., 2020). However, that type does not
provide users with any insights into the system’s reasoning
and thus does not increase users’ understanding of the sys-
tem (Cramer et al., 2008).

How-to (counterfactual reasoning) explanations pro-
vide users with hypothetical examples by presenting the
required changes of input factors to get a different predic-
tion (Naiseh et al., 2023; Silva et al., 2023; Weller et al.,
2025). For example, Wang et al. (2022) provided a mecha-
nism for substituting words in user inputs to increase users’
performance in an Al-assisted ideation task. In addition, Lee
and Chew (2023) revealed that counterfactual explanations

are effective in reducing both experts’ and laypeople’s over-
reliance, and Silva et al. (2023) found that they were sig-
nificantly rated as being more explainable than the baseline.
Nonetheless, Herm (2023) showed that local how-to expla-
nations demand more mental effort compared to prior men-
tioned what-else explanations. Schutter and Cremer (2024)
distinguish between would-, could-, and should-counterfac-
tuals, illustrating the breadth of explanatory types in this
reasoning approach.

Why-not (contrastive reasoning) describes why a certain
prediction was not made (Wang et al., 2022; Zhang & Lim,
2022; Pafla et al., 2024). In the realm of recommender sys-
tems, contrastive explanations can be represented as trade-
off explanations that facilitate the comparison of different
recommendations (Cramer et al., 2008; Pu & Chen, 2007).
Wilkinson et al. (2021) discovered that why explanations
were preferred over why-not explanations in terms of jus-
tifying some advice. Apart from this, the experimental evi-
dence on contrastive reasoning in human—XAlI interactions
remains scarce.

How explanations are categorized as global explanations
because they explain the overall model reasoning, often
referred to as the process (Jang et al., 2024), regardless of the
given prediction (Zoeten et al., 2024). Concerning research
on knowledge-based systems, how explanations are catego-
rized as strategic explanations (Aslan et al., 2022). How
explanations exert the greatest influence in terms of men-
tal effort (Herm, 2023).Lai et al.(2022) explored that global
explanations can hence hamper human—XAI performance
and Rader et al.(2018) stated that explanations can cause
doubts about Al’s consistency.

There are multiple additional explanation types worth
exploring: what-if explanations (Anderson et al., 2020) offer
insights into future or altered inputs, while even-if expla-
nations (Kenny & Keane, 2021) were absent in our sam-
ple, but suggest potential for future research. Other types
found include terminological (Aslan et al., 2022), deep
(Mao & Benbasat, 2001), and what explanations (Rader et
al., 2018). Additionally, combinations of explanation types
remain undiscovered. Most researchers choose to test single
explanations using between-subjects experiments or pres-
ent all treatments separately in within-subjects experiments.
Only Anderson et al. (2020) and Bhattacharya et al. (2024)
considered combining explanations to increase the impact
on human—XALI interaction. Current human—XAI research
offers limited insight into how combined explanations (i.e.,
multiple explanans) create complementary or synergistic
effects. Therefore, we highlight the need to view stimuli
not as isolated factors, but as interacting components that
jointly shape user behavior.
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6.1.2 Explanation Representation Modalities

Beyond the variety of explanation types, XAl research
also emphasizes the importance of explanation modalities,
including text, numbers, bullet points, visuals, graphs, fea-
ture histograms, highlighted inputs, and rule sets (e.g., Lu et
al., 2023; Ha & Kim, 2024; Pafla et al., 2024). In the most
recent discussions, focus was placed on the significance of
natural language explanations (Lima et al., 2023; Lu et al.,
2023). Human-understandable summaries of the model’s
reasoning, as discussed by Chien et al. (2022), are recog-
nized as more effective than graph-based explanations. In
addition to the format, Forster et al. (2020) examined the
importance of specific characteristics in designing and
shaping the external stimuli of XAI systems. The research-
ers differentiated between length, relevance, coherence, and
generality and found that concrete, coherent, and relevant
explanations are most appreciated. Musto et al. (2021)
found that in movie recommendation systems, effective jus-
tifications are long and summarize key information. Another
central modality is the degree of detail incorporated within
the explanations. For example, the number of explanation
elements (Musto et al., 2021; Guesmi et al., 2022) such
as visual chunks (Abdul et al., 2020) is often related to a
trade-off between cognitive load and accuracy (Herm et al.,
2022). Other researchers also refer to explanation richness
(Pu & Chen, 2007) or the degree of transparency (Zhang et
al., 2021).

The analysis shows that prior work offers diverse explana-
tion formats, providing inspiration for future XAI modality
research. The set of retrieved papers examined complete-
ness and soundness (i.e., the extent to which the complete
system is addressed and the extent to which each part of an
explanation describes the Al system) (Kulesza et al., 2013),
presentation order, and morphological clarity (i.e., the
extent to which a visualization delineates features by adjust-
ing their appearance or discarding specific data) (Hudon et
al., 2021), personal vs. impersonal (i.e., varying the source
of the explanation between human and non-human sources)
(Kunkel et al., 2019), adjacent vs. non-adjacent (i.e., show-
ing the explanation integrated in the underlying input vs.
displaying it separated from the input data) (Hudon et al.,
2021), and positive vs. negative framing (i.e., considering
that the Al decisions are inherently positive or negative
for a user) (Hadash et al., 2022). Regarding the interaction
modalities in XAl systems, researchers distinguish between
interactive and static explanation interfaces (e.g., Martijn
et al., 2022). Naiseh et al. (2023) argue that users perceive
XAI systems as a new interactive system that needs to be
customizable and adjustable. Closely related to that topic
is the type of explanation provision. The explanation can
be provided on-demand or upfront (Tsai & Brusilovsky,
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2021). Finally, XAI research has shown that personalized
explanations are perceived as more helpful (Schroppel &
Forster, 2024). Overall, the multi-modality and interactiv-
ity of state-of-the-art GenAl models further complicate this
trend, prompting a view of explanans as a multi-categorical
construct - one that poses significant difficulties for focused
experimental research.

6.2 Organism - Human Perceptions of XAl

Experimental research highlights two key effects of expla-
nations in human—XAlI interaction related to the organisms
component in the S-O-R-C model: (1) perception of expla-
nations and (2) XAl system perception. Perceived expla-
nations shape system perception, which in turn influences
user responses. The organism component serves as a bridge
between the explanans and the explanandum. While users’
perceptions of the provided explanations reflect the explan-
ans, their perceptions of the broader XAl system, such as
the AI’s decisions, reasoning processes, or the model itself,
correspond to the explanandum.

6.2.1 Perception of Explanations

The perceptions of XAI configurations, measured through
subjective metrics like explanation quality, understandabil-
ity, and information sufficiency (Table 3), directly relate to
the explanans provided in Al experiments. Assessing these
perceptions helps evaluate the effectiveness of XAl features
and treatments independently of the Al system’s broader
factors.Quality. The perceived quality of explanations has
been discussed by several researchers by considering the
value of an explanation (Graefe et al., 2023), the satisfac-
tion (Lu et al., 2023; Kaufman et al., 2025), the preferences
(e.g., Ashktorab et al., 2019), perceived usefulness (Zhang
et al., 2023), effectiveness and efficiency (e.g. Wilkinson
et al., 2021; Musto et al., 2021). For instance, Dikmen and
Burns (2022) measured explanation quality by surveying
confidence, human likeness, adequate justification, and
understanding. Within the field of recommender systems,
the concept of persuasiveness is frequently mentioned.

Understanding of explanations. XAl research emphasizes
understandability as central to conveying complex system
behavior and a fundamental criterion for explanans. Beyond
perceived understandability - commonly assessed in sur-
veys (e.g., Hadash et al., 2022; Zhang et al., 2023) - some
studies employ objective measures, such as memorization
tasks (Wastensteiner et al., 2021) and comprehension tests
(Abdul et al., 2020). Authors also refer to related notions
like explainability (Lima et al., 2023), which contributes to
some conceptual variation and lack of consistency across
the XAI literature.
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Information sufficiency. A multitude of authors studied
the perceived degree of information that is transferred by
the explanations in addition to the mere prediction. There-
fore, we refer to information sufficiency by summarizing
multiple variables, such as information accuracy (Lu et al.,
2023), the novelty of information (Lu et al., 2023; Rader
et al., 2018), perceived informativeness (Meske & Bunde,
2022)and the amount of information (Dikmen & Burns,
2022).

6.2.2 Perception of the XAl System

Experimental XAl research also investigates users’ over-
all perceptions of the Al system (Table 4) as shaped by the
explanans. It connects the explanans to the actual explanan-
dum, which is typically related to explanation goals (Laato
etal., 2022).

Trust Trustis one of the most cited outcomes in human—XAlI
research, with many studies showing that explanations aim
to - and often do - increase user trust (e.g., Lee et al., 2019;
Silva et al., 2023; Tutul et al., 2024). While others demon-
strated that there is no direct but an indirect effect through
justification quality and perceived transparency (Wilkinson
et al., 2021). Trust is positively correlated with perceived
understanding (Cramer et al., 2008) and transparency (Jus-
supow et al., 2021) and depends on different explanation
quality measures such as confidence and understandability
(Dikmen & Burns, 2022; Kunkel et al., 2019). Multiple
authors investigated related concepts of trust such as cred-
ibility (Chien et al., 2022), accountability (Shin, 2021), and
reliability (e.g. Naiseh et al., 2023; He et al., 2023). The
latter stream aims at achieving appropriate trust (He et al.,
2023). Overall, these sub-variables fall under trust as the
umbrella term. The core mechanism, referred to as trust cal-
ibration (Zhang et al., 2023; Naiseh et al., 2023), involves
users adjusting their trust in system advice over time to
achieve appropriate trust (e.g., Yang et al., 2020). In con-
trast to appropriate trust, researchers discovered either over-
trust or under-trust. Leichtmann et al. (2024) and Naiseh et
al. (2023) showed that without explanations users tend to
overly on Al recommendations. Despite the positive find-
ings, a few researchers could not find any effect (e.g., West-
phal et al., 2023; Leichtmann et al., 2023) or even examine
a negative effect of explanations on trust (e.g., Zhang et al.,
2021; Papenmeier et al., 2022). Especially, in cases of low
and medium accuracy, explanations do not add any value or
even harm the user’s trust intention.

Understanding of Al The dependent variable understand-
ing of Al describes to which degree the users comprehend
the Al system’s actions. Researchers either referred to

understandability (e.g., Cramer et al., 2008; Leichtmann et
al., 2024), explainability (Lima et al., 2023), interpretabil-
ity (Frost et al., 2025), or causability (Aslan et al., 2022).
Furthermore, research exhibits simulatability as a more spe-
cific form of understanding an Al model’s behavior (Wang
& Yin, 2021; Silva et al., 2023). Apart from performance
metrics, explanations can help users to better understand the
capabilities and limits of Al (Leichtmann et al., 2024). Per-
ceived understanding and explainability act as a mediator
for trust, competence, and acceptance (Cramer et al., 2008;
Silva et al., 2023).

Utility Multiple authors have studied how explanations
influence the users’ evaluation of Al systems (Ebermann et
al., 2023). We summarize utility as an overarching category
including perceived competence (e.g., Naiseh et al., 2023),
user experience (Lai et al.,, 2022), ease of use (Matt &
Schlusche, 2022; Meske & Bunde, 2022), perceived useful-
ness (e.g., Sivaraman et al., 2023; Meske & Bunde, 2022),
prediction quality (Tsai et al., 2021), satisfaction (Guesmi et
al., 2022), and usability (Lee & Chew, 2023).

Transparency Perceived transparency associated with
XAl is established in research (Lu et al., 2023; Shin, 2021;
Campos et al., 2024). Notably, the existing literature con-
sistently demonstrates the positive influence of explana-
tions on transparency (Tsai & Brusilovsky, 2021). Aslan et
al. (2022) contribute to this understanding by establishing
a link between perceived transparency, explanations, and
causability. Furthermore, the literature underscores the con-
sequential association between perceived transparency and
trust, as emphasized by Shin (2021) and Brunk et al. (2019).

Cognitive Load Cognitive load - users’ mental effort when
interacting with XAI - is a key concern, with the goal of
minimizing overload. Our analysis reveals trade-offs
between cognitive effort and explanation accuracy (Abdul
et al., 2020). Increasing the information density to increase
transparency comes with the cost of perceived information
overload (Chien et al., 2022). Again, within the selected
literature, authors consider different concepts of cognitive
load, e.g., mental effort (Wastensteiner et al., 2021; Herm,
2023), information overload (Rader et al., 2018; Poursabzi-
Sangdeh et al., 2021), and workload (Lai et al., 2022).

Confidence A less studied but growing field involves the
user’s confidence in their decision-making (e.g., Lee &
Ram, 2023; Kim et al., 2024). Lai et al. (2022) examined
the human’s confidence in creating delegation rules but
could not indicate any improvement by global or local
explanations. Similar findings are provided by Panigutti
et al. (2022), who emphasized that explanations did not
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significantly increase or decrease human confidence. Yang
et al. (2020) revealed that non-experts had more confidence
in their decisions.

Fairness and Justice The constructs of fairness and justice
are central to the finance and legal domain, where humans
are more strongly influenced by Al. In a within-subjects
study, Binns et al. (2018) demonstrated the effectiveness of
explanation styles on the perception of fairness and justice.
Lima et al. (2023) examined the effect of explainability on
blame judgments, where they concluded that explanations
alone do not significantly influence the perceptions of whom
to blame. Similar to transparency, Shin (2021) included fair-
ness as a mediator of trust in their conceptual model. Yurrita
et al. (2023) demonstrated a positive effect of explanations
on perceptions of informational fairness.

6.3 Response — Acceptance of Al

Finally, perceptions of explanations and the Al system
influence users’ responses to XAl stimuli. Acceptance of Al
advice and error detection are direct behavioral outcomes,
while usage intentions (e.g., intention to use) still reflect
subjective behavioral beliefs and intentions. According to
our analysis, responses to the XAI system and its advice
are part of the explanandum because these reactions directly
relate to the unit being explained. In this sense, the explanan-
dum—that is, what the explanations aim to clarify—is ulti-
mately reflected in how users act upon, revise, or adopt Al
recommendations. These responses, in turn, serve as mea-
surable indicators of the extent to which the explanandum
is understood, trusted, or considered appropriate for action.

Acceptance of Al Advice (Reliance) The degree of accep-
tance of Al advice is crucial, as it refers to the degree to
which humans accept or reject the advice produced by the
Al system as well as changing their decisions (Aslan, 2024).
In contrast to trust, the literature emphasizes the objectively
measurable actual agreement (e.g., Naiseh et al., 2023;
Zhang et al., 2020) and compliance (e.g., Westphal et al.,
2023) of users with Al. The majority of experiments demon-
strated the effectiveness of explanations on the acceptance
of Al (Sivaraman et al., 2023; Jiang et al., 2022). However,
Wilkinson et al. (2021) reported that there are no direct but
rather indirect effects mediated by the quality of justifica-
tion styles, hence arguing for considering the perceptions
of explanations as outlined in the previous chapter. Sivara-
man et al. (2023) emphasized that explanations meaning-
fully complement Al advice. In contrast, Westphal et al.
(2023) and Silva et al. (2023) could not point out a signifi-
cant trend of compliance in each XAl condition. Our analy-
sis showed that the approaches to objectively measure Al
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advice acceptance are more sophisticated. For example, the
weight of advice (WOA) has been applied to examine how
Al advice influences humans’ decision-making, by measur-
ing the changes in human decisions before and after show-
ing Al advice (Panigutti et al., 2022; Poursabzi-Sangdeh et
al., 2021). Additionally, Naiseh et al. (2023) measured if
users switched from the Al recommendation, and Danry et
al. (2023) observed weighted discernment. Finally, Lee and
Chew (2023) measured acceptance in detail by differentiat-
ing between (dis-) agreement of right Al advice and (dis-)
agreement of wrong Al advice. Research on acceptance of
Al advice relates to the rapidly growing field of A1 reliance
and the quest for understanding appropriate reliance on Al
advice (Bo et al., 2025; Kim et al., 2025).

Behavioral Intention Additionally, a comparable number
of publications examined the behavioral intentions to use
an Al system (e.g., Leichtmann et al., 2024; Guesmi et al.,
2022). The rationale behind that is the goal of strategically
improving the usage of Al systems through explainability.
Aslan et al. (2022) showed that a higher level of causability
increases the intention to utilize the Al system. Similar find-
ings were presented by Ebermann et al. (2023). However,
Panigutti et al. (2022) could not confirm these findings.

Error Detection A few researchers studied the effectiveness
of XAI in terms of recognizing incorrect Al advice (e.g.,
Wang & Yin, 2021; Naiseh et al., 2023). For example, Lee
and Chew (2023) found that counterfactuals are suitable for
identifying wrong Al advice. However, Rader et al. (2018)
reported that explanations were less effective in verifying
the correctness of the system’s output. Poursabzi-Sangdeh
et al. (2021) show that high information load hinders users
from spotting model errors, even if they can simulate its
behavior. Despite its link to Al acceptance, error detection
is often overlooked or treated separately.

6.4 Consequences - Task-Related Outcomes

Beyond observable responses, experiments often measure
the real-world consequences of human—XAl interaction.
Key consequences include task performance (accuracy and
quality), task time, and user engagement with the system.

Task Performance Overall, a small portion of authors mea-
sured the impact of explanations on outcome-related vari-
ables such as task performance (e.g., Dikmen & Burns,
2022; Spitzer et al., 2024). In general, task performance is
referred to as the number of correctly predicted instances,
often named human classification performance (e.g., Lai et
al., 2020; Lu & Zhang, 2025). Still, task performance can
come in different facets depending on the domain and task.
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For instance, Bauer et al. (2023) and Dikmen and Burns
(2022) examined investment performance, Herm (2023)
investigated diagnostic accuracy, and Bhattacharya et al.
(2024) studied the impact on model’s performance when
expert users configure Al systems. The results are some-
what contrary. While one group of researchers highlighted
the positive impact of explanations due to the better under-
standing and the appropriate reliance (e.g., Wastensteiner et
al.,2021; Silva et al., 2023), another group found that expla-
nations can also decrease or at least can not improve overall
task performance because of information overload, confir-
mation biases, and priming effects (e.g., Bauer et al., 2023;
Zhang & Lim, 2022). Hamm et al. (2023) define perfor-
mance as a construct composed of quality and time, where
quality is considered equivalent to the correct classification.
Other studies referred to specific outcomes of XAl use such
as cyber resilience (Sadeghi et al., 2024), error measures in
forecasting setups (Weller et al., 2025) or assessing cancer
risks (Palfi et al., 2024).

Task Time This variable comprises the time to complete a
particular task or to respond (Miiller et al., 2025) and refers
to the efficiency of solving a task (Wilkinson et al., 2021;
Spitzer et al., 2024). One cluster of researchers refers to
time costs to draw attention to the fact that interactive XAl
interfaces will increase the time users try to discover the
system (Cheng et al., 2019; Tan et al., 2012). As such, there
is a trade-off between time to read and understand explana-
tions and task time. However, according to Zhang and Lim
(2022), explanation can improve task performance without
degrading completion time. Herm (2023) found that users
take the longest to complete tasks without explanations,
while why and why-not explanations are the most time-
consuming. However, time varies based on specific XAl
configurations.

Engagement Finally, we summarize engagement as the
degree to which the users interact with the system (e.g.,
Lai et al., 2022). This includes the willingness to help the
systems (i.e., by contributing feedback in a sense of hybrid
intelligence) (e.g., Lee et al., 2019), the extent to which
users discover new knowledge (Musto et al., 2021), and
how explanations facilitate learning (e.g., Tsai et al., 2021;
Spitzer et al., 2024). Weller et al. (2025) found that factual
explanations are associated with more beneficial overruling
of the Al by users.

6.5 Human Characteristics and Task Context
Human agent characteristics are less prominently exam-

ined within our retrieved set of papers. The most promi-
nent factor refers to domain expertise (e.g., Bauer et al.,

2023; Yurrita et al., 2023; Lu & Zhang, 2025; Arnold et al.,
20006). Prior knowledge in the field of observation has cru-
cial implications for the demand for explanations (Mao &
Benbasat, 2001), the effectiveness of explanations (Wang &
Yin, 2021), and appropriate trust (Lee & Chew, 2023). For
example, Wang and Yin (2021) argue that domain knowl-
edge is required to understand the explanations. Lee and
Chew (2023) found that laypersons tend to over-rely on Al
advice.

Another relevant human characteristic can be summa-
rized as technical literacy which comprises prior experience
in Al (e.g., Cheng et al., 2019; Ashktorab et al., 2019; Riefle
et al., 2024), IT knowledge (e.g., Aslan et al., 2022), and
Al knowledge in particular (e.g., Zhang et al., 2023; Leich-
tmann et al., 2024). Furthermore, a portion of publications
considered cognitive styles (e.g., Naveed et al., 2018; Spitzer
et al., 2024; Giboney et al., 2015). In this regard, research
has focused on different constructs such as decision-making
styles (Naveed et al., 2018) or the need for cognition (NFC)
(e.g., Martijn et al., 2022). People with higher cognitive
reflection tend to better discern and seek additional sources
(Danry et al., 2023). However, Riefle et al. (2024) utilized
the constructs of rational and intuitive cognitive styles pro-
posed by Hamilton et al. (2016) and found that an increase in
rational cognitive style significantly decreases the objective
comprehension of Al model behavior. In addition, several
other variables were considered including personality traits
(e.g., Martijn et al., 2022; Shulner-Tal et al., 2024; Nimmo
etal., 2024; Okoso et al., 2025) or performance expectations
(Matt & Schlusche, 2022; Bauer et al., 2023; Zoeten et al.,
2024). Human characteristics shape key internal responses
(organism) in human—XAI interaction, especially percep-
tions of explanations and the system, making them vital
for XAl design and evaluation. This line of research can be
further extended to the context of group decision-making.
For instance, Brito Duarte et al. (2025) compared the use of
explanations in individual versus group settings and found
that the absence of explanations tends to amplify overreli-
ance on Al-generated outputs.

In comparison to human characteristics, the role of task
context is rather neglected within human-XAI research.
Still, task complexity was incorporated as a mediator in
prior research (e.g., Westphal et al., 2023). Dikmen and
Burns (2022) measured perceived task difficulty and Eber-
mann et al. (2023) controlled for task conditions by select-
ing distinct levels of uncertainty. Finally, task relevance was
considered in research where Al advice can have a crucial
consequence (e.g., Leichtmann et al., 2024; Yurrita et al.,
2023). However, our analysis reveals that there are various
contextual factors influencing the interaction with XAl sys-
tems (Jenkin et al., 2024).

@ Springer
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7 Discussion

By conducting a theoretical review (Paré et al., 2015) of
experimental studies on human—XAI interaction, we con-
ceptualized the state of experimental research and identified
key knowledge gaps that inform future directions for the
field. Grounded in the S-O-R-C model, we introduced a con-
ceptual framework that provides a causal, process-oriented
lens to trace how explanation types and modalities (stimuli)
influence user perceptions (organism), subsequent behav-
iors (responses), and tangible outcomes (consequences)
(RQ1). One of the core contributions is the conceptual link
between explanation-level perceptions and perceptions
of the overarching XAI system, which we characterize as
explanans (stimuli and organism) and explanandum (organ-
ism and response), enabling clearer theorization and mea-
surement. Our analysis shows that XAl effects vary by
explanation design, system type, and task context, revealing
inconsistencies and a lack of structured theory use. These
findings inform five promising research directions that help
shape the future of XAI (RQ2), particularly in the context of
emerging Al entities (e.g., LLMs, Al agents) and evolving
human-AI delegation mechanisms.

7.1 Main Findings

Through our analysis of the applied stimuli (1), we found
an inconsistent categorization of explanation types across
the sample of papers. This inconsistency primarily stems
from the numerous features and instantiations applicable to
explaining decision-making processes. Our analysis high-
lights the strong relationship between explanation types and
modalities, with the chosen modality significantly influenc-
ing the effectiveness of the explanations. However, there is
a small portion of researchers that considered both expla-
nation types and modalities (e.g., Pafla et al., 2024; Wang
et al., 2022) and prior research lacks a systematization of
dependencies and combination effects concerning explana-
tion types and modalities. As such, our analysis also raises
questions about combining multiple explanations, as most
experimental research focuses on single features or compar-
ing treatments. Few studies to date (Anderson et al., 2020;
Bhattacharya et al., 2024; Martijn et al., 2022) have inves-
tigated the combination of explanation types and discusses
the synergies or conflicts, which become more relevant
when humans delegate to multiple Al agents. Furthermore,
the absence of widely used theoretical frameworks in XAl
hinders researchers from building a robust theoretical basis.
Thus far, the most prominent theoretical foundations for
explanations in XAl remain the works of Liao et al. (2020)
and Miller (2019), which draw from social science per-
spectives and human reasoning frameworks. However, we

@ Springer

identified several useful theories. Toulmin’s argumentation
model, for instance, offers a lens to conceptualize explana-
tions as structured arguments, clarifying their logical coher-
ence and persuasiveness (Arnold et al., 2006; Lee & Ram,
2023; Naveed et al., 2018). Likewise, signaling theory helps
interpret explanation elements as cues about the system’s
credibility and intent, shaping trust and acceptance (Aslan
et al.,, 2022). Cognitive fit theory adds to this perspec-
tive by explaining performance variations as a function of
alignment between explanation format and task demands
(e.g., Ebermann et al., 2023; Giboney et al., 2015; Herm,
2023). These theories help clarify fragmented findings in
the literature, provide a structured basis for interpreting and
designing XAI stimuli in experimental and real-world set-
tings, and explain how such stimuli shape user perceptions
- represented as the organism in our human—XAlI interaction
framework.

Regarding the organisms (2) component, our findings
indicate a consensus among scholars regarding the mediat-
ing effect of explanation quality on the subsequent percep-
tion of the overall Al system and its predictions (Kunkel
et al., 2019). The underlying rationale is that explanations
must be valuable to users (Graefe et al., 2023). Measure-
ments vary from persuasiveness (Musto et al., 2021) and
satisfaction (Lu et al., 2023) to justification efficiency
(Wilkinson et al., 2021). For example, in research on recom-
mender systems (e.g., Tsai & Brusilovsky, 2021; Naveed et
al., 2018), the explanations themselves are most important
for increasing the advice acceptance rate or the purchase
rate. Hence, researchers in that field investigate the persua-
siveness of explanations. Our findings related to the organ-
ism offer insights into the connection between explanation
features (i.e., explanans) and the broader system being
explained (i.e., explanandum), thereby shedding light on
how explanations shape users’ perceptions and behaviors.
This new perspective contrasts with prior findings by Haque
et al. (2023) and suggests investigating explanans more
granularly without neglecting their interrelatedness with
the underlying Al model or Al Agent — the explanandum.
Theoretical frameworks such as dual-processing theory
and the heuristic—systematic model help explain how users
shift between intuitive and analytical modes of processing,
affecting how explanation features are cognitively evaluated
and how this, in turn, informs the perception of the Al sys-
tem (Ha & Kim, 2024; Lu & Zhang, 2025; Naisech et al.,
2023). Moreover, mental models theory helps explain how
users form internal representations of both the explanation
and the system’s behavior (Bauer et al., 2023; Kulesza et al.,
2013; Martijn et al., 2022).

Additionally, we found that human—XAI research focuses
on the impact of explanations on appropriate reliance on
Al advice as users’ responses (3). The research aligns with
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examining explainability and transparency as key determi-
nants of appropriate reliance in Al (e.g., Shin, 2021; Jus-
supow et al., 2021; Silva et al., 2023). This relates to the
perceptions of XAI, establishing the main causal chain:
explanation quality influences explainability (i.e., under-
standing the AI’s decision rationales and predictions) and
transparency, which in turn impacts behavioral trust. This
structure motivates a more sophisticated analysis of human—
XA interactions. Consistently, studies found that explana-
tions increase system understandability (e.g., Naiseh et al.,
2023; Zhang et al., 2021). However, some studies showed
that higher understandability does not always correlate with
higher trust (Zhang et al., 2021). Human—XAI research on
users’ responses to different explanation configurations can
be divided into two groups: First, responses can be mea-
sured by observing human interactions with Al systems and
collecting behavioral data such as acceptance and rejection
rates (e.g., Cramer et al., 2008; Giboney et al., 2015; Lu &
Zhang, 2025). Interestingly, studies examining users’ ability
to detect errors found that explanations hampered users’ per-
formance in identifying errors while increasing overall per-
formance (e.g., Naiseh et al., 2023; Poursabzi-Sangdeh et al.,
2021). Second, prior studies examined behavioral intentions
(e.g., Aslan et al., 2022; Panigutti et al., 2022) and overall
satisfaction with Al systems (e.g., Sivaraman et al., 2023;
Guesmi et al., 2022). However, most researchers did not
find significant effects of explanations on behavioral inten-
tions (e.g., Panigutti et al., 2022; Leichtmann et al., 2024).
Based on our findings, we conceptualize user responses as a
critical component of the explanandum, as they reflect how
effectively explanations support human decision-making,
particularly in distinguishing between correct and incor-
rect outcomes. To better understand how user perceptions
(organism) give rise to observable behaviors (responses),
established theoretical frameworks provide critical concep-
tual guidance. The effort-accuracy tradeoff framework, for
example, suggests that users allocate cognitive resources
based on the perceived balance between effort and expected
decision quality, shaping advice acceptance (Mao & Ben-
basat, 2001). Similarly, expectation-confirmation theory
explains how unmet expectations diminish usage intentions
(Matt & Schlusche, 2022), while the heuristic-systematic
model accounts for how users shift between intuitive and
analytical reasoning when judging Al outputs (Naiseh et al.,
2023; Shin, 2021). Finally, cognitive load theory clarifies
how overload or poorly structured explanations can hin-
der appropriate reliance (Anderson et al., 2020; Westphal
et al., 2023). By clarifying the cognitive and motivational
processes behind user perceptions and actions, these theo-
ries deepen our understanding of how individuals interpret,
respond to, and ultimately engage with the Al system and its
outputs—the explanandum.

To improve human performance as the main consequence
(4), several researchers hypothesize that providing explana-
tions should benefit overall task performance (e.g., Hamm
et al., 2023; Herm, 2023). In many cases, task performance
is closely related to appropriate reliance on Al advice. For
instance, Lai and Tan (2019) measure human performance
as classification accuracy. In recommender systems, perfor-
mance is often related to the consumption rate (e.g., Lee
& Ram, 2023; Chen et al., 2023). However, classification
accuracy cannot be considered in isolation. Task perfor-
mance can be represented as a function of accuracy and
decision-making duration (e.g., Cheng et al., 2019; Lee &
Chew, 2023), resulting in efficiency. As Al technologies
evolve and exhibit greater levels of agency, new challenges
emerge in how humans engage with these systems - such as
prompting LLMs, delegating tasks to Al agents, or super-
vising multiple agents - highlighting the need for further
research into their long-term consequences.

7.2 Application of the Conceptual Framework of
Human-XAl Interaction

The conceptual framework provides researchers and prac-
titioners with a theory-driven scaffold (Paré et al., 2015) to
systematically design, evaluate, and extend human—XAI
interactions. In particular, it provides a foundation for
exploring the explainability of emerging Al systems, such
as GenAl-based agents and agentic Al systems composed
of multiple Al agents, as well as the evolving forms of
human-AI delegation that accompany these technological
advances. By distinguishing between stimuli (e.g., explana-
tion types and modalities), internal psychological processes
(e.g., trust, understanding, cognitive load), and behavioral
as well as real-world consequences, the human—XAI inter-
action framework guides hypothesis formulation and identi-
fication of mediators and moderators such as user expertise
or task complexity. Researchers can apply it to explore how
specific explanation designs affect user responses, while
practitioners can use the systematization of stimuli to tailor
explanation strategies to user needs and context. As emerg-
ing technologies, such as GenAl systems, increasingly offer
interactive and multimodal outputs, the framework helps
evaluate how explanation formats and multiple explanations
influence trust calibration and decision-making by breaking
down the link between explanans and explanandum through
our conceptualization of stimuli, organism, response, and
consequences. It further supports the identification of
research gaps and offers measurable constructs for examin-
ing why explanations succeed or fail, making it a practical
and conceptual tool for advancing both empirical research
and design in the field of XAI
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To illustrate the application of the human—XAI inter-
action framework, consider a radiologist delegating to a
multi-agent, LLM-enabled Al system to support lung can-
cer diagnosis from chest X-rays. In this scenario, different
Al agents deliver varied explanation types: a visual Imaging
Agent offers why explanations (e.g., “spiculated mass in the
upper left lobe”) grounded in radiological features, while a
Counterfactual Agent provides how-to or what-if explana-
tions (e.g., “if the lesion had smoother margins, it would
fall below the malignancy threshold”). These explanations
are presented through diverse modalities such as visual
overlays (e.g., heatmaps), structured text, and probabilistic
scores, either upfront or on-demand, forming the stimuli in
this example. The organism layer reflects the radiologist’s
internal cognitive processes - such as perceived quality and
clarity of each agent’s explanation - which are shaped by
contextual factors like the radiologist’s domain expertise and
the complexity of the case (e.g., easily vs. difficult-to-iden-
tify cancer). Perceptions of individual explanations shape
users’ perceived transparency of the overall multi-agent
system, including its constituent agents and their decisions,
while the system’s complexity may contribute to informa-
tion overload. In the response layer, these perceptions trans-
late into behaviors such as the degree of agreement with Al
output and the ability to detect incorrect advice. Finally, the
consequence layer captures downstream effects, including
diagnostic accuracy (i.e., task performance), decision time,
and the radiologist’s engagement with the Al agents in terms
of continued interactions. This example illustrates how the
conceptual framework supports the structured design and
evaluation of explanation features across dynamic, high-
stakes tasks, and clarifies the distinct role each layer plays in
capturing human—XAlI interaction, also in emerging settings
of complex multi-agent collaborations (Fig. 5).

. S Explanations of individual agents,

7.3 Research Agenda

Given our findings and the resulting human—XAI interac-
tion framework, we reveal five overarching future research
directions for experimental research on XAl in IS and HCI.
In particular, they provide a foundation for exploring the
explainability of emerging Al systems, such as GenAl-
based agents and agentic Al systems composed of multiple
Al agents, as well as the evolving forms of human-AlI del-
egation that arise alongside these technological advances.
While prior research has focused on explanations in the
context of recommender systems, decision support tools, or
simple conversational agents, there is now a need to extend
XAI to GenAl systems that allow users to delegate complex
tasks to multiple, highly adaptive Al agents. Our research
agenda delineates key pathways for advancing XAl to meet
these emerging challenges.

7.3.1 Further Research on Stimuli

Future Research Avenue 1: Theoretical Foundations for XAl
Phenomena The first avenue for future research concerns
the diverse configurations of explanations in Al systems.
As highlighted in our literature review, there is considerable
variation in explanation types, instantiations, and represen-
tations. However, our analysis reveals that many of these
explanations lack a solid theoretical foundation. They are
often designed and evaluated without reference to estab-
lished theoretical frameworks, which limits both their inter-
pretability and generalizability. To bridge explanans and
explanandum, deeper theoretical engagement is needed,
particularly to account for users’ perceptions and behavioral
responses as the mediating organism. Current explanation
design in XAl often relies on broader social science per-
spectives (Miller, 2019) or reasoning-based categorizations
(Liao et al., 2020), limiting its ability to address the com-
plexity of human—XAlI interaction. We argue that drawing
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Fig. 5 Illustrative example for a multi-agent, LLM-enabled Al system to support lung cancer diagnosis
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on established theories from cognitive psychology (e.g.,
dual-process models, cognitive load theory), communica-
tion studies (e.g., Toulmin’s argumentation model, signaling
theory), and decision science (e.g., expectation-confirma-
tion frameworks, mental models) can provide stronger con-
ceptual grounding. Further research is needed to understand
how these theories can link design features to users’ cogni-
tive and behavioral responses, thereby informing the devel-
opment of more effective and human-centered explanations
- especially in the context of emerging GenAl systems and
delegation scenarios. Furthermore, future research on XAI
configurations should explore the combined effects of mul-
tiple explanation and reasoning types, and identify poten-
tial conflicts that may arise in settings involving multiple
Al agents. Our human—XAI interaction framework can
effectively guide future research in designing theory-based
experiments and explaining causal chains comprehensively.

Future Research Avenue 2: Emerging Class of Explanations
for GenAl Systems (e.g., LLMs, Agentic Al) While prior
research has predominantly examined the effects of expla-
nations in decision-support and recommender systems, our
analysis points out that literature lacks the investigation of
new types of Al systems such as GenAl (Kim et al., 2025;
Steyvers et al., 2025) or agentic Al (Acharya et al., 2025)
as well as the novel forms of delegation. For example,
conversational agents such as ChatGPT differentiate from
traditional decision-support, knowledge-based, and recom-
mender systems by their conversational and highly interac-
tive style (Wang et al., 2023). We raise the question of how
existing XAl design approaches (Ashktorab et al., 2019;
Wilkinson et al., 2021; Jiang et al., 2022) can be adapted
to GenAl systems, when interactions with these informa-
tion systems are becoming more conversational and intui-
tive. There are still unanswered questions regarding how to
incorporate XAl into Al agents and emerging multi-agent
systems, how to design such stimuli in a user-centric way,
and how employees perceive provided rationales and expla-
nations based on human-like dialogues and language. Early
studies have demonstrated the potential of deliberative Al
systems that facilitate dimension-specific opinion elicitation,
support iterative refinement of decisions, and enable struc-
tured human—Al dialogues (Ma et al., 2025). The advances
in agentic Al regarding tool usage and reasoning capabili-
ties paired with greater degrees of autonomy (Acharya et
al., 2025) call for building upon our conceptual framework
to understand these new forms of interactions and delega-
tion from a perspective of explainability and transparency.
A pivotal area of exploration is determining how LLMs can
convert technical explanations into comprehensible natural
language (Chen et al., 2019). This translation is essential
for bridging the gap between complex Al processes and

user understanding. Moreover, enabling LLMs to clarify
their data processing methods and reasoning steps is essen-
tial for transparency and trust (Zhao et al., 2024). Another
research direction is to explore how on-demand explana-
tions, prompted by user interactions with GenAl, enhance
understanding. Investigating transfactual reasoning in this
context could offer valuable insights into user comprehen-
sion and effective Al communication.

7.3.2 Further Research on Organism and Response

Future Research Avenue 3: Exploring the Relationship
Between Explanans and Explanandum Despite the increas-
ing number of empirical research (Haque et al., 2023), the
synthesis of literature spanning experimental studies reveals
that the underlying mechanisms of human—XAI interac-
tion - connecting explanans and explanandum - remain
fragmented. This is demonstrated by the large number of
conflicting results and findings regarding certain effects and
variables. For instance, explanations can improve users’
understanding of the AI (Leichtmann et al., 2024), but
may be ineffective if users lack domain knowledge (Wang
& Yin, 2021). Thereby, our analysis highlights the critical
role of context in shaping individuals’ cognitive and affec-
tive responses to XAl. Leveraging established theories can
help clarify these contextual influences on user behavior,
particularly by informing the development of theory-driven
XAI interfaces and conceptually grounded models. Our
human—XAlI interaction framework can guide researchers in
their future studies on better understanding the relationship
between explanans and explanandum. In addition, our find-
ings raise important questions about trade-offs and potential
conflicting effects. For example, while increased informa-
tion density can enhance transparency, it may also lead to
information overload (Chien et al., 2022). These conflict-
ing effects and trade-offs highlight promising directions for
future research aimed at examining the complex interplay
between explanans and explanandum in terms of complex
Al agents and multi-agent systems.

Future Research Avenue 4: User-Related Examinations
of Explanation Effects The results of previous research
showed that explanations possess different effects on differ-
ent types of end users and stakeholders (Langer et al., 2021).
As GenAl agents become increasingly integrated into both
leisure and work contexts (Brynjolfsson et al., 2025), it is
essential to investigate how different user groups delegate
tasks and interact with interactive XAl interfaces, particu-
larly to ensure these systems are adaptable to users with
diverse skill levels and degrees of digital literacy (Ehsan et
al., 2024). A critical challenge lies in creating XAl inter-
faces that are accessible to both experts and non-experts,
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necessitating designs that seamlessly adapt to a wide
expertise spectrum. Additionally, developing adaptive and
personalized explanations tailored to individual users’ cog-
nitive styles and personal characteristics is crucial (Riefle et
al., 2024). This approach ensures that XAl systems commu-
nicate effectively across diverse user backgrounds, fostering
a more inclusive and user-friendly Al experience. Including
human characteristics in conceptual models can hence pro-
vide more thorough analyses of causal relations and effects
of explanations.

7.3.3 Further Research on Consequences

Future Research Avenue 5: Engagement in Human-XAl
Interaction Given the nature of emerging GenAl systems,
we expect to see a greater impact of Al technologies and
human-AI delegation on the workplace and personal devel-
opment of humans. Future XAI research, for example,
should examine how explanations influence the prompting
skills and performance of users interacting with LLMs. Part
of this shift towards delegating tasks and processes to Al
systems raises questions regarding the role of explanations
on such human-in-the-loop and human-on-the-loop config-
urations. Humans are tasked with supervising Al systems,
providing and maintaining training data, and ensuring con-
tinuous development. Further research is required to under-
stand how XAI systems effect the willingness to delegate
decisions and tasks (Baird & Maruping, 2021). Overall,
there is a lack of research examining the real-world impacts
and consequences of human—XAl interaction. Following the
S-O-R-C model, consequences may impact the non-observ-
able organism and response, resulting in a cycle of effects
in the long term. Yet, research did not try to account for the
impacts of the task-related outcomes on, for example, long-
term perceptions and behavioral intentions concerning the
XAI system and corresponding delegation behaviour.

8 Implications and Limitations
8.1 Implications for Theory

Our study contributes to the XAl literature by offering a
human—XAI interaction framework for researchers and
practitioners to undertake impactful studies on XAl and to
enhance delegation to (Gen)AI systems through improved
explanations. The framework and the aggregation of recur-
ring measurements in XAl literature offer an entry point
for future research and prepare scholars for conceptualiz-
ing experiments and contributing to the dedicated literature
by considering stimuli, organisms, responses, and conse-
quences. In contrast to the vast number of prior reviews
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on XAI (e.g., Brasse et al., 2023; Schwalbe & Finzel,
2023), our study emphasizes solely experimental research
and complements prior surveys on empirical user studies
(Haque et al., 2023; Rong et al., 2023) and user-centered
XAI design (Laato et al., 2022) by discussing the how and
why of XAl effects.

We integrate insights from HCI and IS to delineate clear
pathways for researchers in both fields, and to motivate
more empirical and theoretical research on the effects and
the inner workings of human—XAI interaction, especially
by the IS community (Brasse et al., 2023). By synthesiz-
ing the research on making Al systems more transparent
and explainable to end users, we provide researchers and
practitioners the foundations for building and evaluating
responsible Al (Dennehy et al., 2023) and overcoming the
typical barriers of responsible Al, such as transparency or
fairness (Merhi, 2023). Further empirical research on XAl
can help make Al systems, particularly emerging forms
such as GenAl and agentic Al, more transparent, fair, and
non-discriminatory, thereby supporting efforts to reduce the
digital divide (Gupta et al., 2022; Vassilakopoulou & Hus-
tad, 2023).

Our main contribution lies in the aggregation of studied
effects within a novel conceptual framework of human—XAI
interaction based on the S-O-R-C framework (Mehrabian
& Russell, 1974). While prior reviews on XAl in IS and
HCI have mapped the what, who, and why of explainability
(e.g., Brasse et al., 2023; Laato et al., 2022), the how (i.c.,
the mechanisms linking explanations to user perceptions,
behaviors, and outcomes) remained under-theorized. We
addressed this gap by synthesizing experimental evidence
and conceptualizing explanation features as causal stimuli
in human—AlI interaction. Based on the S-O-R-C model,
our framework enables a causal unpacking of how explana-
tion types and modalities (stimuli) shape user perceptions
(organism), behaviors (responses), and real-world impacts
(consequences). Additionally, we incorporate the philo-
sophical concepts of explanans and explanandum (Hempel
& Oppenheim, 1948) into our conceptual framework to bet-
ter capture the unobservable mechanisms within the organ-
ism. This integration helps clarify how specific explanatory
elements (explanans) shape users’ perceptions of the Al sys-
tem or its decisions (explanandum).

In contrast to prior research, we structure explanation
types according to types of human reasoning, and we found
that experimental research lacks a systematic derivation of
explanation configurations and their differentiated effects.
These reasoning types can help to categorize stimuli and
homogenize scattered XAl research. The extracted modali-
ties help to consider any additional or alternative configura-
tions that are closely related to the underlying explanation
types. Our human—XAlI interaction framework proposes
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a combined analysis of explanation types and modalities
because of their strong interrelatedness. Furthermore, we
shed light on the inner states of users interacting with XAl
systems by separating the organism component into percep-
tions of explanations and perceptions of the XAl system.
Thus, by analyzing the conceptual models, we found that
the processing of the explanations and their representations
influences the perceptions of the overall system, including
these explanations. Our contribution lies in detaching the
explanations from the underlying Al model. However, we
acknowledge that explanations are closely connected to the
Al model. This knowledge is crucial when developing and
designing explanations for new types of Al systems (i.e.,
LLMs, agentic Al). Our study moves beyond the assump-
tions of monolithic system-level acceptance models like
TAM and TPB by accounting for both granular, feature-
level and system-level interactions, making it especially
suited to contemporary, modular Al systems such as LLMs,
GenAl, and agentic Al applications. The organism, in turn,
determines the response, i.e., the behavior and intentions
of the user. Our results emphasize measuring the responses
objectively by tracking the classification accuracy or the
changes in the user’s actual behavior. Finally, we found that
the consequences of XAl use are crucial for the HCI and
IS communities to study real-world impacts. Thereby, we
extend prior conceptualizations proposed by Haque et al.
(2023).

8.2 Implications for Practice

Practitioners can especially benefit from making Al deci-
sions more understandable to their customers, thereby
increasing customer trust and subsequent behavioral inten-
tions (Papagiannidis et al., 2023). Our results help Al
developers and operators to design and assess XAl systems
systematically. Additionally, the findings regarding the dif-
ferent configurations of XAl guide practitioners to individu-
alize and adapt XAl systems purposefully.

The results highlight the need to understand the user’s
characteristics as these moderate the impact of XAl treat-
ments on targeted outcome variables. Thus, XAl practice
must better collect and analyze human behavior, prefer-
ences, and cognitive styles to adapt explanation types and
modalities to specific users or user groups. Insights on the
perception of XAl can guide practitioners to reflect on their
XAI design and evaluate it against measures such as expla-
nation quality, understandability, and information suffi-
ciency. Our findings offer practitioners a catalog of suitable
subjective and objective measurements to evaluate designed
explanations.

Furthermore, our analysis reveals that apart from task
performance, explanations can also stimulate engage-
ment with Al or learning through understanding the Al’s
decisions. This outlines the potential for organizations to
build deeper interactions between humans and Al. Overall,
the resulting conceptual framework and proposed future
research directions provide companies aiming to develop
responsible GenAl systems with a comprehensive foun-
dation for addressing XAI design and emerging forms of
human-AI delegation.

8.3 Limitations

Our literature review comes with certain limitations. First,
the scope of this SLR is not exhaustive. Extending the
search process to other domains could provide additional
findings. Furthermore, analogous to the selection of out-
lets, our selection of keywords may not cover all possible
areas of XAl research. Furthermore, the number of findings
ultimately coded and included in our dataset was limited.
Hence, we do not intend to imply any form of direct cau-
sation between the components of the explanation and the
results experienced by users. In addition, applying comple-
mentary coding schemes (Jeyaraj et al., 2000) is expected to
provide more insights into relationships between variables
and could also improve the understanding of the contradic-
tory findings. Finally, we acknowledge that the majority of
findings stem from studies published in conference proceed-
ings, reflecting the current scarcity of experimental XAl
research in top-ranked journals.

9 Conclusion

In conclusion, we contribute an overarching and contempo-
rary perspective on the effects of explanations in human—
XAI interaction by conducting a theoretical review on
experimental XAI research. Our novel conceptual frame-
work of human—XAI interaction offers other researchers a
foundation for designing further experiments and creating
targeted value for the HCI and IS community in times of
growing human-Al delegation. Overall, the literature review
fills the gap in understanding how XAI design impacts user
responses and task-related outcomes and paves the way to
further fruitful examinations of XAl concerning GenAl,
LLM-based, and Agentic Al systems at the frontier of Al-
driven augmentation.
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Appendix A - Concept Matrix
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Appendix B - Coding Scheme

Table 6 Full set of codes for meta data and theoretical foundation

Level 1

Level 2

Level 3

Type

Other considerations

Type experiment

Demographics

Source of participants

N (number of participants)
System

Domain

Theoretical foundation

Within-subjects
Between-subjects

Number of features

Attention checks
Compensation

Timing of measurements
Exclude low and high durations
Randomization effects
Algorithm’s accuracy

Learning effect

Confounding factors

Real system
Wizard of oz
Vignette

Field Experiment
Online experiment

Qualtrics
Prolific
University
MTurk

Decision support system
Recommender system
Conversational agent
Knowledge-based system (KBS)
Others

HR

Automotive
University
Finance
Healthcare
Diverse/multiple
Others

Cognitve learning theory
Social transparency
Cogntive dissonance theory

Explanation evaluation framework

Technology acceptance theory

Toulmin’s model (argumentation theory)

Intelligent system/automation
User-adaptive systems

Supply chain
Smart home
Social media
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Table 6 (continued)

Level 1

Level 2 Level 3

dual-process theory
Expectation-confirmation theory
Effort-accuracy tradeoff framework

Psychological contract violation
Cognitive Theory of Multimedia Learning
Cognitive load

Cognitive fit theory
Dunning-Kruger effect

Social sciences

Fairness theory

Socratic questioning

Mental models framework
Signaling theory

Grounding in communication

Table 7 Full set of codes for the stimuli component

Level 1 Level 2

Level 3 Level 4

Explanation types
Why (factual reasoning)

What-else (analogical rea:

Saliency maps
Natural language-based
Decision tree
Content-based explanations
Prediction rationale
Logical reasoning
Feature attribution methods
Feature-based/Feature-importance
Feature contribution

Trace explanations
Keyword confirmation explanation
Highlighting keywords

soning)

Performance (e.g., confidence, certainty)

How-to (counterfactual reasoning)
Why-not (contrastive reasoning)
How (global explanations)

What-if (transfactual)
Others

Explanation concepts (stimuli)

Data-centric vs. model-centric
Rule-based

Black-box vs. clear model

Showing the feature model

Degree of details (e.g., advanced, intermediate, basic)
What (e.g., Al existence, next steps)
Faithful and random explanations
Deep explanations

Al-framed questioning
Terminological

Out of vocabulary

Feedforward vs. feedback explanations

User-centered (questions)
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Table 7 (continued)

Level 1 Level 2 Level 3 Level 4
Explanation elements

Contextualized access to knowledge

Post-hoc vs. built-in

Local vs. global

Brief explanations vs. interactive visualization

Model-driven vs. knowledge-driven

On-demand vs. always (upfront)

Causal explanations vs. questioning

Interactive vs. static explanations

White-box vs. black-box

Model agnostic vs. model-specific

Trace or line of reasoning, justification, control, terminology

Treatment configuration

Explanation (yes/no)

Comparing types of explanations

Combination of explanations

Explanation modalities

Format
Graphs
Visual
Text, natural language
Degree of detail

Number of aspects
Scope
Completeness
Degree of transparency

Explanation complexity (Cog-
nitive load)

Interactivenesss
Static
Interactive
Characteristics of explanations
Relevant
General
Coherent
Short
Soundness
Additional modalities
Adjacent vs. non-adjacent
Impersonal vs. personal
condition
Presentation order
Framing of explanations
(positive/negative)
Morphological clarity
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Table 8 Full set of codes for the organism component

Level 1 Level 2

Level 3 Level 4

Perception of explanations
Quality

User satisfaction and usability
Persuasiveness

Explanation selection and preference
Perceived goodness of explanation

Understandability of explanations (e.g., explainability)

Information sufficiency

Others

Perception of Al
Trust

Understanding of Al

Usefulness/quality (utility)

Transparency (e.g., causability)

Cognitive load

Perceived justice and fairness

Confidence

Others

Informativeness
Information accuracy
Novelty of information

Information processing
Explanation use
Perceived changes in explanations

Trusting beliefs

Perceived accountability

Reliance on Al
Truthfulnes
Over-reliance
Self-reliance
Perceived reliability
Appropriate Reliance

Trust meter

Trust intentions

Credibility

Appropriate trust

Trust calibration

Interpretability

Simulatability

Simulation of model behavior
Comprehensibility
Self-reported understanding
Objective Understanding

User experience

Perceived ease of use

Perceived usefulness of the system
Perceived (technical) Competence

Mental effort
Negative mood
Workload
Information overload

Justice
Fairness

Confidence in Al
Confidence in one’s own decision
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Table 8 (continued)

Level 1 Level 2 Level 3 Level 4

Curiosity

Second chance

Metal model faithfulness (accuracy)
Social competence

Table 9 Full set of codes for the response and consequence components

Level 1 Level 2 Level 3

Acceptance of Al (response)
Acceptance/reliance
Adherence
Ratio of decision consistency
Judgement congruency
Weighted discernment
Weight of advice
Acceptance of recommendations
Acceptance of the system
Usage intention/behavioral intention
Explanation influence
Error detection (i.e., recognizing incorrect Al advice)
Explanation access (i.e., use of explanations)
Task outcome (consequences)
Task performance

Human classification performance

Task Time

Engagement
Learning
Willingness to help
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Table 10 Full set of codes for human characteristics, task characteristics, and additional factors

Level 1 Level 2

Level 3

Human characteristics
Domain expertise
Technical literacy

Prior Al experience/literacy
IT knowledge
Al knowledge

Cognitive styles/decision-making styles

Personality traits

Performance expectations
Decision-making domain
Historical accuracy

Task characteristics
Relevance of decision
Task complexity

Others

Additional configurations and confounding factors

Modes of information processing
Cognitive reflection

Need for cognition

Cognitive abilities

Trust propensity/disposition to trust
Social orientation toward chatbots
Personal innovativeness

Task type (level of knowledge assistance)
User’s epistemic uncertainty
Data complexity

Service frustration

Self-assessment (i.e., human estimation of
their performance)

Al performance (i.e., accuracy)

Presentation of the ML model

Initial failures

Tutorials

Answer correctness
Degree of human agency
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