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Abstract
The quest to open black box artificial intelligence (AI) systems evolved into an emerging phenomenon of global interest for 
academia, business, and society and brought about the rise of the research field of explainable artificial intelligence (XAI). 
With its pluralistic view, information systems (IS) research is predestined to contribute to this emerging field; thus, it is not 
surprising that the number of publications on XAI has been rising significantly in IS research. This paper aims to provide a 
comprehensive overview of XAI research in IS in general and electronic markets in particular using a structured literature 
review. Based on a literature search resulting in 180 research papers, this work provides an overview of the most receptive 
outlets, the development of the academic discussion, and the most relevant underlying concepts and methodologies. Fur-
thermore, eight research areas with varying maturity in electronic markets are carved out. Finally, directions for a research 
agenda of XAI in IS are presented.

Keywords Explainable artificial intelligence · Explainable machine learning · Comprehensible artificial intelligence · 
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Introduction

Artificial intelligence (AI) is already ubiquitous at work 
and in everyday life: in the form of diverse technologies, 
such as natural language processing or image recognition 
(Abdul et al., 2018; Berente et al., 2021) and in various 
application domains, including electronic markets, finance, 

healthcare, human resources, public administration, and 
transport (Collins et al., 2021; Meske et al., 2020). The 
presence of AI will expand as about 70% of companies 
worldwide intend to adopt AI by 2030 (Bughin et  al., 
2018). Thereby, AI is expected to transform all aspects of 
society (Collins et al., 2021; Makridakis, 2017).

The current CEO of Alphabet Inc. anticipates AI to 
“have a more profound impact on humanity than fire, elec-
tricity and the internet” (Knowles, 2021). AI holds great 
potential through tremendous efficiency gains and novel 
information processing capabilities (Asatiani et al., 2021) 
and even surpasses human performance in specific tasks 
(Meske et al., 2022). For instance, AI has outperformed 
physicians in diagnosing breast cancer (e.g., McKinney 
et al., 2020). At the same time, the use of AI is associ-
ated with severe risks, particularly concerning manage-
rial issues such as inscrutability, ethical issues including 
fairness, justice, and discrimination, and legal issues such 
as accountability, regulation, and responsibility (Akter 
et al., 2021a; Asatiani et al., 2021; Berente et al., 2021). 
Potential negative consequences of AI usage affect not 
only individuals and organizations, but society as a whole 
(Mirbabaie et al., 2022; Robert et al., 2020). For example, 
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an AI-based debt recovery program called “Robodebt” 
scheme unlawfully claimed almost $2 billion from more 
than 400,000 Australian citizens (Australian Broadcast-
ing Corporation, 2022). There are growing concerns that 
using AI could exacerbate social or economic inequalities 
(Gianfrancesco et al., 2018). Examples include an AI-based 
recruiting engine used by Amazon.com Inc. which down-
graded resumes from female in favor of male candidates 
(Gonzalez, 2018), an AI operated by Twitter Inc. to com-
municate with users who became verbally abusive, and an 
AI used by Google LLC which returned racist results in 
image searches (Yampolskiy, 2019).

The advancing capabilities of AI models contribute to 
their opacity, rendering their functioning and results uninter-
pretable to humans (Berente et al., 2021). Opacity can, one 
the one hand, lead to humans blindly relying on AI results 
and substituting their own judgment with potentially false 
decisions (Robert et al., 2020). On the other hand, the lack 
of interpretability may lead to reluctance to use AI. In the 
case of breast cancer diagnosis, AI-based decision support 
systems may fail to detect certain diseases, for instance, due 
to biased training data. Physicians exhibiting overreliance 
may fail to detect these errors; physicians that do not trust 
AI systems and refuse to use them may not benefit from the 
decision support.

Explainable AI (XAI) aims at both leveraging the 
potential and mitigating the risks of AI by increasing its 
explainability. XAI aims to empower human stakeholders 
to comprehend, appropriately trust, and effectively man-
age AI (Arrieta et al., 2020; Langer et al., 2021). In the 
example of breast cancer diagnosis, explainability can assist 
physicians in understanding the functioning and results of 
an AI-based decision support system. Thus, it may help 
them appropriately trust the system’s decisions and detect 
its errors. Consequently, a partnership between physicians 
and AI might make better decisions than either physicians 
or AI individually. Efforts to increase the explainability of 
AI systems are emerging across various sectors of society. 
Companies strive to make their AI systems more com-
prehensible (e.g., Google, 2022; IBM, 2022). Regulators 
take action to demand accountability and transparency of 
AI-based decision processes. For instance, the European 
General Data Protection Regulation (GDPR) guarantees 
the “right to explanation” for those affected by algorith-
mic decisions (Selbst & Powles, 2017). The upcoming EU 
AI regulation requires human oversight—to interpret and 
contest AI systems’ outcomes—in “high-risk” applications 
such as recruiting or creditworthiness evaluation (European 
Commission, 2021). XAI’s economic and societal relevance 
attracts researchers’ attention, which manifests in an increas-
ing number of publications in recent years (Arrieta et al., 
2020). For instance, XAI researchers work on revealing 
the functioning of specific AI-based applications, such as 

cancer diagnosis systems (Kumar et al., 2021) and malware 
prediction systems (Iadarola et al., 2021), to their users. Fur-
ther, they investigate approaches to automatically generate 
explanations along AI decisions that can be applied indepen-
dently from the underlying AI model. Exemplary use cases 
include credit risk assessment (Bastos & Matos, 2021) or 
fraud detection (Hardt et al., 2021). Information systems (IS) 
research is predestined to investigate and design AI explain-
ability, as it views technology from individuals’, organiza-
tions’, and society’s perspectives (Bauer et al., 2021).

Especially for an emerging research field such as XAI, 
a literature review can help to create “a firm foundation for 
advancing knowledge” (Webster & Watson, 2002, p. 13) 
and put forward the research’s relevance and rigor (vom 
Brocke et al., 2009). We aim to provide deeper insights into 
this body of knowledge by conducting a structured litera-
ture review. The contribution is twofold: First, we provide 
a structured and comprehensive literature review of XAI 
research in IS. Second, we provide a future research agenda 
for XAI research in IS.

Our paper is structured as follows: In the following, we 
provide an overview of related work and outline our research 
questions. In the third section, we present the methodol-
ogy, followed by the results in the fourth section. Finally, we 
carve out a future research agenda and present the contribu-
tion, implications, and limitations.

Theoretical background and related work

Theoretical foundations

Given that IS research investigates and shapes “how indi-
viduals, groups, organizations, and markets interact with 
IT” (Sidorova et al., 2008, p. 475), human-AI interaction 
is a crucial research topic for the discipline. In general, 
human-agent interaction occurs between an IT system 
and a user seeking to conduct a specific task in a given 
context (Rzepka & Berger, 2018). It is determined by the 
characteristics of the task, the context, the user, and the 
IT system (Rzepka & Berger, 2018). When the human 
counterpart is an AI system, specific characteristics of AI 
systems must be considered. Modern AI systems with con-
tinually evolving frontiers of emerging computing capa-
bilities provide greater autonomy, more profound learning 
capacity, and higher inscrutability than previously studied 
IT systems (Baird & Maruping, 2021; Jiang et al., 2022). 
The rapid progress in AI is primarily contributed to the 
rise of machine learning (ML), which can be defined as the 
ability to learn specific tasks by constructing models based 
on processing data (Russell & Norvig, 2021). The auton-
omy and learning capacity of ML-based AI systems fur-
ther reinforce inscrutability (Berente et al., 2021). Thus, 
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challenges arise to manage human-AI interaction with 
ever-increasing levels of AI autonomy, learning capacity, 
and inscrutability.

From a managerial perspective, inscrutability carries 
four interdependent emphases: opacity, transparency, 
explainability, and interpretability (Berente et al., 2021). 
First, opacity is a property of the AI system and refers to 
its complex nature, which impedes humans from under-
standing AI’s underlying reasoning processes (Meske 
et al., 2020). Many AI systems are “black boxes,” which 
means that the reasons for their outcomes remain obscure 
to humans—often not only to the users but also to the 
developers (Guidotti et al., 2019; Merry et al., 2021). A 
prominent example are neural networks. Second, trans-
parency refers to the willingness to disclose (parts of) the 
AI system by the owners and is thus considered a stra-
tegic management issue (Granados et al., 2010). Third, 
explainability is a property of the AI system and refers 
to the system’s ability to be understood by at least some 
parties, at least to a certain extent (Gregor & Benbasat, 
1999). Finally, interpretability refers to the understand-
ability of an AI system from human perspectives. An AI 
system with a certain degree of explainability might be 
adequately interpretable for one person but not necessarily 
for another (Berente et al., 2021). For instance, decision 
trees can become uninterpretable for some users as com-
plexity increases (Mittelstadt et al., 2019).

Opacity significantly affects human-AI interaction: It 
prevents humans from scrutinizing or learning from an AI 
system’s decision-making process (Arrieta et al., 2020). 
Confronted with an opaque system, humans cannot build 
appropriate trust; they often either blindly follow the sys-
tem’s decisions and recommendations or do not use the sys-
tem (Herse et al., 2018; Rader & Gray, 2015). Thus, opacity 
constitutes an impediment to both human agency and AI 
adoption. The research field of XAI addresses the opacity of 
AI systems. XAI aims at approaches that make AI systems 
more explainable—sometimes also referred to as compre-
hensible (Doran et al., 2018)—by automatically generating 
explanations for their functioning and outcomes while main-
taining the AI’s high performance levels (Adadi & Berrada, 
2018; Gregor & Benbasat, 1999). In day-to-day human inter-
action, “explanation is a social and iterative process between 
an explainer and an explainee” (Chromik & Butz, 2021, 
p. 1). This translates into the context of human-AI interac-
tion, where explanations constitute human-understandable 
lines of reasoning for why an AI system connects a given 
input to a specific output (Abdul et al., 2018). Thus, expla-
nations can address the opacity of AI systems and increase 
their interpretability from users’ perspectives. Researchers 
emphasize that clarifying XAI’s role can make significant 
contributions to the ongoing discussion of human-AI inter-
action (Sundar, 2020).

Terminological foundations

The XAI research discipline is driven by four key goals 
(Adadi & Berrada, 2018; Arrieta et  al., 2020; Gerlings 
et al., 2021; Gilpin et al., 2018; Langer et al., 2021; Meske 
et al., 2020; Wang et al., 2019): First, to generate explana-
tions that allow to evaluate an AI system and thus detect 
its flaws and prevent unwanted behavior (Adadi & Berrada, 
2018; Gerlings et al., 2021; Meske et al., 2020; Wang et al., 
2019). For instance, evaluation in this context is utilized to 
detect and prevent non-equitable treatment of marginalized 
communities (Arrieta et al., 2020). The second goal is to 
build explanations that help to improve an AI system. In this 
case, explanations can be used by developers to improve a 
model’s accuracy by deepening their understanding of the 
AI system’s functioning (Adadi & Berrada, 2018; Arrieta 
et al., 2020; Gilpin et al., 2018; Langer et al., 2021; Meske 
et al., 2020). Third, to provide explanations that justify an AI 
system’s decisions by improving transparency and account-
ability (Adadi & Berrada, 2018; Gerlings et al., 2021; Meske 
et al., 2020; Wang et al., 2019). One prominent example 
highlighting the need to justify is based on the “right to 
explanation” for those affected by algorithmic decisions (cf., 
e.g., GDPR); another example concerns decisions made by 
a professional who follows an AI system’s recommenda-
tion but remains accountable for the decision (Arrieta et al., 
2020). Finally, to produce explanations that allow to learn 
from the system by unmasking unknown correlations that 
could indicate causal relationships in the underlying data 
(Adadi & Berrada, 2018; Langer et al., 2021; Meske et al., 
2020). In a nutshell, XAI aims to evaluate, improve, justify, 
and learn from AI systems by building explanations for a 
system’s functioning or its predictions (Abdul et al., 2018; 
DARPA, 2018).

To reach these goals, XAI research provides a wide array 
of approaches that can be grouped along two dimensions: 
scope of explainability and model dependency (Adadi & 
Berrada, 2018; Arrieta et al., 2020; Vilone & Longo, 2020). 
The scope of explainability can be global or local (Adadi 
& Berrada, 2018; Arrieta et al., 2020; Heuillet et al., 2021; 
Payrovnaziri et al., 2020; Vilone & Longo, 2020). A global 
explanation targets the functioning of the entire AI model. 
Using the example of credit line decisions, a global expla-
nation might highlight the most relevant criteria that are 
exploited by the AI model to derive credit line decisions. 
Local explanations, on the other hand, focus on rationalizing 
an AI model’s specific outcome. Returning to the example of 
credit line decisions, a local explanation might provide the 
most essential criteria for an individual denial or approval. 
The second dimension, dependency on the AI model, distin-
guishes between two approaches: model-specific and model-
agnostic (Adadi & Berrada, 2018; Arrieta et al., 2020; Rawal 
et al., 2021). Model-specific approaches focus on providing 
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explanations for specific AI models or model classes (Arri-
eta et al., 2020; Rawal et al., 2021), like neural networks 
(Montavon et al., 2018), as they consider internal compo-
nents of the AI model (class), such as structural information. 
In turn, model-agnostic approaches disregard the models’ 
internal components and are thus applicable across a wide 
range of AI models (Adadi & Berrada, 2018; Rawal et al., 
2021; Ribeiro et al., 2016; Vilone & Longo, 2020).

Designing or choosing the best XAI approach for a given 
problem is equivalent to solving a “human-agent interaction 
problem” (Miller, 2019, p. 5). Thus, it is vital to consider an 
explanation’s audience. Three major target groups are the 
focus of XAI research (Bertrand et al., 2022; Cooper, 2004; 
Ribera & Lapedriza, 2019; Wang et al., 2019). The first group 
comprises developers who build AI systems, i.e., data scien-
tists, computer engineers, and researchers (Bertrand et al., 
2022; Ribera & Lapedriza, 2019; Wang et al., 2019). To 
illustrate, using the example of credit line decisions, this is 
the team building the AI system or responsible for maintain-
ing it. The second group contains domain experts who share 
expertise based on formal education or professional experi-
ence in the application field (Bertrand et al., 2022; Ribera 
& Lapedriza, 2019; Wang et al., 2019). In the case of credit 
line decisions, this would be the bank advisor accountable for 
the credit line decision. The final group, lay users, includes 
individuals who are affected by AI decisions (Bertrand et al., 
2022; Cooper, 2004; Ribera & Lapedriza, 2019), e.g., the 
bank customer who was approved or denied a credit line 
based on an AI system’s recommendation (Mittelstadt et al., 
2019). Additionally, this third group includes lay users that 
interact with an AI, e.g., customers who explore credit line 
options with the help of an AI-based agent.

To investigate to what extent XAI approaches solve this 
“human-agent interaction problem,” literature established a 
baseline of three different evaluation scenarios (Adadi & 
Berrada, 2018; Chromik & Schuessler, 2020; Doshi-Velez 
& Kim, 2018). Functionally grounded evaluation, as the first 
scenario, is employed to assess the technical feasibility of 
XAI approaches and explanations’ characteristics employing 
proxy measures (Doshi-Velez & Kim, 2018), e.g., analyze 
an explanation’s length to assess its complexity (Martens 
& Provost, 2014; Wachter et al., 2018). While functionally 
grounded evaluation omits user involvement, both the sec-
ond and the third scenarios build on studies with humans 
(Doshi-Velez & Kim, 2018). The second scenario, human-
grounded evaluation, aims to assess the quality of explana-
tions by conducting studies with human subjects who are not 
necessarily the target users, e.g., students, performing sim-
plified proxy-tasks (Doshi-Velez & Kim, 2018; Förster et al., 
2020a). Application-grounded evaluation, as the third sce-
nario, is based on real-world testing involving the intended 
users of an AI system and deployment in the actual applica-
tion setting (Abdul et al., 2018). Reverting to the example 

of the credit line decisions, an application-grounded evalua-
tion would be set in an actual bank environment, with actual 
bank advisors and/or customers as subjects, while human-
grounded evaluation would allow for a simulated environ-
ment. Table 1 provides an overview of key concepts and 
definitions in XAI research, which we will draw on when 
analyzing the identified body of literature for providing a 
comprehensive literature review of XAI research in IS.

Existing literature reviews on XAI

Several literature reviews address the growing body of 
research in the field of XAI applying different foci and 
angles. While some of them aim at formalizing XAI (e.g., 
Adadi & Berrada, 2018), for example, by drawing together 
the body of knowledge on the nature and use of explanations 
from intelligent systems (Gregor & Benbasat, 1999), others 
provide taxonomies for XAI in decision support (Nunes and 
Jannach, 2017) or survey methods for explaining AI (e.g., 
Guidotti et al., 2019). Other literature reviews focus on spe-
cific (X)AI methods, such as rule-based models (e.g., Kliegr 
et al., 2021), neuro-fuzzy rule generation algorithms (e.g., 
Mitra & Hayashi, 2000), or neural networks (e.g., Heuillet 
et al., 2021), or review-specific explanation formats, like 
visual explanations (e.g., Zhang & Zhu, 2018). Another 
stream of literature reviews highlights user needs in XAI, 
for example, by reviewing design principles for user-friendly 
explanations (Chromik & Butz, 2021) or XAI user experi-
ence approaches (Ferreira & Monteiro, 2020).

Another group of literature reviews on XAI focuses on spe-
cific application domains like healthcare (e.g., Amann et al., 
2020; Chakrobartty & El-Gayar, 2021; Payrovnaziri et al., 
2020; Tjoa & Guan, 2021), finance (e.g., Kute et al., 2021; 
Moscato et al., 2021), or transportation (e.g., Omeiza et al., 
2021). For example, Amann et al. (2020) provide a comprehen-
sive review of the role of AI explainability in clinical practice to 
derive an evaluation of what explainability means for the adop-
tion of AI-based tools in medicine. Omeiza et al. (2021) survey 
XAI methods in autonomous driving and provide a conceptual 
framework for autonomous vehicle explainability. Other schol-
ars apply XAI to adjacent disciplines (e.g., Abdul et al., 2018; 
Miller, 2019). For instance, in an often-cited paper, Miller 
(2019) argues that XAI research can build on insights from the 
social sciences. The author reviews papers from philosophy and 
psychology which study how people define, generate, select, 
evaluate, and present explanations and which cognitive biases 
and social norms play a role. Thereby, most literature reviews 
describe existing research gaps and point toward future research 
directions focusing on their specific view.

As outlined above, existing literature reviews cover various 
aspects of XAI research. However, to our best knowledge, none 
of them has provided a comprehensive literature review on XAI 
research in IS. Our literature review aims at addressing this gap.
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Research questions

While considerable progress in XAI has already been made 
by computer scientists (Arrieta et al., 2020), interest in this 
field has increased rapidly among IS scholars in recent years 
(Meske et al., 2020). This is underpinned, for instance, by 
an increasing number of Calls for Papers (cf., e.g., Special 
Issue on Explainable and Responsible Artificial Intelligence 
in Electronic Markets, Special Issue on Designing and Man-
aging Human-AI Interactions in Information Systems Fron-
tiers), conference tracks (cf., e.g., Minitrack on Explainable 
Artificial Intelligence at Hawaii International Conference 
on System Sciences), and Editorials (cf., e.g., Editorial 
“Expl(AI)n It to Me – Explainable AI and Information Sys-
tems Research” in Business & Information Systems Engineer-
ing). In their Editorial, Bauer et al. (2021) emphasize that 
IS research is predestined to focus on XAI given the ver-
satility of requirements and consequences of explainability 
from individuals’ and society’s perspectives. Moreover, in a 
research note summarizing existing IS journal articles, Meske 
et al. (2020) call for a resurgence of research on explainabil-
ity in IS—after explanations for relatively transparent expert 
systems have been intensively investigated. To the best of our 
knowledge, no work exists synthesizing XAI research in IS 
based on a structured and comprehensive literature search.

To provide deeper insights into the research field of 
XAI in the IS community, we conduct a structured and 
comprehensive literature review. Our literature review 
addresses the following research questions (RQ):

RQ1: How can the academic discussion on XAI in the 
IS literature be characterized?
RQ2: Which are potential future XAI research areas in IS?

To address the first research question, we aim to (i) 
identify IS publication outlets that are receptive to XAI 
research, (ii) describe how the academic discussion on 
XAI in the IS literature developed over time, (iii) analyze 
the underlying concepts and methodological orientations 
of the academic discussion on XAI in the IS literature, 
and (iv) present the most critical XAI research areas in IS 
literature. To address the second research question, we aim 
to derive directions for a research agenda of XAI in IS.

Literature review approach

Relying on the previous discussions, we investigate how IS 
scholars conduct XAI research. We aim at not only summa-
rizing but analyzing and critically examining the status quo 
of XAI research in IS (Rowe, 2014). This analysis requires 
a systematic and structured literature review (Bandara 
et al., 2011; Webster & Watson, 2002). In preparation, it 

is necessary to apply a comprehensive and replicable lit-
erature search strategy, which includes relevant journals 
and conferences, appropriate keywords, and an adequate 
time frame (vom Brocke et al., 2009). Bandara et al. (2011) 
propose two main steps: selecting the relevant sources to 
be searched (cf. Webster & Watson, 2002) and defining 
the search strategy in terms of time frame, search terms, 
and search fields (Cooper, 1988; Levy & Ellis, 2006). In 
order to systematically analyze the papers according to 
XAI theory and IS methodology, we added a third step 
and coded the articles with respect to relevant concepts in 
the literature (Beese et al., 2019; Jiang & Cameron, 2020).

Source selection

The literature search needs to include the field’s leading 
journals known for their high quality and will thus pub-
lish the most relevant research contributions (Webster & 
Watson, 2002). The renowned Association for Informa-
tion Systems (AIS), with members from approximately 
100 countries, publishes the Senior Scholars’ Basket of 
Journals, as well as the Special Interest Groups (SIG) Rec-
ommended Journals. In our search, we included the eight 
journals in the AIS Senior Scholars’ Basket of Journals, 
and the 64 AIS SIG Recommended Journals. Because of 
their high quality, we considered all remaining journals in 
the AIS eLibrary (including Affiliated and Chapter Jour-
nals). In order to identify high-quality journals, different 
rankings are helpful (Akter et al., 2021b; Levy & Ellis, 
2006; vom Brocke et al., 2009). We explicitly consid-
ered journals from three prominent rankings: First, jour-
nals from the Chartered Association of Business Schools 
(ABS)/Academic Journal Guide (AJG) 2021 (ranking 
tier 3/4/4* benchmark, category “Information Manage-
ment”). Second, journals from the Journal Quality List of 
the Australian Business Deans Council (ABDC) (ranking 
tier A/A* benchmark, category “Information Systems”). 
Third, journals from the German Academic Association 
of Business Research VHB-JOURQUAL3 (ranking tier 
A + /A/B benchmark, category “Information Systems”).

Moreover, it is recommended to include high-quality 
conference proceedings (Webster & Watson, 2002), espe-
cially when analyzing a relatively nascent and emerging 
research field such as XAI. Conferences are a venue for idea 
generation and support the development of new research 
agendas (Levy & Ellis, 2006; Probst et al., 2013). Thus, 
we included the major international IS conferences. More 
precisely, we considered the proceedings of the four AIS 
Conferences and the proceedings of the twelve AIS Affili-
ated Conferences. In addition, we ensured that all confer-
ences from the VHB-JOURQUAL3 (ranking tier A + /A/B 
benchmark, category “Information Systems”) are included.
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This resulted in 105 journals and 17 conferences as 
sources for our search.

Search strategy and results

The development of XAI as a research field started in the 
1970s and gained momentum in the past 5 to 10 years 
(Adadi & Berrada, 2018; Mueller et al., 2019). In order to 
gain an overview of the development of XAI research in IS, 
we chose to not limit the literature search’s time frame. To 
identify relevant publications, we conducted a search using 
different terms describing XAI via databases that contain 
the journals and conferences discussed above. Based on 
terms that are used synonymously to describe research in 
the field of XAI (cf. Section “Theoretical background and 
related work”), we determined the following search string 
to cover relevant articles: (“explainable” AND “artificial 
intelligence”) OR (“explainable” AND “machine learning”) 
OR (“comprehensible” AND “artificial intelligence”) OR 
(“comprehensible” AND “machine learning”). We searched 
for these terms in the title, abstract, and keywords. Where 
a search in title, abstract, and keywords was impossible, we 
applied a full-text search. Please see Fig. 1 for an overview 
of our search and screening process.

Our literature search, which was performed in Janu-
ary 2022, resulted in 1724 papers. Papers were screened 
based on titles and abstracts, with researchers reading the 
full text where necessary. We excluded all papers that did 
not deal with XAI as defined above. More specifically, we 
excluded all papers that focus entirely on AI without the 
notion of explanations. For instance, we excluded papers on 
how humans can explain AI for other humans. Further, we 
excluded papers focusing on the explainability of “Good Old 
Fashioned AI” such as expert or rule-based systems (Meske 
et al., 2020, p. 6). In contrast to our understanding of AI, 
as defined in the introduction, this broader definition of 
AI also includes inherently interpretable systems, such as 
knowledge-based or expert systems, which do not face the 
same challenges of lacking transparency.

To determine our data set of relevant papers, three 
researchers coded independently from each other and dis-
cussed coding disagreements to reach consent. At least two 
researchers analyzed each paper. Interrater reliability meas-
ured by Cohen’s Kappa was 0.82—“almost perfect agree-
ment” (Landis & Koch, 1977, p. 165). This procedure led to 
a set of 154 papers, which then served as the basis for a back-
ward (resulting in 32 papers) and forward search (resulting 
in 28 papers), as suggested by Webster and Watson (2002). 

Fig. 1  Search strategy and screening process
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We reached a final set of 214 papers that served as the basis 
for our subsequent analyses.

Analysis scheme and coding procedure

Our goal is to not only summarize but analyze and critically 
examine the status quo of XAI research in IS (Beese et al., 
2019; Rowe, 2014). In order to do so, we first analyzed 
all 34 papers that solely provide an overview of current 
knowledge, i.e., literature reviews. We then coded the 180 
remaining articles using an analysis scheme derived from 
existing literature (cf. Section “Terminological founda-
tions”). More specifically, in our analysis, we differentiate 
relevant theoretical concepts in XAI research and central 
methodological concepts of IS research. Regarding rel-
evant concepts of XAI literature, we distinguish an XAI 
approach’s dependency on the AI model (Adadi & Berrada, 
2018; Arrieta et al., 2020) and its scope of explainability 
(Adadi & Berrada, 2018; Arrieta et al., 2020; Payrovnaziri 
et al., 2020; Vilone & Longo, 2020) as well as explana-
tion’s target group (Ribera & Lapedriza, 2019; Wang et al., 
2019) and goal (Meske et al., 2020). Regarding IS meth-
odology, we distinguish the prevalent research paradigms, 
i.e., Design Science and Behavioral Science (Hevner et al., 
2004). For Design Science contributions, we further spec-
ify the artifact type according to Hevner et al. (2004) and 
the evaluation type according to established evaluation 

scenarios for XAI approaches (Adadi & Berrada, 2018; 
Chromik & Schuessler, 2020; Doshi-Velez & Kim, 2018). 
This results in the following analysis scheme (Fig. 2):

Three researchers coded the 180 remaining articles 
according to the analysis scheme. Multiple labels per 
dimension were possible. For a subset of 100 articles, each 
article was coded by at least two researchers. Interrater 
reliability measured by Cohen’s Kappa was 0.74, which is 
associated with “substantial agreement” (Landis & Koch, 
1977, p. 165). In case of disagreement, the researchers 
reached a consensus based on discussion.

Results

This section is dedicated to our results. First, we analyze 
receptive IS publication outlets to XAI research. Second, 
we examine the development of the academic discussion on 
XAI in IS literature over time. Third, we analyze the aca-
demic discussion’s underlying concepts and methodological 
orientation. Finally, we derive major XAI research areas.

Receptive IS outlets to XAI research

We analyzed which journals and conferences are receptive 
to XAI research. The results are helpful in three ways: they 
provide researchers and practitioners with potential outlets 

Fig. 2  Analysis scheme
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where they can find related research, they assist research-
ers in identifying target outlets, and they offer insights for 
editors to what extent their outlet is actively involved in the 
academic discussion on the topic (Bandara et al., 2011). One 
hundred forty-one articles were published in journals, and 
39 articles in conference proceedings. An overview of the 
number of publications per journal and per conference is 
included in the Appendix.

Development of the academic discussion on XAI 
in IS literature over time

To examine the development of the academic discussion on 
XAI in IS literature over time, we evaluated the number of 
articles in conferences and journals per year (cf. Fig. 3). The 
amount of research increased over time, with the number of 
publications rising to 79 articles in 2021. Especially from 
2019 onward, the number of published articles increased 
rapidly, with 79% of the studies appearing between 2019 
and 2021. The rapid increase since 2019 is not attributed to 
particular calls for papers or individual conferences but due 
to a widely growing interest in XAI. In sum, the number 
of publications per year indicates that the nascent research 
field of XAI has been gaining significant attention from IS 
scholars in the last 3 years.

Characteristics of the academic discussion on XAI 
in IS literature

To examine the characteristics of the academic discussion 
on XAI in IS literature, we analyzed the dimensions of 
the research papers according to our analysis scheme, i.e., 
underlying XAI concepts and methodological orientation 
(cf. Fig. 4). Note that multiple answers or no answers per 
category were possible.

Most papers conceptually focus on XAI methods that 
generate explanations for specific AI systems, i.e., model-
specific XAI methods (53%). In contrast, fewer papers deal 
with model-agnostic XAI methods, which can be used inde-
pendently of the specific AI system (38%). The scope of 
explainability under investigation varies: Local explanations 
that focus on rationalizing an AI system’s specific outcome 
are represented almost equally (55%) to global explanations 
that examine the functioning of the underlying AI model 
(57%). Thirty-three articles (18%) feature a combination of 
local and global explanations. First and foremost, explana-
tions address domain experts (62%), followed by lay users 
(33%). The predominant goal of XAI is to justify an AI sys-
tem’s decisions (83%).

Regarding methodological orientation, IS research efforts 
concentrate on developing novel XAI artifacts (76%). 
Researchers mainly rely on the functionally grounded evalu-
ation scenario (68 articles), which omits human involvement. 
Evaluation with users is relatively scarce, with 31 articles 
conducting human-grounded and nine papers performing 
an application-grounded evaluation. Compared to design-
oriented research, behavioral science studies are rare (24%).

Analysis of XAI research areas in IS literature

To derive XAI research areas in IS literature, we identify 
patterns of homogenous groups of articles according to con-
ceptual characteristics using cluster analysis. Cluster analy-
sis is widely used in IS research as an analytical tool to clas-
sify and disentangle units in a specific context (Balijepally 
et al., 2011; Xiong et al., 2014) and to form homogenous 
groups of articles (Rissler et al., 2017; Xiong et al., 2014).

In our case, clustering is based on underlying XAI con-
cepts and the methodological orientation of articles (cf. 
Fig. 4). To consider dimensions equally, we encoded articles 

Fig. 3  Number of articles by year
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as binary variables and normalized multiple answers per 
category. We applied the well-established agglomerative 
hierarchical clustering method using Euclidean distance 
measure as the similarity criterion and average linkage to 
group articles in clusters (Gronau & Moran, 2007). We 
chose this method as it does not form a predefined number 
of clusters but all possible clusters. To determine a rea-
sonable number of clusters, we analyzed average silhouette 
scores (Shahapure & Nicholas, 2020). It resulted in eight 
clusters and two outliers with a positive average silhouette 
score (0.3), suggesting a solid clustering structure with an 
interpretable number of clusters.

The clusters correspond to eight XAI research areas in IS 
literature, described in the following.

Research Area 1: Revealing the functioning of specific 
critical black box applications for domain experts

AI systems are increasingly applied in critical areas such as 
healthcare and finance, where there is a need for transpar-
ency in decision-making (He et al., 2006; Peñafiel et al., 

2020; Pierrard et al., 2021). Transparency is meant to jus-
tify the usage of AI systems in such critical areas (Pessach 
et al., 2020). Research Area 1, which is among the largest 
with 47 papers (26%), aims at methods to reveal the func-
tioning of specific critical black box applications to their 
users. For instance, XAI methods extract rules that reveal 
the functioning of an automatic diagnosis system to medi-
cal experts (Barakat et al., 2010; Seera & Lim, 2014) or, in 
the context of electronic markets, showcase central factors 
for loan approval on peer-to-peer lending platforms (Yang 
et al., 2021) (Fig. 5).

In critical application domains “where the cost of mak-
ing a mistake is high” (Pierrard et al., 2021, p. 2), AI sys-
tems have the potential to serve as high-performant deci-
sion support systems—however, their lack of transparency 
constitutes a problem (e.g., Areosa & Torgo, 2019). To 
increase acceptance and adoption, researchers stress the 
need to justify their functioning to their users (Areosa & 
Torgo, 2019). For instance, medical practitioners not only 
need accurate predictions supporting their diagnosis but 
“would like to be convinced that the prediction is based 

Fig. 4  Characteristics of the academic discussion according to dimensions of the analysis scheme

Fig. 5  Overview Research 
Area 1
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on reasonable justifications” (Seera & Lim, 2014, p. 12). 
Thus, this research area aims at decision support systems 
that allow users to understand their functioning and pre-
dictive performance (Areosa & Torgo, 2019). To this end, 
explainable components are added to AI-based decision sup-
port systems for, e.g., diagnosis of diseases (Barakat et al., 
2010; Singh et al., 2019; Stoean & Stoean, 2013), hiring 
decisions (Pessach et al., 2020), credit risk assessment (e.g., 
Florez-Lopez & Ramon-Jeronimo, 2015; Guo et al., 2021; 
Sachan et al., 2020), or fraud analysis in telecommunication 
networks (Irarrázaval et al., 2021). Studies in the healthcare 
domain identify that adding XAI methods for diagnosing 
diabetes increases medical accuracy and intelligibility by 
clinical practitioners (Barakat et al., 2010).

In Research Area 1, only very few articles develop XAI 
methods specifically for electronic markets or evaluate them 
in electronic markets. For instance, Nascita et al. (2021) 
develop a novel XAI approach for classifying traffic gener-
ated by mobile applications increasing the trustworthiness 
and interpretability of the AI system’s outcomes. Grisci 
et al. (2021) evaluate their method for explaining neural net-
works on an online shopping dataset. They present a visual 
interpretation method that identifies which features are the 
most important for a neural network’s prediction. While not 
explicitly designed for electronic markets, other methods 
might be transferable. Domain experts in electronic mar-
kets might benefit from global explanations, for instance, to 
improve supply chain management for B2B sales platforms 
or electronic purchasing systems.

Transparency of AI-based decision support systems is 
achieved by global explanations, which are supposed to 
reveal the functioning of the AI model as a whole rather than 
explain particular predictions (e.g., Areosa & Torgo, 2019; 
Pessach et al., 2020; Zeltner et al., 2021). Many approaches 
in Research Area 1 acquire a set of rules that approximate 
the functioning of an AI model (e.g., Aghaeipoor et al., 
2021; Singh et al., 2019). For instance, researchers pro-
pose to produce explanatory rules in the form of decision 
trees from AI models to enable domain users such as medi-
cal practitioners to comprehend an AI system’s prediction 
(Seera & Lim, 2014). More recently, approaches to approxi-
mate deep learning models with fuzzy rules have been pur-
sued (e.g., Soares et al., 2021).

In an early paper, Taha and Ghosh (1999) emphasize the 
need to evaluate rule extraction approaches using fidelity, 
i.e., the capability to mimic the embedded knowledge in 
the underlying AI system. This is equivalent to functionally 
grounded evaluation, which is applied in many papers in 
Research Area 1 (62%). For instance, Soares et al. (2021) 
implement their rule extraction approach on several data-
sets and prove that it yields higher predictive accuracy than 
state-of-the-art approaches. Notably, only 6% of articles use 
users to evaluate explanations. For instance, Bresso et al. 

(2021) ask three pharmacology experts to evaluate whether 
extracted rules are explanatory for the AI system’s out-
comes, i.e., prognoses of adverse drug reactions. Irarrázaval 
et al. (2021) go further and perform an application-grounded 
evaluation. In a case study, they implement their explainable 
decision support system with a telecommunication provider 
and confirm that it helps reduce fraud losses. Thirty-four 
percent of papers demonstrate the technical feasibility of 
their methods and present how resulting explanations look 
like; however, they are not further evaluated.

Accordingly, a more robust evaluation, including users, 
may pave the way for future research in this research area, as 
suggested by Kim et al., (2020b). Other recurring themes of 
future research include the expansion of the developed ideas 
to other applications (Florez-Lopez & Ramon-Jeronimo, 
2015; Sevastjanova et al., 2021). Finally, researchers often 
stress that explanations resulting from their approach are 
only one step toward a better understanding of the under-
lying AI system. Thus, it is essential to supplement and 
combine existing XAI approaches to help users gain a more 
comprehensive understanding (Murray et al., 2021).

Research Area 2: Revealing the functioning of specific black 
box applications for developers

The relatively small Research Area 2 consists of five papers 
(3%) and develops—similar to Research Area 1—methods 
to reveal the functioning of specific black box applications. 
Contrary to Research Area  1, which addresses domain 
experts, Research Area 2 focuses on explanations for devel-
opers. Explanations aim to provide insights into the func-
tioning of opaque AI models to facilitate the development 
and implementation of AI systems (Martens et al., 2009) 
(Fig. 6).

Research Area 2 tackles the challenges of the growing 
complexity of AI models for developers: While predictions 
of more complex models often become more accurate, they 
also become less well understood by those implementing 
them (Eiras-Franco et al., 2019; Islam et al., 2020). Devel-
opers need information on how AI models process data and 
which patterns they discover to ensure that they are accurate 
and trustworthy (Eiras-Franco et al., 2019; Islam et al., 2020; 
Santana et al., 2007). Explanations can extract this informa-
tion (Jakulin et al., 2005) and assist developers in validat-
ing a model before implementation, thereby improving its 
performance (Martens et al., 2009; Santana et al., 2007).

To this end, Research Area 2 develops model-specific 
XAI methods that generate global explanations and resemble 
those in Research Area 1. To illustrate, Martens et al. (2009) 
propose an approach to extract rules that represent the func-
tioning of complex support vector machines (SVMs) and 
increase performance in predictive accuracy and compre-
hensibility. Eiras-Franco et al. (2019) propose an explainable 
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method that improves both accuracy and explainability of 
predictions when describing interactions between two enti-
ties in a dyadic dataset. Due to the rather technical nature 
of the papers in Research Area 2, methods are not designed 
for or evaluated with electronic markets so far. However, 
XAI approaches in this research area might serve as a start-
ing point to design novel XAI systems for digital platforms, 
for example, credit or sales platforms featuring AI systems.

Proof whether resulting explanations assist developers, 
as intended, is still pending. None of the papers in Research 
Area 2 includes an evaluation with humans. Sixty percent 
perform a functionally grounded evaluation. For instance, 
Martens et  al. (2009) implement their rule extraction 
approach on several datasets and prove that it yields a per-
formance increase in predictive accuracy compared to other 
rule extraction approaches.

The lack of evaluation with humans directly translates 
into a call for future research. In the next step, researchers 
should investigate the quality and efficacy of explanations 
from developers’ perspectives. Moreover, in line with the 
rather technical focus of this research, improvements in the 
technical applicability of XAI methods, such as calculation 
speed, are suggested (Eiras-Franco et al., 2019).

Research Area 3: Explaining AI decisions of specific critical 
black box applications for domain experts

When utilizing complex AI systems as tools for decision-
making, the reasons for particular AI outcomes often remain 
impenetrable to users. However, especially in critical appli-
cation domains, AI decisions should not be acted upon 
blindly, as consequences can be severe (e.g., Gu et al., 2020; 
Su et al., 2021; Zhu et al., 2021). Thus, Research Area 3, 

encompassing 24 papers (13%), proposes XAI methods to 
generate explanations for particular outcomes of specific 
AI-based decision support systems. Decision support sys-
tems incorporating AI predictions and respective explana-
tions serve to support domain experts in their daily work. 
Examples include anticipation of patient no-show behavior 
(Barrera Ferro et al., 2020), legal judgments (Zhong et al., 
2019), and fault detection in industrial processes (Ragab 
et al., 2018). Some XAI methods are specifically designed 
for application in electronic markets, for example, mobile 
malware prediction (Iadarola et al., 2021), early risk detec-
tion in social media (Burdisso et al., 2019), and cost pre-
diction for digital manufacturing platforms (Yoo & Kang, 
2021) (Fig. 7).

Researchers commonly agree that AI-based decision sup-
port systems must be accompanied by explanations to effec-
tively assist practitioners (e.g., Chatzimparmpas et al., 2020; 
Gu et al., 2020; Kwon et al., 2019). Thereby, explanations 
help practitioners better understand AI’s reasoning, appro-
priately trust AI’s recommendations, and take the best pos-
sible decisions (Hatwell et al., 2020; Hepenstal et al., 2021; 
Sun et al., 2021). Against this background, explanations are 
designed to be user-centric, i.e., to address the specific needs 
of certain (groups of) users. For instance, Barrera Ferro et al. 
(2020) propose a method to help healthcare professionals 
counteract low attendance behavior. Their XAI-based deci-
sion support system identifies variables explaining no-show 
probabilities. By adding explainability, the authors aim to 
prevent both practical and ethical issues when implement-
ing the decision support system in a preventive medical care 
program for underserved communities in Columbia, iden-
tifying, e.g., income and local crime rates affect no-show 
probabilities.

Fig. 6  Overview Research 
Area 2

Fig. 7  Overview Research 
Area 3
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To provide domain experts with explanations that meet 
their requirements, XAI methods to produce visual explana-
tions along AI decisions are often employed: For instance, 
Gu et al. (2020) utilize an importance estimation network 
to produce visual interpretations for the diagnoses made by 
a classification network and demonstrate that the proposed 
method produces accurate diagnoses along fine-grained 
visual interpretations. Researchers argue that visualization 
allows users to easily and quickly observe patterns and test 
hypotheses (Kwon et al., 2019). Considering the drawbacks, 
visualizations of large and complex models such as random 
forests remain challenging (Neto & Paulovich, 2021).

Research Area 3 provides an above-average quota of 
evaluations with humans (33%). Majorly, researchers con-
duct user studies to assess the effectiveness of explanations 
(e.g., Chatzimparmpas et al., 2020; Neto & Paulovich, 2021; 
Zhao et al., 2019; Zhong et al., 2019). For example, Zhao 
et al. (2019) conduct a qualitative study with students and 
researchers to investigate the perceived effectiveness of an 
XAI-based decision support system in helping users under-
stand random forest predictions in the context of financial 
scoring. Kumar et al. (2021) even go a step further and imple-
ment their XAI approaches in clinical practice to evaluate the 
trust level of oncologists working with a diagnosis system.

Existing research paves the way for three patterns with 
regard to future opportunities. First, researchers stress the 
need for other types of explainability to ensure a sufficient 
understanding of AI by users (Neto & Paulovich, 2021). Sec-
ond, researchers propose to transfer XAI methods to different 
applications (Mensa et al., 2020). For instance, a novel XAI 
approach to design a conversational agent (Hepenstal et al., 
2021) could also be applied in electronic markets. Third, 
whenever human evaluation is conducted in simulated sce-
narios with simplified tasks, there is a call to conduct applica-
tion-grounded evaluation, such as field studies (Chatzimpar-
mpas et al., 2020) and long-term studies (Kwon et al., 2019).

Research Area 4: Explaining AI decisions of specific black 
box applications for lay users

Similar to Research Area 3, Research Area 4, with seven 
papers (4%), focuses on model-specific XAI approaches to 
produce local explanations. While Research Area 3 targets 

AI users in a professional context, XAI approaches in 
Research Area 4 address lay people, such as users of a music 
platform seeking personalized recommendations (Kouki 
et al., 2020) or evaluating whether texts are similar in terms 
of meaning (Lopez-Gazpio et al., 2017). Thus, this research 
area is highly relevant for electronic markets (Fig. 8).

Given that AI finds its way to many areas of everyday 
life, the relevance of providing lay users with tailored sup-
port when faced with AI systems increases (Wang et al., 
2019). The “target of XAI [in Research Area 4] is an end 
user who depends on decisions, recommendations, or actions 
produced by an AI and therefore needs to understand the 
rationale for the system’s decisions” (Kim et al., 2021, p. 2). 
Often, lay users, such as people affected by automated AI 
decisions or users of AI in daily life, are assumed to pro-
vide a relatively low level of AI literacy (Wang et al., 2019). 
Explanations shall help them to easily scrutinize AI deci-
sions and confidently employ AI systems (Kim et al., 2021; 
Kouki et al., 2020). Like in Research Area 3, researchers 
predominantly develop approaches to generate explanations 
for particular outcomes of specific AI models. Most result-
ing explanations are visual (Kim et al., 2021, 2020a; Kouki 
et al., 2020; Wang et al., 2019).

Research Area 4 provides an above-average percentage 
of evaluation with (potential) users (57%) (Kim et al., 2021; 
Kouki et al., 2020; Lopez-Gazpio et al., 2017). For instance, 
Kim et al. (2021) experimented with undergraduate students 
using an XAI system for video search to evaluate the quality 
of explanations and their effect on users’ level of trust. They 
find that the XAI system yields a comparable level of effi-
ciency and accuracy as its black box counterpart if the user 
exhibits a high level of trust in the AI explanations. Lopez-
Gazpio et al. (2017) conduct two user studies to show that 
users perform AI-supported text processing tasks better with 
access to explanations. Only one paper follows functionally 
grounded evaluation, using a Netflix dataset (Zhdanov et al., 
2021), showing that explainability does not need to impact 
predictive performance negatively.

One commonly mentioned avenue for future research is 
to transfer XAI approaches—which are often developed for 
specific applications—to other contexts. For instance, an 
XAI approach designed for a medical diagnosis tool for lay 
users might also be beneficial when integrated into a fitness 

Fig. 8  Overview Research 
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app (Wang et al., 2019). While the authors formulate the 
need to investigate the effectiveness of explanations for lay 
users (Kouki et al., 2020), the lack of functionally grounded 
evaluation also translates into a call for a technical assess-
ment and improvement of XAI approaches, such as compu-
tation time (Kim et al., 2020a).

Research Area 5: Explaining decisions and functioning 
of arbitrary black boxes

The ubiquitous nature of AI and its deployment in an 
increasing variety of applications is accompanied by a ris-
ing number of AI models. Consequently, the need for XAI 
approaches that can work independently from the underlying 
AI model arises (e.g., Ming et al., 2019). Research Area 5, 
among the most prominent research areas with 52 papers 
(29%), addresses this call and develops model-agnostic 
XAI approaches (Moreira et al., 2021). Many methods have 
already been applied for electronic markets, for example, for 
B2B sales forecasting (Bohanec et al., 2017) or prediction of 
Bitcoin prices (Giudici & Raffinetti, 2021) (Fig. 9).

Papers in Research Area 5 are also driven by the desire 
to make the outcomes and functioning of AI systems more 
understandable to users (Fernandez et al., 2019; Li et al., 
2021; Ribeiro et al., 2016). First and foremost, explanations 
intend to assist users in appropriately trusting AI, i.e., criti-
cally reflecting on an AI system’s decision instead of refus-
ing to use it or blindly following it (Förster et al., 2020b). 
However, aiming to contribute to the explainability of arbi-
trary AI models, methods differ from Research Areas 1 to 4 
in two ways.

First, methods are not designed to address specific needs 
in certain applications but aim to explain how and why mod-
els make their decisions in general (e.g., Blanco-Justicia 
et al., 2020). The target group are users of all “domains where 
ethical treatment of data is required” (Ming et al., 2019, 
p. 1), including domain experts (79%), such as managers or 
decision-makers (Bohanec et al., 2017) as well as lay users 
(38%), such as social media users supported by AI to detect 
hate speech (Bunde, 2021). In the latter example, researchers 
show that a dashboard showing and explaining whether a text 
contains hate is perceived as valuable by users, and that the 
XAI feature increased the perception of usefulness, ease of 

use, trustworthiness, and use intention of the artifact. Expla-
nations are constructed to address the standard requirements 
of various AI users of different application domains. As a 
result, explanations are often accessible to a wider audience 
and help users with little AI experience understand, explore, 
and validate opaque systems (Ming et al., 2019). For exam-
ple, for the identification of diseases on an automatic diag-
nosis platform for doctors and patients, building an under-
standable diagnostics flow for doctors and patients (Zhang 
et al., 2018). Second, the XAI methods are not designed to 
be technically tied to specific AI models, but to be applied to 
various AI models (Mehdiyev & Fettke, 2020, p. 4). Thus, 
XAI approaches in this area only access the inputs and out-
comes without making architectural assumptions regarding 
the AI model (Ming et al., 2019).

Most papers in Research Area 5 focus on local explana-
tions (73%). A well-known local method is LIME which 
identifies important features for particular AI predictions by 
learning easy-to-interpret models locally around the inputs 
(Ribeiro et al., 2016). Researchers stress that explanations 
should be human-friendly to facilitate human understanding 
of the reasons for AI decisions (e.g., Cheng et al., 2021). For 
instance, Blanco-Justicia et al. (2020) aim at human-com-
prehensible explanations by limiting the depth of decision 
trees that approximate the AI model’s functioning. Many 
researchers focus on methods to generate counterfactual 
explanations, which align with how humans construct expla-
nations themselves (Cheng et al., 2021; Fernandez et al., 
2019; Förster et al., 2021). Counterfactual explanations point 
out why the AI system yields a particular outcome instead 
of another similarly perceivable one.

The focus of Research Area 5 lies on the XAI methods 
themselves rather than specific applications. Accordingly, 
researchers choose relevant but exemplary use cases to eval-
uate their proposed XAI methods, such as the prediction of 
credit risk (Bastos & Matos, 2021), churn prediction (Luky-
anenko et al., 2020), or mortality in intensive care units 
(Kline et al., 2020). To demonstrate versatile applicability, 
researchers often implement their approaches on a range 
of datasets from different domains including applications 
in electronic markets such as fraud detection (Hardt et al., 
2021) or news-story classification for online advertisements, 
which helps improve data quality and model performance 

Fig. 9  Overview Research 
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(Martens & Provost, 2014). XAI approaches in Research 
Area 5 could beyond be applied to electronic markets—for 
example, an XAI dashboard consolidating a large amount of 
data necessary for child welfare screening is also considered 
helpful for different data-intensive online platforms (Zytek 
et al., 2021).

Like in Research Areas 1 and 2, most papers conduct 
functionally grounded evaluation (52%). However, as repeat-
edly stated by the authors in this research area, XAI methods 
are designed to assist humans in building appropriate trust 
(e.g., Bunde, 2021; van der Waa et al., 2020). Accordingly, 
in recent years, papers include evaluations with users (46%) 
(Abdul et al., 2020; Hardt et al., 2021; Ming et al., 2019). 
User studies serve, for instance, to assess perceived charac-
teristics of explanations (Förster et al., 2020b, 2021) or to 
compare the utility of different explanations for decision-
making (van der Waa et al., 2020). Researchers often resort 
to simplified tasks with subjects being students (Štrumbelj 
& Kononenko, 2014) or recruited via platforms like Amazon 
Mechanical Turk (van der Waa et al., 2020).

As evaluation is often conducted in somewhat artificial 
settings, researchers propose to evaluate model-agnostic 
XAI methods in realistic or real settings, for instance, 
through field experiments (Bohanec et al., 2017; Förster 
et  al., 2020b, 2021; Giudici & Raffinetti, 2021). Other 
recurring themes for future research include the expansion 
of the ideas to other application domains (e.g., Spinner et al., 
2020; Zytek et al., 2021). Finally, further empirical research 
is requested to identify required modifications of existing 
XAI approaches and specific requirements that can serve as 
a starting point for the design of novel XAI methods (Moradi 
& Samwald, 2021).

Research Area 6: Investigating the impact of explanations 
on lay users

There is a substantial body of literature developing XAI 
methods to automatically generate explanations (cf. Research 
Areas 1 to 5); however, insights on the role of explainabil-
ity in human-AI interaction are somewhat rare (Ha et al., 
2022; Narayanan et al., 2018; Schmidt et al., 2020). Against 
this background, this research area with 22 articles (12%) 
empirically investigates user experience and user behavior 

in response to explanations, such as understanding of and 
trust in the underlying AI system (Dodge et al., 2018; Shin, 
2021a; van der Waa et al., 2021). The focus lies on lay users 
as an explanation’s target group of (100%). Many papers 
investigate XAI for electronic market applications—for 
example, recommendation of online news articles (Shin, 
2021a), intelligent tutoring (Conati et al., 2021), or credit 
risk assessment (Moscato et al., 2021) (Fig. 10).

Researchers stress the importance of involving users to 
derive how explanations should be designed (Wanner et al., 
2020b). Articles in this research area pursue two goals: (i) 
generating insights on how explanations affect the interac-
tion between users and AI and (ii) deriving requirements 
for adequate explanations. More concretely, research-
ers investigate lay user experience and lay user behavior, 
such as trust (Alam & Mueller, 2021; Burkart et al., 2021; 
Conati et al., 2021; Hamm et al., 2021; Jussupow et al., 
2021; Schmidt et al., 2020; Shin, 2021a, 2021b), under-
standing (Lim et al., 2009; Shen et al., 2020; Shin, 2021a, 
2021b; van der Waa et al., 2021), perception (Fleiß et al., 
2020; Ha et al., 2022; Jussupow et al., 2021; Shin, 2021a), 
and task performance (van der Waa et al., 2021). Lay users 
considered are, for instance, potential job candidates inter-
acting with conversational agents in recruiting processes 
(Fleiß et al., 2020) or diabetes patients interacting with a 
decision support system to determine the correct dosage 
of insulin (van der Waa et al., 2021). Based on their find-
ings, researchers contribute knowledge on how practical 
explanations can be designed (Dodge et al., 2018; Förster 
et al., 2020a; Wanner et al. 2020b). Most of these findings 
are valid for electronic markets, such as AI-led modera-
tion for eSports communities (Kou & Gui, 2020) or patient 
platforms with AI as the first point of contact (Alam & 
Mueller, 2021). The authors of the latter study find that 
visual and example-based explanations had a significantly 
better impact on patient satisfaction and trust than text-
based explanations or no explanations at all.

A reoccurring study design to investigate user experience 
and behavior is a controlled experiment with human subjects 
performing simplified tasks (Lim et al., 2009). For exam-
ple, Burkart et al. (2021) investigate users’ willingness to 
adapt their initial prediction in response to four treatments 
with different degrees of explainability. Surprisingly, in their 
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specific study, all participants improved their predictions 
after receiving advice, regardless of whether it featured an 
explanation. Likewise, Jussupow et al. (2021) investigate 
users’ trust in a biased AI system depending on whether 
explanations are provided or not. They find that users with 
low awareness of gender biases perceive a gender-biased 
AI system that features explanations as trustworthy, as it is 
more transparent than a system without explanations. Focus-
ing on user experience, Shen et al. (2020) examine users’ 
subjective preferences for different degrees of explainability. 
Only a few papers build their work on existing theories. For 
instance, Hamm et al. (2021) adapt the technology accept-
ance model to examine the role of explainability on user 
behavior.

The results in Research Area 6 reveal that explanations 
indeed affect user experience and user behavior. Most papers 
propose a positive effect on human-AI interaction, such as an 
increase of users’ trust in the AI system (Lim et al., 2009) or 
intention to reuse the system (Conati et al., 2021). However, 
some studies indicate a contrary effect, i.e., participants sup-
ported by an AI-based decision support tool for text clas-
sification reported reduced trust in response to increased 
transparency (Schmidt et al., 2020). Beyond, the findings of 
this research area inform how explanations should be built 
to be effective. For instance, Burkart et al. (2021) found 
that while local and global explanations help improve par-
ticipants’ decisions, local explanations are used more often. 
The findings by Förster et al. (2020a) indicate that concrete-
ness, coherence, and relevance are decisive characteristics 
of local explanations and should guide the development 
of novel XAI methods. Overall, researchers conclude that 
user involvement is indispensable to assess if researchers’ 
assumptions on explanations hold (Shin, 2021a; van der Waa 
et al., 2021).

Results from this research area mainly stem from experi-
ments with recruited participants for simplified tasks, such 
as students (Alam & Mueller, 2021). Paving the way for 
future research, researchers stress the importance of verify-
ing findings with real users performing actual tasks (Shen 
et al., 2020). Furthermore, there is a call for longitudinal 
studies considering that users’ characteristics and attitudes 
might change over time (Shin, 2021a). Finally, while first 
progress is made to consider mediating factors predicting the 

influence of explainability (e.g., Shin, 2021a), most works 
do not tie their studies to theories; thus, there is a call for 
developing and testing theories (Hamm et al., 2021).

Research Area 7: Investigating the impact of explanations 
on domain experts

Most XAI methods are designed to assist domain experts 
in interacting with AI-based decision support systems. To 
better understand how explainability influences user expe-
rience and user behavior in this regard, Research Area 7 
includes 17 empirical papers (9%) with a focus on domain 
experts, such as doctors (Ganeshkumar et al., 2021; Kim 
et al., 2020b) or decision-makers in credit scoring (Huys-
mans et al., 2011). Compared to Research Area 6, fewer 
papers investigate the impact of explanations in electronic 
market applications. Examples include an AI-based sched-
uling platform for healthcare professionals (Schlicker et al., 
2021) and an AI web application for patient analysis and risk 
prediction (Fang et al., 2021) (Fig. 11).

Researchers argue that while there is agreement on the 
need to increase the explainability of critical AI applications, 
insights on how different explanation types affect the inter-
action of domain experts with AI is rare (Liao et al., 2020). 
This research area aims to understand the impact of explain-
ability concerning user experience and user behavior in the 
context of AI-based decision support systems (Chakraborty 
et al., 2021; Elshawi et al., 2019; Liao et al., 2020; Martens 
et al., 2007). Similar to Research Area 6, findings aim to 
provide knowledge on how to design adequate explanations, 
however, with a focus on domain experts (Liao et al., 2020; 
Wanner et al., 2020a).

A reccurring research approach is to conduct experi-
ments investigating the impact of explainability on users’ 
decision-making with AI. In a pioneering paper, Huysmans 
et al. (2011) examine how different degrees of explainability 
affect AI system comprehensibility in a laboratory experi-
ment. They find that decision tables perform significantly 
better than decision trees, propositional rules, and oblique 
rules with regard to accuracy, response time, answer confi-
dence, and ease of use. Moreover, researchers conduct inter-
views to assess user needs for explainability in critical AI 
applications (Liao et al., 2020).

Fig. 11  Overview Research 
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Overall, findings from these studies indicate that explain-
ability can positively influence user experience and user 
behavior of domain experts. The findings by Huysmans et al. 
(2011) outlined above suggest that explainability in the form 
of decision tables can lead to faster decisions while increas-
ing answer confidence. Additionally, findings inform how 
explanations should be designed and applied to yield spe-
cific effects. For example, Elshawi et al. (2019) reveal that 
local explanations are suitable for medical diagnoses to fos-
ter users’ understanding while global explanations increase 
users’ understanding of the entire AI model. Although this 
research area proves the benefit of XAI for domain experts, 
practitioners still struggle with the gaps between existing 
XAI algorithmic work and the aspiration to create human-
consumable explanations (Liao et al., 2020).

While existing studies show that types of explanations, 
such as local and global explanations, vary in effectiveness 
on users’ system understanding, future research may deepen 
these insights and investigate other concepts, such as con-
creteness and coherence. Furthermore, researchers stress 
the importance of further investigating how users’ charac-
teristics moderate explanations’ influence on user experi-
ence and user behavior (Bruijn et al., 2021). Expert users 
of electronic markets are not the focus of research attention 
yet. Finally, while most researchers focus on the impact of 
explanations on users’ perceptions and intentions, there is 
a call for research on actual behavior (Bayer et al., 2021).

Research Area 8: Investigating employment of XAI 
in practice

In contrast to Research Areas 6 and 7, which comprise 
empirical studies to investigate user experience and user 
behavior, Research Area 8 focuses on technical and mana-
gerial aspects of XAI in practice. For instance, research-
ers conduct case studies to examine scalability (Sharma 
et al., 2020) and trade-offs of XAI in practice (Tabankov 
& Möhlmann, 2021). The four papers (2%), which all were 
published between 2019 and 2021, represent the smallest 
research area. Findings predominantly address developers 

(100%) and managers who want to implement XAI in organ-
izations (Sharma et al., 2020) (Fig. 12).

The motivation for this research area is a scarce under-
standing of organizational and technical challenges prac-
titioners face when implementing explanations for AI 
(Hong et al., 2020). Researchers agree that this might 
hinder XAI from addressing critical real-world needs. 
Against this background, empirical studies aim to gener-
ate insights into how XAI can be successfully employed 
in organizations (Hong et al., 2020; Tabankov & Möhl-
mann, 2021).

To this end, Hong et al. (2020) conduct semi-structured 
interviews with industry practitioners to examine the role of 
explainability when developers plan, build, and use AI mod-
els. One important finding is the high practical relevance of 
scalability and integrability of XAI methods—which has not 
yet been the focus of existing research. Building on these 
insights, Sharma et al. (2020) evaluate the performance of 
XAI methods with respect to technical aspects in an electronic 
market–related case study, i.e., anomaly detection for cloud-
computing platforms. Findings reveal that the computation 
time of tree-based XAI methods should be improved to enable 
the large-scale application. Tabankov and Möhlmann (2021), 
with their case study, take a managerial perspective and inves-
tigate trade-offs between explainability and accuracy of XAI 
for in-flight services. Findings suggest that compromises and 
limitations for both sides have to be weighed during the imple-
mentation process.

Insights from this research area pave the way for future 
research: First, when developing novel XAI methods, 
researchers should consider technical aspects, first and 
foremost, scalability (Hong et al., 2020). This is especially 
relevant for electronic market applications, which often need 
to adapt to sudden user growth. Second, more empirical 
research on XAI from an organizational and managerial per-
spective is needed. In particular, further research might pro-
vide deeper insights into whether and to what extent explain-
ability is needed to achieve organizational goals (Tabankov 
& Möhlmann, 2021). Third, there is a call for insights into 
the demands of XAI developers (Hong et al., 2020).

Fig. 12  Overview Research 
Area 8
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Synthesis of XAI research areas in IS literature

In sum, based on theoretical concepts of XAI research and 
methodological concepts of IS research, a cluster analysis 
reveals eight major XAI research areas in IS literature (cf. 
Fig. 13, Appendix).

Five research areas (76% of all papers in our corpus) 
deal with developing novel XAI approaches. This body of 
literature can be further differentiated depending on the 
underlying XAI concepts, first and foremost dependency on 
the AI model and scope of explainability, as well as whom 
explanations address. Research Area 1 and Research Area 
2 both focus on model-specific XAI approaches to generate 
global explanations for expert audiences—domain experts 
in Research Area 1, and developers in Research Area 2. 
Research Area 3 and Research Area 4 entail largely local 
explanations for specific AI models that address domain 
experts and lay users, respectively. Research Area 5 features 
model-agnostic approaches. Overall, the primary purpose 
of explanations is to justify the (decisions of) AI systems 
(Research Areas 1, 3, 4, and 5).

The remaining three research areas comprise fewer arti-
cles (24%) focusing on behavioral science research. Note 
that in our case, the term “behavioral science” not only refers 
to studies that build and justify theory, for instance, in deriv-
ing and testing hypotheses but, more generally, includes 
research that aims at generating empirical insights. Indeed, 
only a few XAI papers in IS derive and test hypotheses. 
Empirical research in our corpus can be distinguished by 
its focus on specific target groups. While Research Area 6 
focuses on lay users, Research Area 7 deals with users with 
domain knowledge. Research Area 8 focuses on developers.

Discussion and conclusion

We conducted a systematic and structured review of research 
on XAI in IS literature. This section outlines opportunities for 
future research that may yield interesting insights into the field 
but have not been covered so far. Subsequently, we describe 
our work’s contribution, implications, and limitations.

Future research agenda

Our synthesis reveals five overarching future research direc-
tions related to XAI research in IS, which, along with a 
related future research agenda, are outlined below: (1) refine 
the understanding of XAI user needs, (2) reach a more com-
prehensive understanding of AI, (3) perform a more diverse 
mix of XAI evaluation, (4) solidify theoretical foundations 
on the role of XAI for human-AI interaction, and (5) increase 
and improve the application to electronic market needs. Note 
that the future research directions and future research agenda 
are by no means exhaustive but intend to highlight and illus-
trate potential avenues that seem particularly promising.

Future Research Direction 1: Refine the understanding 
of XAI user needs

XAI research is criticized for not focusing on user needs, 
which is a prerequisite for the effectiveness of explanations 
(cf. Herse et al., 2018; Meske et al., 2020). Indeed, as argued 
in many papers in the different research areas identified, there 
is still a gap between the research’s focus on novel algorithms 
and the aspiration to create human-consumable explanations 
(e.g., Liao et al., 2020; Seera & Lim, 2014). Areosa and Torgo 
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(2019) stress the necessity to provide insights into the type 
of usage and information XAI tools bring to end users. As 
one of the foci in IS research is the design of user-centric and 
interactive technologies, IS research is predestined to put the 
user at the center of attention and make explanations under-
standable (Bauer et al., 2021). While six of the eight research 
areas focus on broader user groups, i.e., lay users, domain 
experts, or developers, only a few studies base the design of 
XAI approaches on specified target users and their needs (e.g., 
medical experts with different level of domain knowledge). 
This shortcoming has already been raised in studies that call 
for a more user-specific design of XAI solutions (cf. Abdul 
et al., 2018; Miller, 2019). However, only a few studies have 
implemented user-specific designs so far. For instance, Barda 
et al. (2020) propose an XAI approach that produces explana-
tions for predictions based on a pediatric intensive care unit’s 
mortality risk model. It considers user-specific explanation 
and information goals, which vary according to the clinical 
role (e.g., nurses and physicians). Further empirical insights 
highlight the necessity for the user-specific design of explana-
tions, as XAI can only create human agency and appropriate 
trust if it considers the specific user needs (Dodge et al., 2018; 
Elshawi et al., 2019).

We identify several research opportunities to pave the way 
for a refined understanding of XAI user needs: First, more 
empirical research might sharpen insights into how different 
types of explanations affect the behavior and experience of var-
ious user groups and which effects different explanation types 
might have on these groups—for example, medical practition-
ers (e.g., Seera & Lim, 2014). Second, future research could 
refine the differentiation between developers, domain experts, 
and lay users, as other user characteristics besides expertise 
might play a central role (e.g., Cui et al., 2019). For instance, 
the user’s knowledge structure, beliefs, interests, expectations, 
preferences, and personality could be considered (Miller et al., 
2017). Third, the conjunction of user characteristics and the 
purpose of explanations could be analyzed, especially given 
that the purpose of explanations depends on the context and 
user type (Liao et al., 2020). Fourth, future research could put 
more emphasis on investigating the concrete XAI needs of 
developers, which would benefit from explainability (cf. Kim 
et al., 2021) but are so far seldomly addressed. This is under-
lined by the fact that in Research Area 2 (“Revealing the func-
tioning of specific black box applications for developers”), the 
only research area focusing on developers, none of the papers 
evaluates its concepts with actual developers.

Future Research Direction 2: Reach a more comprehensive 
understanding of AI

While a plethora of techniques produce various types of 
explanations, only a few researchers combine different XAI 
approaches with the aim of a comprehensive understanding 

of AI. The overarching goal of XAI is to make AI systems 
and their outcomes understandable to humans, especially 
important when AI supports decision-making in critical 
areas such as healthcare and finance (Pessach et al., 2020). 
Single (types of) explanations are often insufficient to reach 
the ambitious goal of comprehensive user understanding. 
Many researchers underpin that their approaches are only 
one step toward a better understanding of the underlying AI 
systems (e.g., Moradi & Samwald, 2021; Neto & Paulovich, 
2021). However, the question of how to synthesize different 
research efforts to get closer to a comprehensive understand-
ing of AI systems has received little research attention. Espe-
cially in Research Area 1 (“Revealing the functioning of 
specific critical black box applications for domain experts”) 
and Research Area 3 (“Explaining AI decisions of specific 
critical black box applications for domain experts”), both of 
which focus on domain experts, researchers identify the need 
for further explanation types to ensure that users can reach 
a more comprehensive understanding of AI (e.g., Murray 
et al., 2021; Neto & Paulovich, 2021).

Against this backdrop, promising future research oppor-
tunities arise: First, it could be beneficial to investigate the 
combination of different types of explanations which might 
complement each other for user understanding, e.g., local 
and global explanations, a call made in many of the ana-
lyzed papers (cf. Burkart et al., 2021; Elshawi et al., 2019; 
Mombini et al., 2021). So far, efforts on developing novel 
approaches mainly concentrate on either type, with only 
18% of the papers combining local and global interpretabil-
ity (e.g., Burkart et al., 2021; Elshawi et al., 2019). Second, 
a stronger focus on user interfaces might serve as an auspi-
cious starting point for a more complete understanding of 
AI. For example, interactivity would allow users to explore 
an algorithm’s behavior, and XAI approaches to adapt 
explanations to users’ needs (Cheng et al., 2019). Ming 
et al. (2019) provide the first promising attempts in this 
direction, developing an interactive visualization technique 
to help users with little AI expertise understand, explore, 
and validate predictive models. Third, personalized expla-
nations taking into account users’ mental models and the 
application domain can foster understanding (Schneider & 
Handali, 2019). Kouki et al. (2020) are among the first to 
study the problem of generating and visualizing personal-
ized explanations for recommender systems.

Future Research Direction 3: Perform a more diverse mix 
of XAI evaluation

Our analysis shows that existing IS literature on XAI exposes 
a one-sided tendency toward the functional evaluation of XAI 
approaches. Seminal design science contributions emphasize 
the need for rigor in evaluating IT artifacts, including 
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functional evaluations but also “the complications of 
human and social difficulties of adoption and use” (Venable 
et al., 2016, p. 82). While the latter plays a significant role 
in the context of XAI, 71% of the articles that develop 
XAI approaches in our corpus neglect evaluation with 
(potential) users. Only 6% combine functional evaluation 
with user evaluation. Thus, existing research runs the risk of 
inaccurate insights derived from unduly simplified evaluation 
scenarios (Wang et al., 2019). In almost all research areas, 
papers identify a better mix of evaluation methods as one 
of the most important directions for future research (e.g., 
Chatzimparmpas et al., 2020; Kim et al., 2020b).

Proposed avenues for further research are closely linked 
to a call for a more diverse mix of different kinds of evalu-
ations (cf. Venable et al., 2016). First, XAI approaches 
should be more frequently evaluated with humans (cf. 
human-grounded evaluation) to take into account human 
risks associated with novel XAI approaches. For example, 
many papers in Research Area 1 (“Revealing the function-
ing of specific critical black box applications for domain 
experts”) call for a more robust evaluation, including human 
users (e.g., Areosa & Torgo, 2019; Kim et al., 2020b). Sec-
ond, there should be a stronger focus on evaluation with real 
users in real settings (cf. application-grounded evaluation) to 
assess the utility, quality, and efficacy of novel approaches in 
real-life scenarios. This point is stressed by several papers in 
Research Area 3 (“Explaining AI decisions of specific criti-
cal black box applications for domain experts”) (e.g., Chat-
zimparmpas et al., 2020; Kwon et al., 2019) and Research 
Area 6 (“Investigating the impact of explanations on lay 
users”) (e.g., Shen et al., 2020; Shin, 2021a). Third, novel 
evaluation strategies might be investigated that combine 
functionally and human-grounded evaluation to consolidate 
the benefits of both, i.e., the possibility of a robust compari-
son of competing XAI approaches at relatively low cost and 
the consideration of social intricacies.

Future Research Direction 4: Solidify theoretical 
foundations on the role of XAI for human‑AI interaction

Our examination shows that XAI in IS research is 
predominantly not very theory-rich. While broad efforts to 
develop novel artifacts exist, only few papers (24%) explicitly 
focus on contributions to theory by conducting empirical 
research. These studies generate first exciting insights into 
how explainability may affect the experience and behavior 
of AI users (cf. Research Areas 6 and 7); however, only 13 
papers explicitly tie their research to theory. The following IS 
theories have been used to investigate XAI in our literature 
corpus: Activity Theory (Kou & Gui, 2020), Agency Theory 
(Wanner et al., 2020a), Attribution Theory (Ha et al., 2022; 
Schlicker et al., 2021), Cognitive Fit Theory (Huysmans et al., 
2011), Elaboration Likelihood Model/Heuristic Systematic 

Model (Shin, 2021a, 2021b; Springer & Whittaker, 2020), 
Information Boundary Theory (Yan & Xu, 2021), Information 
Foraging Theory (Dodge et al., 2018), Information Processing 
Theory (Sultana & Nemati, 2021), Psychological Contract 
Violation (Jussupow et al., 2021), Technology Acceptance 
Model/Theory of Planned Behavior/Theory of Reasoned 
Action (Bayer et al., 2021; Wanner et al., 2020a), Theory 
of Swift Trust (Yan & Xu, 2021), and Transaction Cost 
Theory (Wanner et al., 2020a). Mainly, cognitive theories are 
employed. As the human side of explanations is both social 
and cognitive, literature points out that explainability in the 
context of human-AI interaction should be viewed through a 
cognitive and a social lens (Berente et al., 2021; Malle, 2006). 
The extant studies pave the way for a diverse and meaningful 
XAI research agenda. It is crucial to add theoretical lenses 
(Wang et al., 2019), to deepen the understanding of the role 
of XAI for human-AI interaction. Extant literature stresses 
the need to further develop and test theories, for example, 
concerning the relationship between XAI and use behavior 
(Hamm et al., 2021).

Pursuing this avenue, first, we call to supplement insights 
based on cognitive theories by investigating XAI through a 
social lens. Second, it might be helpful not only to include 
and test IS theories but also theories from disciplines such 
as social sciences, management, and computer science. XAI 
is multidisciplinary by nature with people, information tech-
nology, and organizational contexts being intertwined. For 
instance, the social sciences might be promising to model 
user experience and behavior as they aim to understand how 
humans behave when explaining to each other (Miller, 2019). 
Third, as extant empirical studies are mostly limited to one-
time interactions between humans and XAI, more research 
on the long-term influence of explanations is needed. For 
instance, the question of how explanations may sustainably 
change users’ mental models and behavior should gain more 
attention. Papers in our body of literature also call for lon-
gitudinal studies considering that users’ characteristics and 
attitudes might change over time (Shin, 2021a). Fourth, the 
organizational perspective on XAI is mainly neglected. Exist-
ing literature examines AI’s influence on the competitiveness 
of companies (e.g., Rana et al., 2022). For different organi-
zations, AI has become an essential source of decision sup-
port (Arrieta et al., 2020); thus, XAI is of utmost importance 
for bias mitigation (Akter et al., 2021a; Zhang et al., 2022). 
Therefore, it would be beneficial to examine the role of XAI 
from an organizational perspective as well.

Future Research Direction 5: Increase and improve 
the application to electronic market needs

The literature review shows that only a minority of 
extant studies aim at solving electronic market-related 
challenges (e.g., Burdisso et al., 2019; Irarrázaval et al., 
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2021). Among business applications, XAI is especially 
relevant for electronic markets, as trust is paramount in 
all buyer-seller relationships (Bauer et al., 2020; Marella 
et al., 2020). Promising first studies on XAI in electronic 
markets focus on recurring use cases, for example, rec-
ommender systems in entertainment (e.g., Zhdanov et al., 
2021), patient platforms in healthcare (e.g., van der Waa 
et al., 2021), and credit platforms in finance (e.g., Moscato 
et al., 2021). Given that electronic markets are increas-
ingly augmented with AI-based systems and their complex 
nature is often an obstacle (Adam et al., 2021; Thiebes 
et al., 2021), electronic markets provide large potential 
for XAI research. To illustrate, the benefit of XAI could 
be explored for AI-based communication with customers 
on company platforms or AI-augmented enterprise IS for 
domain experts in supply chain or customer relationship 
management. While the benefits of XAI in electronic mar-
kets become obvious, an XAI research agenda with a focus 
on the needs of electronic markets might, in turn, benefit 
from diverse cases, including a variety of users.

There are three possible pathways in which research-
ers could address this issue and improve the application to 
electronic markets: First, existing XAI approaches could 
be transferred to and investigated in electronic markets. 
For instance, an XAI approach for conversational agents 
(Hepenstal et al., 2021) could be applied in electronic mar-
kets, for example, in the context of B2C sales platforms or 
for customer support. Second, given the strong interaction 
of people and technology in electronic markets (cf. Thiebes 

et al., 2021), it is pivotal to gain a better understanding of 
users’ needs regarding the explainability of AI in electronic 
markets, for example, users of music platforms (Kouki et al., 
2020), news websites (Shin, 2021a), or streaming platforms 
(Zhdanov et al., 2021) seeking personalized recommenda-
tions. Third, researchers could develop novel XAI methods 
and user interfaces that specifically meet electronic market 
needs, for instance, the ability to work with large amounts 
of data and provide interactive interfaces for business and 
private users. Table 2 summarizes the future research direc-
tions and opportunities outlined above.

Contribution

The contribution of our study is twofold. First, we provide 
a structured and comprehensive literature review of XAI 
research in IS. A literature review is especially important for a 
young and emerging research field like XAI, as it “uncover[s] 
the sources relevant to a topic under study” (vom Brocke 
et al., 2009, p. 13) and “creates a firm foundation for advanc-
ing knowledge” (Webster & Watson, 2002, p. 13). XAI draws 
from various scientific disciplines such as computer science, 
social sciences, and IS. While existing research already views 
XAI through the lenses of adjacent disciplines like social sci-
ences (e.g., Miller, 2019), we accumulate the state of knowl-
edge on XAI from the IS perspective. With its multiperspective 
view, IS research is predestined to investigate and design the 
explainability of AI. In turn, XAI can significantly contribute 
to the ongoing discussion of human-AI interaction in the IS 

Table 2  Future research agenda

Future research directions Future research opportunities

1: Refine the understanding of XAI user needs • Pursue empirical research to sharpen understanding of how explanations 
affect behavior and experience of user groups

• Refine differentiation between user groups for a more complete under-
standing of XAI end-user characteristics

• Analyze the conjunction of XAI user characteristics and the purpose of 
explanations

• Investigate the needs of developers in the context of XAI
2: Reach a more comprehensive understanding of AI • Investigate the combination of different types of explanations

• Investigate user interfaces with a focus on interactivity
• Pursue personalized explanations taking users’ mental models into account

3: Perform a more diverse mix of XAI evaluation • Pursue evaluations with human users
• Pursue evaluations with real users in real-life scenarios
• Combine functionally and human-grounded evaluation

4: Solidify theoretical foundations on the role of XAI for human-
AI interaction

• Investigate XAI through a social lens
• Pursue interdisciplinary approaches, e.g., employ theories from the social 

sciences
• Research the long-term influence of explanations, e.g., on users’ mental 

models
• Examine the role of XAI from an organizational perspective

5: Increase and improve the application to electronic market needs • Transfer existing XAI approaches to electronic markets
• Investigate user needs regarding the explainability of AI in electronic 

markets
• Design XAI approaches that meet specific electronic market requirements
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discipline. Compared to existing works on XAI in IS (e.g., 
Meske et al., 2020), our study is the first to synthesize XAI 
research in IS based on a structured and comprehensive lit-
erature search. The structured and comprehensive literature 
search reveals 180 research articles published in IS journals 
and conference proceedings. From 2019 onward, the number 
of published articles increased rapidly, resulting in 79% of the 
articles published between 2019 and 2021. Model-specific 
XAI methods (53%) are more often in focus than model-
agnostic XAI methods (38%). Most articles address domain 
experts as the target group (62%) and focus on the justifica-
tion of AI systems’ decisions as XAI goal (83%). Extant IS 
research efforts concentrate on developing novel XAI artifacts 
(76%); however, only 23% of the proposed artifacts are evalu-
ated with humans. A minority of studies aim at building and 
justifying theories or generating empirical insights (24%). 
Building on established XAI concepts and methodological 
orientation in IS, we are the first to derive XAI research areas 
in IS. Extant XAI research in IS can be synthesized in eight 
research areas: (1) Revealing the functioning of specific criti-
cal black box applications for domain experts (26% of papers), 
(2) Revealing the functioning of specific black box applications 
for developers (3% of papers), (3) Explaining AI decisions 
of specific critical black box applications for domain experts 
(13% of papers), (4) Explaining AI decisions of specific black 
box applications for lay users (4% of papers), (5) Explaining 
decisions and functioning of arbitrary black boxes (29% of 
papers), (6) Investigating the impact of explanations on lay 
users (12% of papers), (7) Investigating the impact of expla-
nations on domain experts (9% of papers), (8) Investigating 
employment of XAI in practice (2% of papers).

Second, we provide a future research agenda for XAI 
research in IS. The research agenda comprises promising 
avenues for future research raised in existing contributions or 
derived from our synthesis. From an IS perspective, the follow-
ing directions for future research might provide exciting insights 
into the field of XAI but have not yet been covered sufficiently: 
(1) Refine the understanding of XAI user needs, (2) Reach a 
more comprehensive understanding of AI, (3) Perform a more 
diverse mix of XAI evaluation, (4) Solidify theoretical founda-
tions on the role of XAI for human-AI interaction, (5) Increase 
and improve the application to electronic market needs. These 
research directions reflect the imbalance of existing IS research 
with respect to methodological orientation, which so far focuses 
on designing novel XAI artifacts and rather neglects to generate 
empirical insights and develop theory.

Implications

Our findings have implications for different stakeholders of 
XAI research. IS researchers might benefit from our findings 
in three different ways. First, the accumulated knowledge 
helps novice researchers find access to XAI research in IS and 

assists more experienced researchers in situating their own 
work in the academic discussion. Second, the presented state 
of knowledge as well as the future research agenda can inspire 
researchers to identify research themes that might be of inter-
est to future work. Third, our findings on XAI-receptive pub-
lication outlets may assist researchers in identifying potential 
outlets for their work. Furthermore, editors and reviewers are 
supported in assessing whether the research under review has 
sufficiently referenced the existing body of knowledge on XAI 
in IS and to what extent articles under review are innovative 
in this field. Finally, given that IS research predominantly 
addresses business needs (Hevner et al., 2004), our findings 
are particularly suitable for helping practitioners to make use 
of the accumulated knowledge on XAI.

Limitations

The findings of this paper have to be seen in light of some 
limitations. Although we conducted a broad and structured lit-
erature search, there exists the possibility that not all relevant 
articles were identified, due to three reasons. First, while we 
covered all major IS journals and conferences, the number 
of sources selected for our literature search is nevertheless 
limited. Second, although we thoroughly deducted the search 
terms based on existing XAI literature, additional terms might 
have revealed further relevant papers. We tried to mitigate this 
issue by conducting a forward and backward search. Third, 
by focusing on opaque AI systems, we excluded papers that 
deal with the explainability of inherently transparent systems, 
such as rule-based expert systems. Apart from this, by uti-
lizing a quantitative clustering approach to identify research 
areas, our results do not represent the only possible solution 
to synthesize existing IS knowledge on XAI. However, our 
methodology yields a broad, transparent, and replicable over-
view of XAI research in IS. We hope our findings will help 
researchers and practitioners gain a thorough overview and 
better understanding of the body of IS literature on XAI and 
stimulate further research in this fascinating field.
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