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ABSTRACT 
Everyone affected by high-risk AI systems should have the chance to understand 
them and consider the merits and harms of their deployment. Explanations of AI sys
tems can support this goal, yet it is rarely explored how lay audiences use them for 
deliberation. In this paper, we examine how explanations support groups and individ
uals of AI novices in learning and deciding about an AI system. We use question- 
driven explanations spanning four information categories and evaluate them in a 
task-based interview study with 8 focus groups and 12 individuals. We find that 
groups allow participants to use team cognition to make sense of explanations, but 
rely heavily on social dynamics. In contrast, single settings support focused under
standing but lack exchange and discussion. We contribute suggestions to make 
explanation designs suitable for AI novices and discuss their use in individual and col
lective settings to support understanding and deliberation of AI systems.
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1. Introduction

A growing number of AI systems1 are deployed in the public sector to decide about critical issues, such 
as employment, migration, and criminal justice (Bansak et al., 2018; Chouldechova, 2017; Scott et al., 
2022; Z€uger & Asghari, 2023). These systems can have consequences for all stakeholders but tend to 
have significant impact on their decision subjects (i.e., the people the system decides over), such as dis
crimination or misclassification (Brown et al., 2019; Raji et al., 2022). These harms intensify when deci
sion-making is opaque and uncontestable (Alfrink et al., 2023; Ananny & Crawford, 2018; de Fine 
Licht & de Fine Licht, 2020). For these reasons, public AI systems should be considered as “matters of 
public interest” (Z€uger & Asghari, 2023), meaning that they need to be explainable, justifiable, and 
open for public deliberation (Brown et al., 2019; Kawakami et al., 2024; Naiseh et al., 2024). 
Explanations can make AI systems more understandable and easier to assess and control (Langer et al., 
2021). While explainable AI (XAI) research is often focused on individuals, research has shown that 
group settings can facilitate the understanding of complex topics (Moshman & Geil, 1998; Navajas 
et al., 2018; Nokes-Malach et al., 2015). Further, group settings encourage the exchange of views and 
arguments (Smith et al., 2009; Stromer-Galley, 2007), which are vital when engaging in deliberation 
(collectively finding a solution to a problem (Habermas, 1991)). Yet, XAI research has not explored in 
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detail how AI novices interact with and use explanations collectively in comparison to individual set
tings, a gap that this paper aims to address.

Individuals affected by decisions of AI systems often do not have technical knowledge that would 
facilitate understanding and scrutinizing the decision-making systems. This work understands this user 
audience as “lay people” (DeVito et al., 2018; Lima et al., 2023; Shulner-Tal et al., 2023) or “AI novices” 
(Mohseni et al., 2020): users who may use AI products in their daily life but have no technical back
ground nor knowledge about the underlying logic and construction of these systems. Explanations for 
AI novices naturally have different requirements than explanations for AI practitioners, such as devel
opers and creators of AI systems (Liao et al., 2020), as they have different expertise (Ehsan et al., 2024), 
interests (Langer et al., 2021), and prior knowledge (Cheng et al., 2019; Schmude et al., 2025; 
Szymanski et al., 2021). Explanation formats (e.g., visual, textual, dialogue) are known to impact AI 
novices” understanding (Bove et al., 2022; Cheng et al., 2019; Szymanski et al., 2021) but show incon
sistent effects (Bove et al., 2022) due to contextual factors such as participants’ perceptions of the use 
case domain. Personalizing explanations can help bridge the gap between explanation affordances and 
user needs (Conati et al., 2021; Naiseh et al., 2020; Shulner-Tal et al., 2023), but no single explanation 
spans all needs and contexts (Freiesleben & K€onig, 2023), so analysis of the ADM domain and audience 
is still necessary. Requirements of AI novices are only recently addressed in XAI, and deliberation sce
narios have rarely been explored (Naiseh et al., 2024). Prior work in XAI has elicited novices’ informa
tion needs (Schmude et al., 2025), co-designed explanations with public-sector users (Lee et al., 2019b; 
Weitz et al., 2024), and examined deliberation in human–AI teams (Chiang et al., 2023). To our know
ledge, however, no study has examined how question-driven explanations support domain experts and 
decision subjects to understand AI in the employment domain, and how AI novices use these explana
tions to deliberate AI deployment in group versus individual settings.

Designing explanations that support understanding and deliberation for AI novices in both group 
and individual settings meets multiple challenges. Group composition and dynamics place special 
demands on explanation design (Naiseh et al., 2021), as explanations need to cater to a diverse set of 
information and format preferences (Bertrand et al., 2023; Bove et al., 2024; Schmude et al., 2025). 
They must further support a joint understanding process and collaborative interactions (Long et al., 
2021), such as sharing and combining information, while providing comprehensive details and main
taining clarity and navigability. We address these challenges by proposing a modular explanation design 
that spans four information categories (data, system details, usage, and context) from which users can 
select. Another challenge consists of validating explanation approaches qualitatively with the relevant 
stakeholder groups. Specifically, XAI research does not always include people from marginalized popu
lation groups, who are most likely to be affected negatively as decision subjects (Brown et al., 2019). To 
address this, we conducted two focus groups with decision subjects to include their perspectives and 
voices on AI systems in the public sector.

To examine the role of explanations in supporting AI novices’ understanding and deliberation, we 
present the findings of a task-based interview study with 43 participants, involving 8 focus groups and 
12 single interviews. For this study, we used an explanation design comprising 36 single explanations 
in question-answer pairs. These explanations are organized into the four categories: data, system details, 
usage, and context, and further assigned to subtopics and levels of detail (Figure 1). Participants used 
these explanations to solve the study tasks and decide whether to deploy a public AI system (Figure 3). 
We used an employment scoring algorithm that is connected to previous work on AI systems in 
employment (Lopez, 2019; Niklas et al., 2015; Scott et al., 2022). Our analysis examines participants’ 
self-reported understanding, decision confidence, and perceptions of key information. We further con
ducted a thematic analysis of how participants interacted with explanations in both settings. The study’s 
procedure, methods, and analysis approach are guided by the following research questions:

[RQ1] Explanations: How does a question-driven, modular explanation design support AI novices’ 
understanding in groups and individual settings?

[RQ2] Deliberation: How do AI novices use explanations to form opinions and make decisions about 
AI systems?
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Our findings suggest that explanations support both individual and group settings but develop differ
ent understanding facets: individuals better applied their knowledge in the study tasks, while groups 
built contextual understanding by exchanging information, perspectives, and anecdotes. Group success 
further depended on social dynamics: productive dynamics enabled knowledge sharing, correction, and 
constructive disagreement, while negative dynamics led to discouragement and abandoned understand
ing. We thus find that to support AI novices in deliberation, explanations should surface relevant infor
mation early, include value and norm considerations, encourage scrutiny, and, when possible, combine 
individual and group settings to leverage the benefits of both. Our contributions include i) an in-depth 
account of how AI novices use explanations to understand an AI system and deliberate its deployment, 
identifying interaction benefits and drawbacks of individual and group settings; ii) an analysis of which 
types of explanations participants requested most often and perceived as most important; iii) recom
mendations for facilitating understanding and opinion formation in group settings; and iv) a question- 
driven, modular explanation approach that accommodates different levels of detail and is suitable for 
both individual and group settings. We envision that this work can provide valuable starting points for 
future XAI research that examines how explanation design and social setting interact to support AI 
novices in understanding and forming opinions of public AI systems.

2. Background and related work

This section describes how our work is embedded in human-centered explainable AI and outlines the 
main challenges and approaches to designing explanations for AI novices. It further introduces the two 
main lenses of analysis to answer our research questions: understanding and deliberation.

2.1. Human-centered explainable AI

Explainability is often described as a cornerstone of responsible AI systems (Thiebes et al., 2021), as 
explanations can enable stakeholders such as domain experts and decision subjects to understand 
(Langer et al., 2021) and contest AI decisions (Alfrink et al., 2023). A similar focus is set by the domain 
of human-centered AI (Capel & Brereton, 2023), which proposes to build AI systems that 1) are based 
on user-experience design and stakeholder engagement, and 2) empower rather than replace people by 
being controllable and autonomy-preserving (Donghee Shin, 2023; Shneiderman, 2022; Xu, 2019). 
These principles become especially important in high-risk settings (European Commission, 2024), such 
as employment (Ammitzbøll Fl€ugge, 2021; Scott et al., 2022), immigration (Bansak et al., 2018), or 
criminal justice (Chouldechova, 2017), where erroneous or nontransparent algorithmic decisions can 
cause severe harm to decision subjects (Raji et al., 2022). In response to these risks, the domain of 
human-centered explainable AI (HCXAI) examines how explanations can contribute to “equitable and 
ethical Human-AI interaction” (Ehsan et al., 2023b). It assumes that transparency alone is not enough 
to make AI systems explainable (Ananny & Crawford, 2018), but that explanations need to consider 
the system’s social context (Wenzelburger et al., 2024), its lifecycle (Dhanorkar et al., 2021), and its dif
ferent stakeholder groups (Ehsan et al., 2023b). In the context of this work, human-centered explain
ability is achieved by testing and validating a design approach intended to support AI novices in 
understanding AI systems and making informed decisions about their deployment in public institutions 
(Z€uger & Asghari, 2023).

2.2. Designing explanations for AI novices

Most people who interact with AI systems in public institutions are lay people or AI novices: “users 
who [might] use AI products in daily life but have no (or very little) expertise on machine learning sys
tems” (Mohseni et al., 2020). In this study, the term denotes users who may be familiar with common 
AI applications, such as generative chat or translation systems, but have little to no understanding of 
their technical foundations, including machine learning or symbolic, rule-based techniques. In contrast, 
AI practitioners are stakeholders with experience developing, creating, or technically interacting with 
AI systems and their underlying models (Liao et al., 2020). Explanatory methods such as LIME 
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(Ribeiro et al., 2016), SHAP (Lundberg & Lee, 2017), and surrogate models (Molnar, 2025) are typically 
tailored to AI practitioners and presuppose technical knowledge, and hence often fail to meet the needs 
of AI novices. Addressing novices’ needs requires understanding how non-experts understand and per
ceive AI systems. Prior HCI research has analyzed lay understandings to examine user perception of 
algorithmic systems (DeVito et al., 2018; Eslami et al., 2016). Similarly, XAI research has begun explor
ing the information needs of AI novices to design explanations for broader audiences (Schmude et al., 
2025). However, few explanation designs fully adopt the perspective of AI novices (Cheng et al., 2019; 
Szymanski et al., 2021). In the following, we summarize current approaches to AI novices’ information 
needs and explanation design practices.

Regarding information needs, qualitative research shows that AI novices value information about a 
system’s context and purpose (Kawakami et al., 2024; Schmude et al., 2025) and about the deploying 
institution (Brown et al., 2019). In addition to information about system mechanics and outputs, 
explanations for AI novices also require normative information, such as justifications for design choices 
(Biran & McKeown, 2017). Regarding information coverage, prior work argues that transparency does 
not equal understanding (Ananny & Crawford, 2018) and that providing all available information is 
not an effective explanation strategy. Empirical studies show that “white-box” explanations can improve 
objective understanding2 but may overwhelm non-experts and reduce perceived understanding (Cheng 
et al., 2019). Later work (Bove et al., 2024) found the opposite effect, attributed to differences in appli
cation domains, suggesting that information quantity should be context-dependent. Regarding explan
ation format, Szymanski et al. (2021) found that while lay users preferred visual explanations, they 
performed better with textual ones. Other studies confirm this discrepancy and suggest that compre
hension varies with demographics and domain knowledge (Ehsan et al., 2024; Shulner-Tal et al., 2023; 
Wang & Yin, 2021). Adapting explanations to the target audience may be addressed through personal
ization (Conati et al., 2021; Shulner-Tal et al., 2023), whereby explanations are suited to stakeholder 
role (Langer et al., 2021), prior knowledge (Schmude et al., 2025), beliefs (Miller, 2019), and explana
tory stance (Byrne, 2023; Keil, 2006). Additional considerations include the explanation’s purpose 
(Freiesleben & K€onig, 2023) and the user’s familiarity with AI (Kramer et al., 2018). The explanation 
design presented in this study was informed by the approaches described here by, e.g., covering both 
mechanistic and normative information and allowing for a degree of personalized selection regarding 
topics and detail levels.

2.3. Question-driven explanation design

The explanation design in this study follows a question-driven design process introduced by Liao et al. 
(2021), which grounds explanation design in questions posed by end users. The process is composed of 
four phases: question elicitation, question analysis, mapping questions to modeling solutions, and 
design and evaluation. Although many XAI toolboxes exist, designers still face challenges in selecting 
appropriate explanation methods for specific use cases, as available methods are often designed for 
developers, whose interpretability questions differ from those of other user groups (Schmude et al., 
2025). User-centered approaches such as question-driven design seek to bridge this mismatch between 
existing explanation methods and user needs, known as the “sociotechnical gap” in XAI (Ehsan et al., 
2023a).

For this study, we draw on question elicitation and analysis from prior work (Liao et al., 2020; 
Schmude et al., 2025) to construct a set of user questions that the explanations should address. We 
compiled information from multiple sources documenting the employment prediction algorithm 
(Allhutter et al., 2020; Scott et al., 2022), resulting in a collection of “scavenged” (Wieringa, 2023) 
material. To map this information to user questions, we followed two approaches. First, we adopted 
design guidelines by Lim and Dey (2009), which propose that context-aware applications should pro
vide information about system mechanisms, situational context, and inputs and outputs. Second, we 
drew on information categories identified in an interview study with 24 AI novices (Schmude et al., 
2025), which grouped information needs into four categories: data, system details, usage, and context. 
While data and system details address questions about training data, inputs, workings, and outputs, 
usage and context address what Lim and Dey (2009) describe as “situation,” namely the system’s 
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operation and deployment context. These four categories represent updated versions of those proposed 
by Lim and Dey (2009), adapted to the needs of AI novices.

We further applied principles of explanation soundness (fidelity, complexity) and completeness 
(coverage, density) (Chatti et al., 2022; Guesmi et al., 2024; Kulesza et al., 2015) by introducing sub- 
topics and a hierarchy of explanation levels. Combining question-driven explanations, levels of detail, 
and user-controlled information selection supports modularity and interactivity (Cheng et al., 2019; 
Guesmi et al., 2024; Schmude et al., 2023) and enables adaptation of explanations to users’ needs 
(Conati et al., 2021; Shulner-Tal et al., 2023). Section 3.3 describes how these principles were imple
mented in the final explanation design.

2.4. Analytical lenses: Understanding and deliberation

In the following sections, we introduce understanding and deliberation as the primary analytical lenses 
for this paper. Section 3.6 then operationalizes them for the evaluation of the explanation design and 
settings.

2.4.1. Individual and collaborative understanding of AI systems
Improving understanding of an AI system is the primary goal of explanations, as understanding enables 
assessment (e.g., fairness) (Langer et al., 2021) and action (e.g., contestation) (Henin & Le M�etayer, 
2022) for stakeholders. However, understanding has many definitions (Baumberger et al., 2017; Grimm, 
2019; Keil, 2006; Zagzebski, 2019). We draw from learning sciences, cognitive sciences, and XAI to 
define understanding as i) connecting and applying information (Baumberger et al., 2017; Grimm, 
2019), ii) attempting to grasp underlying structure through simplification (Zagzebski, 2019), iii) com
prising multiple facets that include analytical and emotional connections to information (explain, inter
pret, apply, take perspective, empathize, self-reflect) (Wiggins & McTighe, 2005), and iv) forming a 
“working” understanding by recognizing and filling gaps until deemed sufficient (Keil, 2006). Because 
understanding is difficult to define and measure (Sato et al., 2019), recent work proposes an abilities- 
based approach (Speith et al., 2024), aligned with learning-science operationalizations (Wiggins & 
McTighe, 2005). We examine understanding by analyzing which facets participants use to grasp the 
algorithmic system, their performance in the study task, and their confidence in the deployment deci
sions (Section 3.5).

While individual understanding is well studied in XAI (Chen et al., 2023; Cheng et al., 2019; 
Schmude et al., 2023; Wang & Yin, 2021), group understanding has received less attention (Chiang 
et al., 2023). Cognitive science has examined distributed cognition (shared cognitive load) (Hollan 
et al., 2000) and outsourcing (Keil, 2006) (delegating understanding) as effective mechanisms in collab
orative settings, such as navigation (Keil, 2003). These require “cognitive symbioses with mutually sup
porting roles” (Keil, 2006), i.e., a constructive working dynamic. Similarly, educational psychology 
shows that peer discussion (Smith et al., 2009), collaborative reasoning (Moshman & Geil, 1998), and 
aggregated knowledge (Navajas et al., 2018) let groups perform better than individuals. Group perform
ance, however, depends on interaction dynamics (Nokes-Malach et al., 2015): failures may originate 
from increased memory load and disrupted retrieval (losing train of thought), while success involves 
shared ground and the combination of task-relevant information. Thus, while it is not clear from the 
outset whether groups are better for learning than one-on-one settings (Bloom, 1984), their advantages 
of sharing cognitive load and exchanging perspectives likely supports solving complex problems and 
evaluating AI system deployment.

CSCW research has long examined collaborative settings, group composition, and interaction 
(Convertino et al., 2008; Fiesler et al., 2019; Sutcliffe, 2005). XAI research has only recently begun to 
consider explanations for group interactions, noting that “many-to-one” interactions differ from “one- 
to-one” due to group dynamics, cognitive bias amplification, and trust issues (Naiseh et al., 2024). 
Recent cognitive science research further explores how including AI systems in teams affects cognition 
and interaction, described as teamness (Cooke et al., 2024). These works examine trust, performance 
(Myers et al., 2024), and shared mental models (Narayanan et al., 2025), but assume that an autono
mous AI act as an equal team member. Although prior XAI work comparing individual and group 
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understanding in AI-assisted decision-making found little difference (Chiang et al., 2023), how groups 
use explanations in collective reasoning thus remains underexplored. This study addresses this gap by 
focusing on human-only teams tasked with deciding about AI deployment to empirically compare 
explanation effects on AI novices’ understanding in group and individual settings.

2.4.2. Deliberating on AI systems
Deliberation, meaning informed reasoning and decision-making, builds on understanding (de Fine 
Licht & de Fine Licht, 2020) and enables citizens to debate public-sector AI proposals and their conse
quences (Kawakami et al., 2024; Z€uger & Asghari, 2023). Habermas (1991) defines deliberation as the 
exchange of rational-critical arguments aimed at finding solutions. Such arguments are grounded in 
truth or a shared understanding of reality, are open to judgment, and can be defended. This link 
between shared understanding and deliberation is central to our examination of explanation effects. 
Deliberation occurs across many domains shaping politics and social life (Lupia, 2024), including public 
referendums (e.g., Swiss federal and state laws (Swiss Confederation, 2025)), citizen forums on public 
issues (e.g., water supply in California (Innes & Booher, 2003)), and grassroots community initiatives 
(e.g., the right to repair movement (Collins et al., 2024)). These settings share that they involve social 
entities engaged with their environment and use deliberation and productive conflict to negotiate policy 
issues (Hajer & Wagenaar, 2003). Although such formats are imperfect and may incur cognitive biases, 
such as groupthink3 (Baron, 2005; Janis, 1971; Naiseh et al., 2024), they provide spaces for the public to 
gather, discuss, form opinions, and decide on public interests.

We argue that AI systems in public institutions constitute such public interests, captured by the 
term public interest AI. Z€uger and Asghari (2023) use this term to emphasize that public-sector AI sys
tems must demonstrate their benefits and meet obligations of justifiability, equality, openness to valid
ation, technical security, and emergence from a deliberative or co-design process. Identifying formats 
that support deliberation on public AI remains an open research challenge. Prior work has examined 
the use of mini-publics (Fung, 2003) for co-designing algorithmic policy (Lee et al., 2019b) and for sup
porting procedural justice in algorithmic resource allocation (Lee et al., 2019a). HCI research further 
shows that participatory formats can connect communities and institutions in public service transform
ation (Crivellaro et al., 2019). In XAI, studies indicate that group discussions facilitate critical analysis 
of AI recommendations and that presenting both pros and cons leads to more frequent and productive 
deliberation (Chiang et al., 2023). However, it remains to be explored how in-person collaboration sup
ports deliberation about deployment decisions for high-stakes public AI systems. We address this gap 
by implementing mini-publics as focus groups composed of three stakeholder groups: domain experts, 
decision subjects, and members of the general public. We compare deliberation processes across groups 
and against individuals’ “internal deliberation” in single interviews (described in Section 3.6) to derive 
insights on how explanation designs and social settings support AI novices in deliberating public AI 
systems.

3. Methods

In this section, we describe our methods and study procedure. We conducted a task-based, semi-structured 
interview study with 43 participants (Section 3.1), divided into 8 focus groups of 3–5 participants each and 
12 single interviews (Section 3.4). Participants were presented with the study’s algorithmically-supported 
employment prediction use case (Section 3.2) and a collection of explanations about the system employed 
in this use case (Section 3.3). Participants then solved four tasks concerning the algorithmic system’s hand
ling of a fictional job-seeker and decided about the system’s deployment (Section 3.5). The study closed 
with an interview, lasting 90–120 min for focus groups and 60 min for single interviews. We analyzed indi
vidual and collective interactions, including explanations, self-reports, and deliberation processes (Section 
3.6). The University of Vienna’s Research Ethics Committee approved this study under reference 01189.
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3.1. Participants

3.1.1. Recruitment
Tables 1 and 2 provide an overview of the study participants. Recruitment partially focused on individuals 
with prior contact to the job agency, either professionally or personally. Participants were recruited through 
cooperation with civil society organizations, an employment agency, public calls for participation, and the 
authors’ extended network. For focus groups, the authors contacted staff from these organizations, as identi
fied in previous studies, or used general inquiry channels to describe the study and invite participation. 
Interested organizations all offered to support the recruitment process by coordinating with the authors to 
select and invite potential participants, and to arrange a suitable location and time for the studies. Groups 
A, B, C, E, F, G, and H were organized this way. Group D was recruited through the authors’ network and 
consisted of individuals who had previously been job-seeking. For individual studies, participants were 
recruited using the same channels, and calls for participation were further advertised on screens and infor
mation boards throughout different city districts. All studies were conducted in person, either in an office 
or in public spaces. Participants were compensated with 30e for participation in focus groups (90–120 min) 
and 20e for single interviews (60 min). Our approach to organizing, composing, and moderating focus 
groups was informed by Krueger (2004). Concerning the participant sample size, we are guided by research 
on qualitative methods, which suggests that the number of participants should be determined by code and 
meaning saturation (Hennink et al., 2017).

3.1.2. Recruitment criteria
Participants were required to be of full legal age and AI novices, i.e., to have no technical knowledge 
about machine learning systems as described in Section 2.2. These criteria were screened in a pre-ques
tionnaire before invitation to the study using two questions: “How would you rate your knowledge of 
algorithms?” and “How would you rate your knowledge of artificial intelligence (AI)?” Each question 
could be answered on a scale corresponding to “no knowledge at all” to “professional and detailed 
knowledge.” Here, the first question elicited technical knowledge, as participants familiar with AI tools 
might have rated their AI expertise as high but were unlikely to have knowledge of algorithms without 
a strong technical interest or background.

Table 2. Details on the study participants in the single interviews.
ID Age Education Occupation ID Age Education Occupation

S1 74 University Retired S7 40 University Job trainer
S2 29 A-levels Nurse S8 43 University Rehabilitation counselor
S3 28 University Social counselor S9 44 University Social center manager
S4 29 University Doctoral student S10 52 University Rehabilitation counselor
S5 37 University Administrative staff S11 59 University Social center manager
S6 28 University Job-seeking S12 39 University Education program manager

Table 1. Details on the study participants in the focus groups.
Group ID Age Education Occupation Group ID Age Education Occupation

Group A A1 63 University Retired Group F F1 48 A-levels Job-seeking
A2 69 Secondary school Retired F2 35 n/a Job-seeking
A3 63 Vocational school Retired F3 49 A-levels Job-seeking
A4 70 Vocational school Retired F4 50 Vocational school Job-seeking

Group B B1 46 University Social counselor F5 48 A-levels Job-seeking
B2 76 A-levels Retired Group G G1 37 University Executive staff
B3 46 University Social counselor G2 49 University GDPR officer
B4 70 A-levels Retired G3 44 Secondary school Training counselor

Group C C1 60 Apprenticeship Personnel counselor G4 58 University Executive staff
C2 60 University Personnel counselor Group H H1 37 University Team lead
C3 51 Apprenticeship Job trainer H2 56 Apprenticeship Job trainer

Group D D1 65 University Business consultant H3 45 University Job trainer
D2 53 University Retired H4 43 University Job trainer
D3 52 University Business consultant H5 60 University Administrative staff

Group E E1 36 University Graphic designer
E2 32 Apprenticeship Job-seeking
E3 40 Apprenticeship Job-seeking
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Participants were asked about their knowledge of and experience with AI systems through interview 
questions at the beginning of each study. Most participants were familiar with services based on large 
language models, including chatbots, machine translation services, and search tools, but were unfamiliar 
with algorithmic decision-making systems such as the study’s use case. Participants who had worked as 
counselors or trainers, such as those in Groups B, C, and H, reported being aware of efforts by public 
institutions to automate services through the use of software. However, the systems in question were 
described as implementing symbolic, rule-based models by matching users to specific job profiles based 
on certain keywords, following a different logic than the system used in the study.

3.1.3. Group composition
Participants were selected to be representatives of one of three roles: domain experts, decision subjects, 
or members of the general public. We define domain experts as individuals who are competent in the 
field for which the AI system is used, such as job counselors or advisors (groups B, C, G, and H). We 
define decision subjects as individuals who may be impacted by the system’s decision, such as job 
seekers and those who have previously been job seeking (groups E and F). All remaining participants 
are considered members of the general public and were included to test changes in explanation effects 
and participants’ perceptions (groups A and D). A similar classification of roles was applied to the 
recruitment individual participants. Here, S1, S2, S4, and S5 were recruited in their roles as past deci
sion subjects, as they had been job-seeking the past and reported on the study’s topics from this experi
ence. S3, and S6 to S12 were recruited as domain experts who had professional experience in 
interacting the Public Employment agency.

3.2. Use case: The AMS employment prediction algorithm

3.2.1. Description
The AMS algorithm4 is a system developed to calculate the employability of job-seekers in Austria. It 
was created by a private company for the Austrian Public Employment Agency between 2015 and 2021 
but was never used as a live system and put on hold in 2021 due to privacy objections (Allhutter et al., 
2020). The system uses a logistic regression model trained on historical data to predict job-seekers’ 
employment chances based on demographic features (such as age, education, nationality, etc.) and 
work history. The outputs are a short-term and long-term employment score for each job-seeker 
(Gamper et al., 2020). These scores would serve as recommendations for the job-seekers’ counselors at 
the employment agency to assist in deciding about suitable support measures. Counselors could over
write the system’s predicted scores of job-seekers but would need to give a reason for doing so 
(Allhutter et al., 2020; Holl et al., 2018). More information is provided in Supplementary Appendix A.

3.2.2. Choice of use case
Algorithmic tools that assist in assessing job-seekers and resource allocation have been deployed in 
various countries, including Germany (Bundesagentur f€ur Arbeit, 2021), Poland (Niklas et al., 2015), 
and the Netherlands (Desiere & Struyven, 2021). However, the introductions of these applications also 
repeatedly led to sociotechnical conflicts (Scott et al., 2022). The deployment of the AMS algorithm was 
motivated by three overarching goals: a) increasing consultation efficiency, b) increasing support meas
ure effectiveness, and c) reducing arbitrariness (Gamper et al., 2020). Detailed reports warned that 
counselors might over-rely on the algorithm or hesitate to overrule its suggestions (Allhutter et al., 
2020). Further, the algorithm’s model and underlying data structure were predicted to discriminate 
against marginalized groups, who would lack the option to contest the system itself (Lopez, 2019). 
Transparency and ongoing scrutiny of the algorithm were listed as necessary measures to prevent these 
risks (Allhutter et al., 2020). As the AMS algorithm represents a larger class of algorithmic decision- 
making systems that spark public debate around their deployment in public institutions (Raji et al., 
2022), it exemplifies how AI systems become matters of public interest and presents a suitable use case 
for our study.
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3.3. Explanation design

3.3.1. Description
The explanation design comprises 36 question-answer pairs about the AMS algorithm. Each question 
belongs to one of four categories, data (format, content, limitations), system details (features, model, 
examples), usage (operation by and interaction with users), and context (intention of deployment, target 
group, responsible actors). Each category is further divided into topics with three levels of increasing 
detail (base level, level 2, level 3). Every explanation takes the form of an A5 paper sheet and contains a 
question (e.g., “Who operates the system?”) answered with a brief text or image (cf. Figure 2). The answers 
to the questions were manually compiled from the information that was gathered about the AMS algo
rithm, as described in Section 2.3. Information is presented in various formats, primarily relying on text
ual content and utilizing highlighting, colors, and illustrations to emphasize key points. During the study, 
participants first received an overview of the explanations (Figure 1) and the four base explanations, and 
could request levels 2 and 3 at any time during the explanation phase (as depicted in Figure 3). The 
explanations were provided on paper to allow participants to interact with them physically and to facilitate 
social interactions, such as exchanging, pointing, and reading to each other.

3.3.2. Design foundations
The explanation design is intended to allow the users to explore information in a flexible and self- 
directed manner. To this end, the design employs a modular structure, which divides the explanations 
into four information categories, each further subdivided into topics and three levels of detail (base 
level, level 1, and level 2). This structure provides information on every aspect of the AI system, ena
bling participants to select the most relevant content according to their information needs and prefer
ences. It further aims to avoid limitations of “groupware” systems (Mandviwalla & Olfman, 1994) by 
supporting both individual and collaborative interaction and by providing multiple user perspectives 
(e.g., domain experts, decision subjects).

The four information categories, data, system details, usage, and context are based on research on AI 
novices’ information needs and covers both technical and sociotechnical system aspects (Schmude 
et al., 2025). The subdivision of explanation categories into topics organizes the broad supply of infor
mation while accommodating different needs of information completeness and soundness (Kulesza 
et al., 2013) and introducing a degree of personalization (Chatti et al., 2022).

The division of explanations into levels of detail is inspired by design approaches of previous work 
(Guesmi et al., 2024) and is intended to signal to users that explanations have different levels of depth. 
Beginning with fundamental information at the base level, every subsequent detail level should reveal a 
new, yet increasingly peripheral or technical aspect of the topic. For instance, the base level of the topic 
“Examples” in category system details (Figure 1) simply introduces two different cases and their 
assigned employment probability. The second level presents a counterfactual through two cases that dif
fer in only one aspect: their gender. The third level introduces a personalized local explanation by invit
ing participants to calculate their own employability chance using the formula provided. In this case, 
these detail levels require an increasing level of technical literacy, hence serving to signal an increase in 
difficulty, as key aspects of the calculation were already communicated in the first levels. For the infor
mation categories usage and context, higher detail levels are not intended to include more complex 
information, but rather to include information that develops side aspects, such as the role of automa
tion bias and the system’s political background. However, assigning information to levels of detail is 
challenging and subject to interpretation. In our study, this separation produced specific issues that 
conflicted with the design intentions, which are described in Sections 4.1.2, 4.1.4, and 5.4.

Lastly, the explanation design includes several established explanation methods such as feature 
importance, local and global explanations, examples, counterfactuals, and argumentative approaches 
(Figure 2). Depending on the guiding question, different explanation methods are suitable to provide 
sensible answers. For example, the system’s feature weights are shown in the form of a global explan
ation, whereas a consideration of whether the system makes the work of counselors easier or harder is 
presented in an argumentative format. The explanation design thus organically implements various 
methods from explanation method taxonomies (Speith, 2022).
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Figure 1. Overview of explanations. Depicted is an overview of all 36 questions, which acted as the explanations and 
were organized into four categories: data, system details, usage, and context. Each category includes three levels of ques
tions, from basic to advanced. Participants received the base explanations at the beginning of the explanation phase, 
as indicated by the ticked boxes, and could request all other explanations at any time during the explanation phase 
using this overview.5

Figure 2. Four explanation examples. The figure shows examples of explanations in the four categories: data, system 
details, usage, and context, at different levels. The explanations provide information on data collection and structure, the 
system’s feature weights, the system’s impact on counselors, and the rights of affected individuals to contest decisions. 
Explanations were printed on sheets of A5 paper and could be either fully textual or contain visual elements, such as 
charts or colored shapes. Each category was given a different color and icon to facilitate navigation.
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3.3.3. Pilot studies
The concrete design of the explanations was iteratively designed and tested with three pilot focus 
groups composed of participants from the authors’ network of colleagues. The second and third focus 
groups included AI novices to improve comparability with the target participants. All focus groups 
were asked for their feedback on the selection of the four information categories, the formulation of 
the questions, the helpfulness of the answers, and whether any information was missing. Feedback 
from the first pilot group led to adaptations in the provision of explanations such that later detail levels 
would be available from the beginning instead of being revealed progressively; the inclusion of an 
explanation overview to guide navigation between categories and detail levels; the inclusion of a joint 
decision in the study process to encourage discussion within the group; format changes to the explan
ation design to introduce more visual information and reduce text volume. Feedback from the second 
and third pilot groups led to minor cosmetic changes in the explanation format as well as to small 
changes to the study procedure, such as an increase in the time provided for initial exploration of the 
explanations.

3.4. Study procedure

In the following, we describe the procedure in the focus group and single interview setting (depicted in 
Figure 3). Like previous work in XAI (Chiang et al., 2023), we conducted individual interviews and 
focus groups to compare how the social setting would affect participants’ understanding and deliber
ation processes. Self-report and interview questions are listed in Supplementary Appendix B.

3.4.1. Focus group procedure
Throughout the study, participants sat together with the investigator and could freely interact with each 
other. They first completed consent forms and questionnaires about demographics and knowledge 
about employment (domain knowledge) and AI systems (technical literacy). A round of introductions 
followed, during which each group member stated their name and described their most recent inter
action with AI to break the ice. The investigator then explained the study procedure and distributed a 
mock newspaper article introducing the AI use case (included in Supplementary Appendix A). 
Participants indicated their understanding, deployment decision, and confidence in their decision for 
the first time (3.5). The study’s explanation phase followed (including orientation, task, and decision 
phase), throughout which participants received and kept access to all explanations. Initially, the group 
received an overview of the explanations and all base-level explanations. All other explanations could 
be requested at any time. After 15 min, participants received task sheets and had another 15 min to 
complete them, deciding independently whether they wanted to work together or individually. Finally, 

Figure 3. Overview of the study procedure. The figure outlines the study procedure, beginning with a welcome, use- 
case introduction, and initial individual reports. Participants then entered the explanation phase, freely exploring explan
ations before completing the tasks, with focus groups additionally making a joint decision. Afterwards, participants com
pleted a second set of individual reports assessing understanding, decisions, decision confidence, and the influence and 
helpfulness of explanations (plus group dynamics for focus groups). The session concluded with a brief wrap-up. Focus 
groups and single interviews differed only in the explanation phase and the second individual report.
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the group had 10 min to make a joint decision on deployment (yes/no, with conditions allowed). 
A second round of individual reports followed, described in the next section, and then the investigator 
concluded the study. The focus group studies lasted approximately 90 min.

3.4.2. Single interview procedure
The majority of the study procedure remained the same in single interviews. However, the explanation 
phase did not include a group decision phase. Instead, the orientation and task phases were prolonged to 
20 min each to provide individuals with the same total time as focus groups to interact with the explana
tions. Participants in single interviews were asked to think aloud while reading through the explanations, 
except during periods of focused attention, to provide insights into their thought processes. The study 
investigator further asked intermittent questions about participants’ impressions and perceptions of infor
mation during the explanation phase. The individual study setting was included to analyze how under
standing processes changed depending on whether participants worked in a group or alone, and whether 
the explanation design would support both settings. Single interviews took around 60 min.

3.5. Study elements

This section provides descriptions and motivation for the study elements: the introduction of the use 
case, the explanation phase comprising orientation, tasks, and the group decision, and participants’ 
individual reports.

3.5.1. Use case introduction
Participants received initial information about the AMS algorithm in the form of a mock newspaper 
article inspired by an Austrian newspaper publication from 2019 (Szigetvari, 2018). The article provided 
key information about the system’s basic workings, goals, and deployment context and featured the 
opinions of employers and employee associations about its merits and risks. The presentation format 
was chosen to provide an introductory summary of the AI system, utilizing a familiar layout and non- 
technical language, while highlighting both the pros and cons of the system’s deployment. Thus, the 
article served as a basic introduction to the use case, which aimed to approximate the amount of infor
mation participants might receive through the media. This way, participants received a baseline of 
information with which to assess their initial understanding, the decision to deploy, and their confi
dence in that decision. Further, this introduction served to outline relevant aspects that could be 
explored using the explanations.

3.5.2. Explanation phase (orientation, tasks, and group decision)
For orientation, participants received the explanation overview (Figure 1) and base-level explanations (the 
first row of explanations in each category) and had 15 min (focus groups) or 20 min (single interviews) to 
become familiar with the structure and explore topics of interest. Explanations were provided as single A5 
sheets to promote the physical sharing and exchanging of explanations. Participants could freely decide 
which explanations to request and read, as well as whether to share and discuss the information with others.

For the tasks, participants received the case of Mr. Harald G.6, a fictional job-seeker with a brief 
backstory and a list of features. Participants had 15 min (for focus groups) or 20 min (for single inter
views) to complete four tasks related to this case. All questions could be answered with information 
from explanations in the different categories and levels of detail. Whereas tasks 1, 3, and 4 required 
locating information, task 2 could be solved in two ways (aside from guessing): by either giving an esti
mate based on the rough weightings in the system details base explanations or calculating the precise 
employment score. Participants could access and request all explanations and discuss possible solutions. 
These were the four tasks (correct answers underlined):

Task 1: Can Harald change the data stored about him (e.g., to correct it)? (yes / no)
Task 2: In which group of employment chances does the system categorize Harald? (high (>66%) / 

medium (<66% & >25%) / low (<25%))
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Task 3: Which support measures will Harald receive? (qualifying measures, such as courses and train
ing / stabilization and increased supervision / none)

Task 4: Can Harald appeal against this decision? (yes / no)

For the group decision, focus group participants had 10 min to discuss the system’s deployment and 
were asked to collectively decide whether to accept or reject it. This was intended to simulate a small 
referendum in which each participant’s vote counted toward the final outcome. If no consensual deci
sion was reached in time, participants were asked how they thought the situation should be resolved 
(e.g., by a majority vote). They were further informed about the option to specify conditions for the 
system’s deployment.

3.5.3. Individual reports I and II
Participants were asked for individual reports before and after the explanation phase. At both points, 
participants reported understanding (5-point scale), deployment decision (yes / no), and decision confi
dence (5-point scale) to examine the effect of the explanation phase. In report II, participants also 
reported the explanation categories that were most helpful for their understanding (multiple-choice) 
and those that had the most influence on their decisions (multiple-choice). Focus group participants 
also reported their perceived inclusion in the group and the influence of the discussions on their deci
sions (using 5-point scales). During report II, the investigator asked participants interview questions 
about their interaction with the explanations, understanding processes, prioritized information, and 
situational aspects. The list of interview questions is included in Supplementary Appendix D.

To prevent influence between participants’ reports, individual reports in focus groups were conducted 
anonymously and re-assigned by the study examiner using a color-coded reporting system (Figure 4). 
Each participant was assigned a color and given the complete material for all individual reports. For each 
reporting question asked by the study investigator, participants took the corresponding paper slip from 
their materials, wrote their answer, and placed it in a gathering container that hid it from view. Due to 
this process, each participant held only the reporting material relevant to themselves, which avoided 
potential mix-ups and prevented them from seeing how other participants responded to the reports. The 
gathered reporting material was recorded by the investigator at the end of the study.

3.6. Analysis

All focus groups and interviews were audio-recorded and transcribed. These transcripts provided the data 
basis for the thematic analysis. Participants’ individual reports, task solutions, decisions, and the investiga
tors’ field notes provided further data for within- and between-subject comparisons of understanding and 
decision-making. A summary of metrics and analysis methods used is provided in Table 3.

Figure 4. Material for individual reports of participants. The figure depicts the reporting materials used by participants 
to answer questions during the individual reports I and II. The material was provided as laminated paper slips in differ
ent colors. Slips that were numbered with letters a to f (A) were used to report on questions using 5-point likert scales 
for understanding, confidence, inclusion in group, and influence of group discussion, and were answered by writing a 
number between 1 and 5. Slips with icons (B) served as a selection of the most helpful and influential explanation cate
gories, and participants were asked to select any number of icons. Slips with decisions (C) served as voting ballots for 
deployment decisions and were answered by ticking yes or no.
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3.6.1. Thematic analysis
For both research questions, we conducted a thematic analysis (Braun & Clarke, 2006) of participants’ 
articulations to develop a qualitative account of their understanding and decision-making processes. 
The first author conducted an initial inductive coding of the transcripts and derived preliminary 
themes. All authors then discussed and refined the codebook, after which the revised codes and themes, 
as well as the deductive frameworks, were reapplied to all transcripts in a second pass. The resulting 
inductive code base was structured along the overarching categories of understanding, deliberation 
(including decision-making processes and arguments), opinions (e.g., regarding AI and policy choices), 
and experiences (e.g., anecdotes and lived situations). The full codebook is provided in the 
Supplementary Appendix. We highlight that while the quantitative items in participants’ self-reports 
characterize the diversity of participants’ perceptions and facilitate qualitative exploration (Weiss, 1995), 
they are not intended to invoke “inference [ … ] of greater generality” (Maxwell, 2010) nor impose a 
mental model based on variance theory (Patton, 1990).

3.6.2. RQ1-explanations
RQ1 focuses on the explanations’ impact on participants’ understanding of the study’s use case 
and the differences between individual and group settings. We employ a triangulation approach 
(Carter et al., 2014) by using three methods to analyze the effect of explanations on participant 
understanding. Firstly, comparing participants’ individual reports before and after the explanation 
phase was a subjective indicator of changes in their understanding and decision confidence. 
Secondly, participants’ answers to the four study tasks indicated their factual or testable under
standing. Lastly, participants’ verbal reports during and after the explanation phase were used to 
analyze their understanding processes and barriers thematically. In a deductive analysis, we com
pared their interactions to mechanisms of “collaborative success and failure” (Nokes-Malach et al., 
2015) and the “six facets of understanding” (Wiggins & McTighe, 2005). With this three-part 
combination, we examined participants’ subjective understanding, their information gain, and the 
cognitive processes of their understanding. This choice was motivated by educational psychology 
research indicating that understanding cannot be solely elicited through test questionnaires (Sato 
et al., 2019), but involves emotional (Wiggins & McTighe, 2005) and meta-cognitive processes 
(Veenman et al., 2006) that are equally important. Our focus on understanding is motivated by 
previous XAI research, which highlights the importance of understanding in decision-making 
processes (Hoffman et al., 2023; Langer et al., 2021; Donghee Shin, 2023).

3.6.3. RQ2-deliberation
RQ2 focuses on how participants formed opinions about the AMS algorithm, weighed the pros and 
cons of its deployment, and settled on a deployment decision. To this end, we compare participants’ 
decision confidence before and after the explanation phase. We further conduct an inductive and 
deductive thematic analysis of participants’ interactions in both settings to connect them to the 
“elements of deliberation” (Stromer-Galley, 2007) – a set of characteristics of deliberation processes. 
Based on this, we analyze when participants used arguments (grounded, defensible positions), opinions 
(personal judgments on things, values, states), and personal experiences (Mercier & Landemore, 2012; 
Stromer-Galley, 2007) to consider the system’s deployment. For single interviews, we examine partici
pants’ responses to interview questions during the study to examine their reasoning process and 
“internal deliberation” (Mercier & Landemore, 2012). Lastly, to account for one of the most prevalent 
cognitive biases in group settings, we examine focus groups for occurrences of groupthink (Baron, 
2005; Janis, 1971) – an effect that sets in when concurrence-seeking in groups overrides realistic argu
mentation and discussion.

3.6.4. Summary of analyses and metrics
Table 3 summarizes the analysis methods and metrics used in the study, describes the corresponding 
analysis targets, and maps them to the study procedure.
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4. Results

This section presents our results, answering our research questions: How question-driven, modular 
explanations7 support understanding in individual and group settings (RQ1, Section 4.1) and how 
AI novices used explanations to form opinions and decide about the system’s deployment (RQ2, 
Section 4.2). The participant labels denote the study setting (focus group: A–H / single interviews: 
S) and the participant ID, as listed in Tables 1 and 2. To distinguish themes in the analysis, induct
ive themes are italicized, while “deductive themes” are put in quotation marks. Block quotes from 
participants are italicized, and block quotes from focus groups are color-coded to visually represent 
speakers. All interviews were conducted in German, and quotes were translated into English.

4.1. RQ1-explanations: How does a question-driven, modular explanation design support AI 
novices’ understanding in groups and individual settings?

To examine how AI novices used the explanations to understand the study’s use case, we analyzed their 
self-reports, articulations, and interactions in both settings. We found that each setting supported dif
ferent aspects of understanding, suggesting a tradeoff between them. We first describe how the explana
tions contributed to shared understanding and “collaborative success” in groups (4.1.1) and continue 
with the explanations’ role in instances of “collaborative failure” (Nokes-Malach et al., 2015) (4.1.2), 
summarized in Figure 5. We then describe individuals’ interactions with the explanations (4.1.3), partic
ipants’ feedback on the explanation design (4.1.4), and summarize the benefits and drawbacks of both 
settings for XAI (4.1.5).

4.1.1. Groups’ benefits: Shared understanding and increased engagement
In the best cases, groups leveraged the modular explanation structure to utilize distributed cognition (Keil, 
2003), whereby participants process information in parallel and then combine it, thereby supporting inter
active team cognition, which involves creating knowledge through team interactions. Our analysis focuses 
on the exchanges and interactions between team members, following the premise that “team cognition is an 
activity, not a property or a product” (Cooke et al., 2013). We use the term shared understanding to capture 
interactions that realize these forms of cognition. Examples of such interactions included locating informa
tion together, sharing information with others, discussing interpretations, debating task solutions, and query
ing and explaining (a question by a group participant invites other participants to contribute their 
thoughts). The explanations were only afforded to this set of interactions within groups, as they required 
social interaction with other participants. For example, in Group C, participant C1 read the first study task 
aloud and asked for input (querying), after which the group discussed solutions (explaining):

Table 3. This table summarizes the targeted concepts, metrics, and analysis methods used in the study.
Concept to be measured Metric Study part

Self-reported understanding Likert-Scale Individual reports Iþ II (two times)
Deployment decision Yes / no decision Individual reports Iþ II (two times)
Decision confidence Likert-Scale Individual reports Iþ II (two times)
Participant understanding Task performance Explanation phase: tasks (Harald G’s case)
Explanation category helpfulness Multiple choice Individual reports II
Explanation category influence on decision Multiple choice Individual reports II
Felt inclusion in group Likert-Scale Individual reports II
Influence of group discussion on decision Likert-Scale Individual reports II

Concept to be measured Analysis method Study part

Participant understanding Inductive thematic analysis Explanation phase, individual reports II
Participant understanding Deductive thematic analysis Explanation phase, individual reports II
Deductive framework: facets of understanding (Wiggins & McTighe, 2005)
Participant interaction experience Inductive thematic analysis Explanation phase, individual reports II
Participant interaction experience Deductive thematic analysis Explanation phase, individual reports II
Deductive framework: Collaborative success and failure (Nokes-Malach et al., 2015)
Participant deliberation Inductive thematic analysis Explanation phase, individual reports II
Participant deliberation Deductive thematic analysis Explanation phase, individual reports II
Deductive framework: Elements of deliberation (Stromer-Galley, 2007), internal deliberation (Mercier & Landemore, 2012), groupthink (Baron, 2005)

The study parts correspond to the study steps depicted in Figure 3 and described in Section 3.5. For every mention of deductive thematic 
analysis, the table also describes the theoretical frameworks employed.
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C1 Can Harald change the data stored about him? Yes, he can certainly change it, can’t he? [ … ]

C3 Which stored data, the one down there? [points at Harald’s demographic features]

C1 Yes, just that.

C3 49 – no, male – no. The apprenticeship – no, Austria – he can still change that. Duty of care – he could 
get married or have children. He could change his service sector. He could change his career. Impairment …

C1 Well, what is meant by ‘change’? When he enters the data, he can change the data. He doesn’t have to 
specify the knee problem. [ … ]

C3 So he can change it.

C2 Yes.

Cognitive mechanisms of collaborative success. Interactions such as querying and explaining and dis
cussing interpretations rely on cognitive mechanisms of collaboration between participants, such as 
“sharing working memory resources,” “complementing others” knowledge’, “re-exposing information,” 
and “correcting errors.” These cognitive mechanisms are aspects of “collaborative success” (Nokes-Malach 
et al., 2015) and provide groups with multiple ways to tackle explanations. For example, participants 
tended to work through information about usage and context alone or in pairs but raised explanations 
with the group when they were difficult to understand or piqued their interest. This was often the case 
with explanations of system details, which included numerical information crucial to understanding the 
system’s calculations. We describe the process of using others’ understanding to close gaps in one’s own 
understanding as outsourcing (Keil, 2006). Since understanding AI systems involves interacting with a var
iety of different information categories (e.g., technical, political, social), outsourcing provides a way to 
hand information to the team member most competent in this category. For example, in Group B, B2 
expressed their appreciation for B30s help in solving study task 2: “It was a math problem. You [B3] filtered 
it out well. It was very analytical. With your help, we were able to recognize these weak points.” In contrast 
to querying and explaining, which participants used to invite input or spark conversation, outsourcing was 
thus used for the active delegation of an impeded understanding process into the group.

Social mechanisms of collaborative success. The explanations further served to support mechanisms 
of collaboration by encouraging the group to share their personal experiences and opinions about cer
tain aspects of the AI system. We present an excerpt from Group G as an illustration, which was com
posed of participants in leadership roles of a social institution. Here, participant G4 shared an 
explanation that documented the algorithm’s impact on two job-seekers (“joint management of 
attention”), which prompted G2 and G3 to discuss interpretations (“increased engagement”). This inter
action established “common ground” that the group later used for deliberation:

G4 That’s bad, the two of them. Look, “What chances would the system calculate for Martin and Schifteh?”

G2 Schifteh is probably worse off, isn’t she?

G4 Schifteh has a 30% chance of employment and Martin 52%, even though Schifteh has a degree and would 
be working in the IT sector. And Martin has compulsory schooling and works in the cleaning sector. Martin’s 
chances of employment are almost twice as high as Schifteh’s. [ … ]

G3 I think that’s a bit weird. [ … ] Because if she can speak English very well and has the specialist 
knowledge that our IT sector needs …

G4 She even gets two minuses for living in Favoriten [a city district]. [ … ]

G1 Yes, and here you have it in writing, I’ll have to look at that too.

Role of explanations in supporting collaborative success. Addressing both sides of collaboration, cog
nitive and social, is an important aspect in supporting the interactions that create interactive team cognition 
(Cooke et al., 2013). When explanations support both sides of collaboration, they can thus be a key driver 
in developing shared understanding. We argue that the set of interactions termed shared understanding, 
which is enabled through the combination of our explanation design and the team cognition of groups, 
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presents a valuable pathway to help AI novices understand algorithmic systems. These interactions can be 
especially useful when group members have different domain expertise and information needs, as the group 
can then use complementary knowledge and outside perspectives to make sense of information. At the 
same time, these interactions are partly dependent on the group dynamic. Positive interactions like those 
described were especially frequent in Groups G and H (job counselors and trainers), where participants 
knew and trusted each other. To provide counterexamples, the next subsection describes instances where 
groups encountered challenges in understanding, illustrating the importance of social mechanisms.

4.1.2. Groups’ drawbacks: Process loss and susceptibility to social dynamics
In some of the focus groups, participants lost track of information, forgot their train of thought, or 
abandoned understanding altogether. We summarize these effects under the term impeded understand
ing and its final result as abandoned understanding.

Factors in impeded understanding. We found that impeded understanding occurred due to explanation 
design flaws and co-occurred with adverse social dynamics, resulting in “process loss” (groups falling short 
of their potential performance (Kerr & Tindale, 2004)). For some participants, the benefits of the explana
tions’ modular structure turned into disadvantages when it hampered them in navigating and retrieving 
information. Such impeded interactions included cumbersome information uptake, being overwhelmed by 
information, and relying on intuition over information. Furthermore, for some participants, the group set
ting exacerbated these impediments. For example, participant B3 stated that “For me, it doesn’t make sense 
to [ … ] split up [the explanations], and everyone reads a part, that’s actually not enough.”

Mechanisms of collaborative failure. This assertion aligns with the preposition that interactive team 
cognition is located in the exchanges between group members, “rather than the static properties of their 
shared knowledge structure” (Cooke et al., 2013). Therefore, impediments in group understanding can 
be connected to mechanisms of “collaborative failure” (Nokes-Malach et al., 2015). When groups 
encountered difficulties interacting with the explanations, they also incurred a “memory coordination 

Table 4. Reported understanding and task performance.
Focus groups

ID Und. I Und. II Change Task performance ID Und. I Und. II Change Task performance

A1 2 2 0 � � �� F1 2 4 12 � � ��

A2 1 2 11 � � �� F2 1 4 13 � � ��
A3 4 4 0 � � �� F3 5 2 23 � � ��

A4 4 4 0 � � �� F4 3 3 0 � � ��

B1 4 2 22 � � �� F5 4 4 0 � � ��

B2 4 2 22 � � �� G1 5 5 0 � � ��
B3 5 5 0 � � �� G2 3 2 21 � � ��

B4 2 3 11 � � �� G3 5 2 23 � � ��

C1 4 4 0 � � �� G4 5 4 21 � � ��

C2 2 2 0 � � �� H1 4 5 11 � � ��
C3 1 3 12 � � �� H2 4 5 11 � � ��

D1 4 3 21 � � �� H3 4 4 0 � � ��

D2 4 3 21 � � �� H4 4 5 11 � � ��

D3 4 4 0 � � �� H5 4 4 0 � � ��
E1 3 4 11 � � ��

E2 3 3 0 � � ��

E3 4 4 0 � � ��

Single interviews

ID Und. I Und. II Change Task Performance ID Und. I Und. II Change Task Performance

S1 5 5 0 � � �� S7 4 4 0 � � ��

S2 4 2 22 � � �� S8 3 4 11 � � ��

S3 4 4 0 � � �� S9 5 5 0 � � ��
S4 4 4 0 � � �� S10 4 3 21 � � ��

S5 5 4 21 � � �� S11 4 4 0 � � ��

S6 1 4 13 � � �� S12 2 4 12 � � ��

This image displays a table summarizing changes in participants’ understanding and task performance in focus groups and single interviews. It 
includes columns for each participant’s ID, two reports of understanding (labeled “und. I” and “und. II”), the change between these reports, and task 
performance. The “change” column shows how participants’ ratings shifted, color-coded to indicate whether the change was positive (green), neutral 
(orange), or negative (red). Task performance is represented with dot patterns, where a higher number of dots indicates better performance.
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cost” (increased cognitive load) and a “retrieval strategy disruption” (losing their train of thought). We 
illustrate these mechanisms with an example from Group G. Although this group was composed of par
ticipants with university education, it did not succeed in calculating the employment chance for Study 
Task 2, in contrast to single-interview participants with the same education.

G4 We can go through the features briefly. Where is the piece of paper with this terrible matrix? [ … ]

G2 I still don’t understand which value to put. To calculate it, I need an exact value for the weighting.

G1 You can calculate it with this. The apprenticeship has 52%. I believe that he [Harald] has over 25%.

G3 Yes, definitely, I mean, roughly speaking …

G1 She [Shifteh] has over 30%. And she also has 2 minuses [ … ] and a plus.

G3 That’s also how I estimated it. [ … ]

G2 But how do you calculate it? [ … ] And why are there differences between the general weighting and the 
exact calculation? That doesn’t click for me right now.

Explanations’ role in impeded understanding. Here, the levels of detail in the explanations acted 
against participants’ understanding by obscuring the actual feature weights, which were first accessible 
in level 2 of system details. In the explanations base level, feature weights were encoded with plus and 
minus signs in the intention to make them easier to read and avoid information overload as observed 
in previous work on “white-box” explanations (Cheng et al., 2019). While this was an advantage in 
other cases, this form of encoding reduced the clarity of the explanations and obscured information in 
the excerpt above. This issue may be resolved through improved navigation, but it highlights the chal
lenge of simplifying information without omitting key aspects.

Adverse group dynamics are a key driver of abandoned understanding. Importantly, impeded under
standing alone did not mean that collaboration failed altogether; rather, it depended on how groups 
dealt with understanding issues. Here, key aspects were group cohesion (Kerr & Tindale, 2004) and 
constructiveness (Niculae & Danescu-Niculescu-Mizil, 2016). In groups where members didn’t know 
each other from before, and mutual trust was not yet established, the group dynamic gave room to 
negative social mechanisms, such as “social loafing” (group loses motivation) and “fear of evaluation” 
(being criticized by others), and participants began to abandon understanding.

Having problems with understanding something naturally causes a feeling of embarrassment 
(Rozenblit & Keil, 2002). So, to share understanding problems with someone else, one must be able to 
trust the other person. Therefore, while positive group dynamics allow participants to make understand
ing issues a group activity to be resolved collectively, if participants do not trust the group dynamics, they 
would rarely raise their understanding issues with others. Consequently, if an explanation text appeared 
unintelligible to a member of a group, but this member did not trust the dynamic enough to engage in 
collaborative mechanisms, they abandoned the effort to understand this specific explanation, and perhaps 
any explanation at all. This means that when group members are too embarrassed or uninterested to share 
their lack of understanding, and they begin to fight for themselves, this signifies the breakdown of collab
oration and interactive team cognition (Cooke et al., 2013). Limiting these negative dynamics and pro
moting mutual trust is therefore an essential goal of both the explanation design and social setting.

We found examples of these adverse social dynamics most frequently in Groups E and F, which were com
posed of job-seekers. Participants had trouble engaging with the explanations and abandoned interactions 
and understanding by saying: “Probably [you can solve it] with that, but I don’t know, I’m too stupid for that.” 
(E3) or “I don’t know what I should say. Everything has already been said.” (F2). Here, two things failed: The 
explanations failed to make crucial information accessible, and the group failed to uplift members who were 
discouraged. Interactions that offset this discouragement, such as locating information together and outsourc
ing, were not realized in Groups E and F. Co-design approaches could make explanations more suitable for 
decision subjects and lower the understanding barriers, as demonstrated with public servants (Weitz et al., 
2024). Further, XAI should employ methods that foster a productive social dynamic, which we identify as the 
second key aspect to support “collaborative success” and shared understanding (Figure 5).
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4.1.3. Why individuals performed better in the study tasks but still felt the absence of collaboration
Despite the different advantages and disadvantages that group and individual settings offer in learning 
contexts (Section 2.4.1), these differences are rarely examined empirically in XAI. We address this gap 
by comparing in-person focus groups and single interviews to examine whether the social setting 
impacted participants’ understanding. We use a triangulation approach (cf. Section 3.6) by investigating 
participants’ understanding with respect to three aspects: interactions with the explanations, task per
formance, and self-reported understanding.

Explanation interaction. Participants in single interviews tended to request the same number or more 
explanations than focus groups on average, despite having less working memory at their disposal. 
While generally, participants with higher education requested more explanations throughout groups 
and individual studies, individual interview participants nevertheless tended to request a larger volume 
of explanations than any group member on their own. Regarding the cognitive load, S5 described: 
“Well, maybe [it was overwhelming] at the very beginning [ … ] But I then realized that I could get 
through it to some extent.” Single interview participants also regularly consumed explanations in bulk, 
i.e., read through the whole of an explanation category rapidly. This interaction was nearly nonexistent 
in focus groups. However, single interview participants often stated that they missed the “exchange with 
people, with other perspectives” (S3). S8 explained that this exchange would allow for a different form of 
understanding:

I think that, on your own, you can think about it very intensely and [ … ] make up your own mind. But 
that’s also the disadvantage, making up your own mind. Others may have completely different thoughts and 
a different professional background. And that would probably have been an exciting exchange. (S8)

Task performance. Participants in single interviews performed better or equally well in the study tasks 
compared to groups with a similar educational background (Table 4). Task performance refers to the 
number of correctly answered questions in the study’s fictional job-seeker scenario (Section 3.5). A pos
sible explanation is that participants in single interviews engaged more intensely with the study tasks, 
as they often calculated the exact employment chance of Harald G. in study task 2. None of the focus 
groups completed this step, irrespective of education, but rather made educated guesses. This might be 
explained by the degree of focused attention the settings afforded participants. As single interviews 
incurred no distractions, participants could immerse themselves in the explanations.

Inductive analysis of understanding. Most participants in both group and individual settings reported 
unchanged understanding after the explanation phase (Table 4). Paradoxically, the same participants 

Figure 5. Both explanations and social dynamics are key factors for collaborative performance. This figure depicts a 
conceptual model of how collaborative success and failure mechanisms shape group interactions and their outcomes. 
At the center, explanations and the social dynamic act as forces that can either contribute to collaborative success or 
failure. On the left, productive interactions, such as jointly locating information and discussing interpretations, lead to 
shared and working understanding through cognitive and social success mechanisms like complementary knowledge, 
engagement, and perspective negotiation (Nokes-Malach et al., 2015). on the right, cumbersome or overloaded informa
tion uptake reflects failure mechanisms, such as memory costs and social loafing (Nokes-Malach et al., 2015), leading to 
impeded or abandoned understanding. From the perspective of XAI, both explanation and social dynamics are thus 
important aspects to keep in mind when designing explanations for groups in collaborative settings.
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verbally stated that their understanding improved. E3 commented: “I don’t think I understood it the 
way you can understand it yet, but it’s definitely better than before.” And S3 explained that: “I would 
still say my understanding is “good,” but this “good understanding” is much more informed now than the 
first superficial one.” This indicates that participants tended to judge their understanding relative to the 
information available, not necessarily in relation to their previous report. We describe this process as 
calibrating understanding. Previous research in cognitive science has documented similar effects (Keil, 
2006), which were also reproduced in an XAI study on white-box explanations (Cheng et al., 2019). In 
total, participants’ verbal reports, their feedback on the explanations (described in the following 
Section), and the calibration process itself indicate that the explanations in fact improved understand
ing. Including additional measures, such as information gain, could further capture the calibration pro
cess, which is discussed in Section 5.2.

Deductive analysis of understanding. To compare individual and group interactions with the explana
tions, we lastly draw from the “six facets of understanding” (Wiggins & McTighe, 2005). The frame
work describes that understanding is represented by the ability to “explain, interpret, apply, take 
perspective, empathize, and self-reflect” with respect to a topic. The more facets are covered, the better 
the understanding. Seeing that individuals seemed to have an advantage in solving the study tasks 
(when compared to groups of equal educational background) suggests that the individual setting sup
ported the “apply” facet. In contrast, the group settings often led participants to “explain” information 
to others, to “interpret” it by expressing their views and opinions, to “take perspective” by articulating 
criticism, and to “empathize” through the sharing of anecdotes and experiences. As explanations aim to 
improve understanding of a given AI system, combining both settings to cover more facets of under
standing could thus be a fruitful approach. Furthermore, explanations for individuals can benefit from 
information that addresses facets typically dependent on social interaction. Our design aimed to imple
ment this through explanations such as What chance would the system calculate for me? (interpret: 
making it personally relevant), and How could the system make the work of counselors easier or more 
difficult? (take perspective: provide multiple angles and arguments).

Synthesis of individual and group settings. Previous work in HCI has found that group interaction 
boosts task performance compared to individual settings (Karadzhov et al., 2023). In our study, individ
uals surprisingly performed better in the study tasks than groups, but also stated multiple times that 
they would appreciate the opportunity to exchange information with others. Part of the discrepancy in 
performance may be attributed to age and educational differences between groups and individual par
ticipants; however, even limiting the comparison to participants with similar demographics (e.g., S7-S12 
to Group G and H) still surfaces differences in explanation interaction, developed understanding facets, 
and number of explanations requested. Further, group settings provide advantages for team cognition 
and reciprocal encouragement, as described in Sections 4.1.1 and 4.1.2. We argue that both group and 
individual settings can contribute to participant understanding and should ideally be combined. In par
ticular, focused attention can facilitate the application of information, while shared understanding and 
the exchange of opinions and arguments (Section 4.2) aid encouragement, reflection, and collective 
action. Considering this tradeoff between settings can inform how explanations can be combined with 
social settings to cover as many facets of understanding as possible.

4.1.4. Reflections on the explanation design: Modularity, levels of detail, and most important 
information
To examine how the explanation design was received, we asked participants for feedback on the explan
ations’ structure, content, style of expression, and information coverage. These questions were asked as 
part of an interview, to which participants responded with verbal statements. In groups, each member 
was invited to contribute their feedback openly, allowing all group members to discuss the statements 
in conversation. We report and summarize the participants’ criticisms as a basis to formulate design 
improvement suggestions in Section 5.
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Strengths and weaknesses of the design. Positive comments described the explanations’ structure as 
“nicely presented” (A2, C2) and “good to get an overview” (C3, H4) while being “active and controllable” 
(S8). Critical comments described the information coverage as “too much” (D1, S4), and the structure as 
“confusing” (B1, D1) and “demanding” (D2). Participants saw the design’s strengths in its four-category 
structure, question-driven presentation, active selection, and information scope. However, the scope and 
depth of information also led to information overload and loss of overview. Furthermore, the explana
tions’ numerous and complicated texts were described as “very difficult” (E2, F2). E2 compared the lan
guage to “letters [ … ] from the court. I understand every single word, but I don’t understand the context.” 
Previous work has found that explanations which heavily rely on a textual format can effectively convey 
information but tend to raise aversion with users (Schmude et al., 2023; Szymanski et al., 2021). However, 
Weitz et al. (Weitz et al., 2024) paradoxically found that users preferred textual over graphical formats, as 
they could “work faster with text.” This highlights the need for further research on textual formats in XAI, 
such as the automated adaptation of text to different levels of difficulty.

Most helpful and influential information. Participants in focus groups stated that all explanation catego
ries helped their understanding and influenced their decision evenly (Figure 6), often mentioning that “all of 
them [are relevant] … I don’t think you can leave anything out, really” (D3). In contrast, participants in single 
interviews found data much less helpful and less influential, stating, e.g., that they prioritized another cat
egory in the time available. Notably, participants emphasized that two categories were central: system details 
and context. System details were perceived as “tangible” (S6) and “concrete” (S8), and explanations about the 
features and weighting were perceived as especially important: “That is the central point, the basis of the whole 
system.” (G4) In turn, explanations from the category context were requested the most (Figure 7). Here, par
ticipants appreciated explanations that described the decision subjects’ inability to contest decisions and the 
system’s political background. Drawing from the concept of “intelligibility types” (Lim & Dey, 2009), we 
argue that system details provided descriptive information to the question “What did the system do? ,” while 
context provided normative information to the question “Why did the system do [this]? .” Future research 
should investigate how both types of information can be integrated into explanations for AI novices.

Figure 6. Most helpful explanation categories for understanding and most influential categories for participants’ deci
sions. Depicted are bar charts comparing participants’ reports on which categories of explanations (data, system details, 
usage, and context) they perceived as most helpful for understanding (left) and most influential for their decisions 
(right). Participants could select any number of explanation categories for both questions, including none and all four. 
Focus group participants found all categories helpful for understanding, but reported that system details were more 
influential in their decisions. Participants in single interviews found data both less helpful and less influential and priori
tized other categories in the given time (Section 3.3).
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4.1.5. Summary RQ1-explanations: How does a question-driven, modular explanation design sup
port AI novices’ understanding in groups and individual settings?
The findings in this section indicates tha explanations can support both individual and collective settings 
but differ in the understanding they develop. In groups, we found that explanations facilitated interactions 
that produced shared understanding and involved cognitive and social mechanisms of “collaborative 
success” (Nokes-Malach et al., 2015). When the social dynamic was trusting, this collaboration of partici
pants acted against discouragement. When groups had a negative social dynamic, the explanation design 
could become overwhelming, and understanding issues were left unchecked, leading to “process loss” 
(Kerr & Tindale, 2004) and abandoned understanding. Participants in single interviews interacted with the 
explanations in a more focused and self-directed manner, which had advantages for task performance and 
engagement with the explanations. However, the positive effects of aggregated knowledge (Navajas et al., 
2018) and peer discussion (Smith et al., 2009) in group settings should not be disregarded. Our findings 
showed that group settings can help bridge understanding issues by boosting morale and allowing partici
pants to share knowledge, interpretations, and experiences. We thus argue that individual and group set
tings support different understanding facets (Wiggins & McTighe, 2005), meaning that they provide 
different grounds for understanding AI systems. While individual settings can make it easier to under
stand technical and numerical details that require much attention (“apply”), group settings can support 
understanding of the deployment context and consequences through the exchange of expertise and lived 
experiences (“interpret,” “take perspective,” “empathize”). Consequently, individual and group settings 
should be combined to leverage their different modes of interaction and understanding facets when 
explaining AI systems. In cases where both social settings cannot be provided, explanations of AI systems 
should aim to reinforce facets that are not covered in the corresponding setting.

4.2. RQ2-deliberation: How do AI novices use explanations to form opinions and make decisions 
about AI systems in groups and individual settings?

Before and after the explanation phase, participants decided if the study’s case should be deployed, and 
groups additionally made a collective decision (Table 5). We compared participants’ decisions and deci
sion confidence, as well as their deliberation process, to examine the impact of explanations and the social 
setting on deployment. We first describe participants’ confidence and decision changes in single 

Figure 7. Number of explanations requested. Depicted is a bar chart displaying the count of explanations requested 
per study across group (left) and individual (right) settings. The categories of explanations, data, system details, usage, 
and context, are stacked to show the total number of explanations requested in each session. Horizontal reference lines 
indicate the median of requested explanations in the group and individual settings. While groups were able to process 
many explanations by splitting the reading, several single interview participants went through equal or even higher 
counts. Context explanations were the only category requested in every study.
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interviews (4.2.1) and then present three cases of group discussion illustrating “elements of deliberation” 
(Stromer-Galley, 2007), including reasoned arguments (4.2.2), disagreement (4.2.3), and groupthink 
(4.2.4). Section 4.2.5 summarizes the findings.

4.2.1. Explanation phase led to increased decision confidence and decision swings
For most participants, deciding about the AMS algorithm’s deployment was a clear choice: 7 out of 8 
groups and the majority of single participants voted “No” (Table 5). Many participants reported 
increased decision confidence after the explanation phase and stated that they felt better informed due 
to the explanations and, where applicable, the group discussion. Reasons for these increases included a 
better understanding of the system’s “fundamental idea” (S4) and the “exchange of different opinions 
and things that catch your eye” (G2). Participant B3 emphasized that the explanations, although they 
only contained factual information, provided a stark contrast to public narratives:

Well, I changed my mind – you think you understand something when you see it in the media. You have a 
political opinion about it. But you don’t know the background information. And when you get to the 
background information, you can have a completely different opinion. (B3)

This contrast highlights how explanations of an AI system can impact decision-making by correcting 
lay understandings (DeVito et al., 2018) and is in line with previous work that demonstrates how making 
both the model’s workings (Lee et al., 2019b) and its context of use (Weitz et al., 2024) visible to users can 
be helpful to tackle lay understandings. It further directly connects the explanations and changes in partic
ipants’ decision confidence. Few participants reported decreased decision confidence, and only S3 and S11 
reported a stronger decrease of −2 (Table 5). S3 explained that the system might have benefits, but it 
depended too much on the conditions for deployment. In particular, it should be deployed “responsibly, 
with a pilot project, in a selected group, for three months,” and not haphazardly, where “you sit around for 
a day or eight hours and then training is finished” (S3). S11, who together with S3 requested the most 
explanations out of all participants, paradoxically stated that their confidence decreased because “I’m still 

Table 5. Individual and collective decisions about deploying the study’s use case.
Focus groups

ID Decision I Group decision Decision II Decision conf. ID Decision I Group decision Decision II Decision conf.

A1 No Yes 0 F1 Yes Yes 0
A2 No

Yes
Yes 11 F2 Yes Yes 21

A3 Yes Yes 11 F3 Yes No No 11
A4 No Yes 0 F4 No No 21
B1 No No 13 F5 Yes Yes 21
B2 Yes

No
No 0 G1 Yes Yes 11

B3 Yes No 12 G2 No
No

No 0
B4 Yes No 13 G3 Yes No 0
C1 No No 21 G4 No No 11
C2 No No No 0 H1 No No 11
C3 No Yes 12 H2 No No 11
D1 No No 11 H3 No No No 13
D2 No No No 0 H4 No No 0
D3 No Yes 0 H5 No No 11
E1 No No 0
E2 No No No 0
E3 No Yes 21

Single interviews

ID Decision I – Decision II Decision Conf. ID Decision I – Decision II Decision Conf.

S1 Yes – Yes 0 S7 No – No 13
S2 No – No 21 S8 No – No 0
S3 No – No 22 S9 No – No 11
S4 No – No 11 S10 Yes – Yes 0
S5 Yes – No 12 S11 Yes – No 22
S6 No – No 12 S12 No – No 11

The tables summarize individual and group decision patterns as well as decision confidence ratings for both focus groups and single inter
views. The columns list participants’ IDs, their initial decision (decision I), the group decision where applicable, their subsequent decision 
after the explanation phase (decision II, colored red when changed), and a color-coded confidence score indicating positive (green), neutral 
(yellow), or negative (red) change. In most focus groups, decision confidence increased after the explanation phase, with the exceptions of 
groups E and F (Section 4.1.2). In single interviews, participants’ confidence increased except for S3 and S11, who explained that their confi
dence decreased due to strong adjustments to their mental models of the use case (Section 4.2.1).
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missing so much information. Especially [ … ] how tedious it is for the counselors if they have to disagree 
with the system.” In consequence, S11 changed their decision from “Yes” to “No.” Notably, this fear of an 
algorithmic imprint was a prevalent theme throughout all studies and was often connected to past experi
ences with digitization projects and the corresponding institutional deficiencies. S5, who also changed 
from “Yes” to “No,” similarly stated that the explanations helped them to scrutinize the system: “You don’t 
have to introduce anything that’s extra bad.” While the explanations thus made the decision more uncer
tain for some, they undoubtedly encouraged critical reflection about the use case and triggered decision 
changes. Despite only having “their own mind” (S8), single participants could make use of the explana
tions to weigh pros and cons and adjust their mental model. This form of “internal deliberation” is sup
ported by exposure to different views, as provided through argumentative explanations in usage and 
context. This suggests that explanations can substitute at least small parts of public deliberation, which is 
thought to be the more salient driver for “reasoning towards good outcomes” (Mercier & Landemore, 
2012). To contrast these findings with those from focus groups, we illustrate public deliberation with three 
conversation excerpts that showcase elements of deliberation in the focus groups.

4.2.2. Case 1 - Reasoned arguments: Group B discusses whether to deploy the system
Group B consisted of staff members and volunteers from a civil society organization. Three participants 
in this group changed their votes from “Yes” in the first report to “No” in the second report. We found 
this change to be driven by three main deliberation elements (Stromer-Galley, 2007): “sourcing” infor
mation, “reasoned arguments” (opinion claims grounded in the information), and “engagement” with 
the topic and between participants. In the excerpt, B2 and B3 weigh pros and cons of deployment. B3 
grounds their arguments in explanations about the system’s features and weightings (system details), 
changing the discussion’s course:

B2 I’m skeptical, but I’m still in favor of introducing it. Because it could be an aid and a relief for the staff 
working there.

B3 I was originally in favor of these reasons, but since I’ve seen these parameters, I would be very much 
against it. Because I think there’s a lot of ideology in it. I think it’s no longer acceptable that men are favored 
over women and that the duty of care only applies to women. This comes from a time that should be long 
gone.

B2 Those are strong arguments.

B3 The things that come out are so absurd as well. For example, Harald’s apprenticeship was rated positively, 
but he can’t even use the apprenticeship for retraining. [ … ] As much as I like the idea, I don’t like the 
parameters.

B1 Did you vote yes first?

B3 I ticked yes at first, but I was really shocked at what was in there [in the system]. [ … ]

B1 What I’m wondering is, what would be the real benefit of introducing the system? [ … ]

B4 It’s a grid, a structure for the people who work at the agency, so that they can quickly find a box.

The excerpt highlights how the explanations led B3 to change their deployment decision and served as 
discussion triggers. In the resulting discussion, participants state both arguments (discrimination, what’s 
the benefit?) and opinions (disagreement with policy choices, AI can assist in decisions). Note that there is a 
difference between arguments (expression of reasoning processes that can be defended against critique) 
and opinions (expression of the speaker’s belief) (Mercier & Landemore, 2012; Stromer-Galley, 2007). 
While conceiving arguments to persuade interlocutors can result in confirmation bias (interpreting evi
dence such that it confirms existing beliefs) (Mercier & Sperber, 2011), the fact that B3 changed their atti
tude, in fact, indicates that the explanations acted against this bias. We argue that the excerpt thus shows 
a positive synergy in that the explanations provided grounds for “arguments,” which entered the discus
sion and provoked “collective reasoning” and three decision swings. However, considering the large argu
mentative influence of B3, it should also be considered how the discussion would unfold if B3 had 
advocated for deployment. A case with comparable dynamics is described in Section 4.2.4.
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4.2.3. Case 2 - Disagreement: Group D debates normative positions regarding the algorithmic rep
resentation of people
Group D consisted of participants who had previously been job-seeking. When the group discussed the 
AI system’s deployment, the conversation shifted to how features representing job-seekers’ profiles 
should be selected and weighted. This produced disagreement, an “important marker for deliberation” 
(Stromer-Galley, 2007) that displays heterogeneity of viewpoints, acts against polarization, and involves 
close examination of others’ reasoning. In the excerpt, D3 argues for the system’s deployment, while 
D1 argues against, and D2 acts as a mediator:

D3 I believe that the system can form the initial basis, based on the unalterable facts, which are of course 
weighted, but then it has to be enriched by a human being. [ … ]

D1 But I don’t believe that there are unalterable facts – well, not in this area. It’s all a question of 
representation and the lens through which you see the world.

D3 When the job-seeker says, ‘I only have four years of elementary school’, then that’s four years of 
elementary school … [ … ]

D2 That doesn’t mean that he can’t still be a very educated person.

D3 But that is hard to sell to an employer, right? [ … ]

D2 I’m skeptical about the data. You [D3] said it’s the ‘basis’, I think there are cracks in this basis. And I’m 
afraid [ … ] that something will be pre-determined …

D3 But the human decision is always subjective.

D2 That has to be weighed up. On the one hand, you have the arbitrariness of the individual employee, yes, 
and on the other hand, you have an incomplete picture of a person.

D1 Or a false image.

D2 An incomplete one, I would say.

The group here discusses diverging views and expresses opinions. While these opinions are meant to per
suade and defend, they are grounded in lived experiences rather than in the explanations. The central con
flict develops between D1’s belief that the system misrepresents reality and D30s viewpoint that it can 
increase objectivity and assist in decisions. The discussion did not lead to a consensus on the deployment 
decision within the given timeframe, but resulted in a majority vote of “No.” We argue that it still illustrates 
an important process in the deliberation on public AI systems: Participants again “sourced” information 
that was turned into arguments, but the debate led to a more fundamental topic that surfaced discrepancies 
which would impede finding a collective decision. The fact that participants then engaged in 
“disagreement” is a sign of productive deliberation, as it shows that there were diverse viewpoints, that no 
polarization or “groupthink” (Janis, 1971) occurred, and that the proposal was closely examined based on 
the information given (Stromer-Galley, 2007). In a real setting, this form of debate could serve as a fruitful 
basis to investigate whether the system is in the “public interest” (Z€uger & Asghari, 2023) and to host 
“early-stage deliberations” (Kawakami et al., 2024) on the system during development. The merit of this 
debate was further acknowledged by D1, who found the explanations confusing but stated that these 
exchanges were the study’s “centerpiece” and most intriguing part. We argue that the interplay between 
explanations and group discussion here supported a (simulated) evidence-informed policy-making process 
(Mair et al., 2019).

4.2.4. Case 3 - Groupthink? Group a follows a minority position and votes for system deployment
Group A was composed of volunteers from a civil society organization. Three participants in this group 
changed their decisions, shifting from “No” to “Yes” after the explanation phase. We explain these 
changes in three aspects: First, Group A focused on the explanation category data and interacted minim
ally with other categories. This meant that less attention was paid, for example, to the system’s feature 
selection and weightings, which were decisive in Cases 1 and 2. Second, participants of Group A stated 
that they were not directly affected by the system, as they were retired, implying low “engagement”: “It 
doesn’t affect me anymore and I think to myself, yeah … ” (A1). Third, participants prioritized group 
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concurrence above a “careful, critical scrutiny” (Janis, 1971). The following excerpt illustrates the tipping 
point for the collective decision:

A3 I still think the system is better, even if there are still mistakes in it, than sitting opposite someone [a 
counselor] who doesn’t like you … [ … ]

A2 So rather ‘no’?

A1 Yes, as A3 says, it’s … I don’t know.

A3 Yes and no … [ … ]

A2 I mean, it can’t be avoided, it will happen. I’m convinced of that, whether we like it or not, it’s done.

A1 It won’t affect us anymore, at least not in the employment office. [ … ] I agree with the majority.

A2 But that’s difficult now.

A3 I’ll stick with ‘yes’. My daughter would say I shouldn’t think so negatively, especially when it comes to 
AI. [ … ]

A2 I say ‘yes’ too. [ … ] You, A1 and A4, can tip the scales.

A1 I say ‘yes’ now too, but not because I’ve changed my mind, but because I want an overall solution.

A4 I say ‘yes,’ but I’m leaning towards ‘no’.

Despite their articulated reservations, all participants ultimately decided to vote in favor of deploy
ment. We compared this excerpt with characteristics of “groupthink,” a “mode of thinking” in which 
people value concurrence higher than consideration of alternative courses of action (Janis, 1971). This 
mode produces defective decision-making processes due to three key aspects: strong social identification 
with the group, salient norms, and a perceived low self-efficacy to make the decision (Baron, 2005). 
The excerpt clearly demonstrates two of these aspects: A1 changes their decision due to a desire for 
group harmony, and A4 follows suit (group identification). Further, both A1 and A3 express their 
uncertainty and sway between options (low self-efficacy). While A2’s statement that AI is inevitable is 
an opinion rather than an argument (neither “sourced” nor the product of evident reasoning), it trig
gers the group to make a quick decision that disregards any remaining disagreement.

Notably, even though participants in Group A were colleagues in their volunteer roles, their usual roles 
within the civil society organization did not involve making collective decisions in a professional capacity. 
Consequently, the lack of familiarity with such decision-making processes could mean that participants 
had less experience in tolerating constructive disagreement processes, which are vital to deliberation 
(Stromer-Galley, 2007). This point is emphasized when comparing the deliberation processes to those of 
groups composed of colleagues with experience in making team-based decisions, which involved disagree
ment while maintaining positive group dynamics, as seen, for example, in Groups B, C, and H.

However, although the conversation excerpt shows aspects of “groupthink” (Janis, 1971), such as 
rationalizations of flawed logic and self-censorship, these aspects are not nearly as pronounced as in 
the literature (Baron, 2005; Janis, 1971; Janis, 1972). For example, the group did not share an illusion 
of unanimity, and the uncertainty among participants suggests that there were no guiding, salient 
norms. Still, as participants avoided “disagreement” and instead followed decisions of others, the excerpt 
presents a suboptimal deliberation process (Baron, 2005). In part, this can be attributed to the explana
tion’s failure to make all fundamental information easily available and to not encourage analytical 
thinking over intuitive, heuristical thinking (Buçinca et al., 2021). In addition, groups might benefit 
from explanations that highlight opposing viewpoints to fuel discussion. The implications of these find
ings are discussed in Section 5.

4.2.5. Summary RQ2-deliberation: How do AI novices use explanations to form opinions and make 
decisions about AI systems in groups and individual settings?
The findings in this section demonstrate how explanations supported deliberation in focus groups and 
single interviews. Many participants reported improved decision confidence and changed their deploy
ment decisions based on the explanations, often due to a disillusionment regarding the AMS algorithm’s 
assumed merits. These changes occurred in both settings, suggesting that the explanations supported 
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public and internal deliberation (Mercier & Landemore, 2012). In groups, participants used explana
tions when discussing deployment, as illustrated in Case 1. Case 2 further highlights that explanations 
surfaced discrepancies in personal beliefs and produced productive conflict. In contrast, Case 3 shows a 
deployment decision based more on concurrence-seeking than on “collaborative reasoning” (Moshman 
& Geil, 1998). However, we hesitate to label the exchange as “groupthink,” as it does not align with all 
factors that characterize the phenomenon (Baron, 2005). Based on these findings, we argue that explan
ations can support people in considering if AI systems are in the public interest and to discuss “whether 
and under what conditions to move forward with developing or deploying” them (Z€uger & Asghari, 
2023). To achieve this, both the explanations and the group setting need to i) be designed so that they 
allow for the easy sourcing of information for arguments, ii) make all relevant information available as 
soon as possible, and iii) include mechanisms that encourage participants to examine both the proposal 
and their positions closely. Matching explanations and social setting to support “elements of deliber
ation” (Stromer-Galley, 2007) thus presents promising starting points for future research on how 
explainable AI can promote public deliberation on AI.

5. Discussion

In this section, we discuss how our findings address our two main research questions: whether a ques
tion-driven, modular explanation design supports the understanding of AI novices in both group and 
individual settings (RQ1), and how AI novices utilize these explanations to deliberate about AI systems 
(RQ2). We describe the advantages of both social settings for explainable AI, outline which real-world 
use cases would benefit from our explanation design, discuss whether the explanations improved under
standing, and provide suggestions for their design improvements. We summarize the implications of 
our findings in Figure 8.

5.1. Do AI novices learn and deliberate about AI better together or individually?

5.1.1. Explanations in individual and collective settings
In Section 4.1, we described that explanations produced shared understanding in groups, involving both 
cognitive and social mechanisms of “collaborative success” (Nokes-Malach et al., 2015). Section 4.2 further 
showed that explanations improved participants’ decision confidence and provided grounds for different 
elements of deliberation (Stromer-Galley, 2007), such as reasoned arguments and disagreement. In the 
best cases, focus groups in our study had a familiar (Johnson & Johnson, 1985) and solution-oriented 
(Niculae & Danescu-Niculescu-Mizil, 2016) atmosphere that facilitated the sharing and discussion of 
information. In these settings, the modular explanation structure showed its strengths by allowing for the 
distribution of tasks among group members, providing high levels of detail and breadth if needed, and 
offering different viewpoints that could be used as argumentative and conversational starting points. In 
this sense, the explanations fulfilled their aim of supporting learning and deliberation about a public AI 
system (Kawakami et al., 2024). The interaction between group members is the differentiating factor com
pared to “one-to-one” (Naiseh et al., 2021) explanation settings. In our study, single interviews allowed 
for more focused engagement with explanations and a form of “internal deliberation” (Mercier & 
Landemore, 2012) but lacked the exchange of knowledge and perspectives with others that is deemed cen
tral for deliberation about public AI (Z€uger & Asghari, 2023). Regarding learning and deliberation, XAI 
would thus benefit from researching how group settings can be used to leverage collective reasoning 
(Moshman & Geil, 1998), wisdom of the crowds (Navajas et al., 2018), and performance increases through 
peer discussion (Smith et al., 2009). However, the benefits of group settings have several preconditions, 
such as the containment of cognitive biases (groupthink (Janis, 1971), equality bias (Naiseh et al., 2024)) 
and, crucially, a trusting social dynamic (Chiang et al., 2023).

5.1.2. Importance of group dynamics
Social dynamics were essential for the realization of either collaborative success or failure in focus 
groups, and were shaped by group composition (e.g., occupational background, age, familiarity among 
group members) and interaction (e.g., affirmation, encouragement, disagreement, perceived hierarchy). 
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In groups G and H, for example, the social dynamic bridged understanding issues of individual partici
pants and acted against discouragement. In groups E and F, in contrast, these understanding issues 
eventually led participants to abandon understanding, as the social atmosphere did not support them in 
overcoming them. Here, a lack of trust or simply unfamiliarity between participants likely led partici
pants not to share understanding issues openly, which resulted in impeded or abandoned understand
ing. This underscores the importance of creating trust between group members in collaborative XAI 
settings (Johnson & Johnson, 1985) and of treating composition and social dynamics as conditions that 
support or impede collective outcomes. Intuitive measures could be the introduction of a simple task 
that the group solves collaboratively before engaging with explanations, such as the Wason card selec
tion task (Wason, 1968). Another measure could be the introduction of explanations that introduce 
opposing viewpoints to encourage changes in perspective and facilitate discussion, as has been done 
with LLM-generated conversational explanations that acted as “devil’s advocate” in previous work 
(Chiang et al., 2024). Complementary methods may include facilitation to manage turn-taking, prompts 
that surface the voices of quieter participants, and deliberate composition to ensure diversity of per
spectives. Future work could thus examine how explanations can be designed to work with and support 
different social dynamics and how the information structure presented here could be combined with 
LLM-based explanations to contribute to team cognition and encourage critical deliberation.

5.1.3. Groupthink
Lastly, regarding cognitive biases, we observed an effect resembling some aspects of “groupthink” 
(Janis, 1971) when participants in Group A changed their vote to “Yes” to reach a group decision. We 
argue that this effect originated in the lack of detailed interaction with explanations and, possibly, a 
perceived low degree of personal affection by the system’s deployment. It may also have been rein
forced by a dominant actor in the social dynamic since a vocal member guided consensus and there 
was limited tolerance for disagreement. However, this is contrasted by participants in Group D, who 
debated at length about the system’s deployment without reaching a consensus. Here, persistent dis
agreement and a more balanced participation pattern acted as counterweight, even though members 
were not directly affected by the system. Potential measures to avoid groupthink in discussion could 
thus be to encourage debate, which again could be the introduction of roles to improve “dialectic 
argumentation” (Mercier & Sperber, 2011), and to explain the system in a way that makes it more per
sonally relevant to participants (Wiggins & McTighe, 2005), e.g., by emphasizing connections to their 
own experiences.

5.2. Did the explanations improve participants’ understanding?

In Section 4.1.5, we described that the explanations helped participants develop different “facets of 
understanding” (Wiggins & McTighe, 2005). In groups, participants were encouraged to “explain” 
information to each other and “empathize” with others’ experiences, while individuals could better 
“apply” information in the study tasks. We further described that groups’ interactions with explanations 
realized mechanisms of “collaborative success” (Nokes-Malach et al., 2015). We thus conclude that the 
explanations had a positive effect on understanding. However, a more complete answer requires that 
we consider the difference between measurement methods and true cognitive states.

5.2.1. Calibrating understanding
In Section 4.1, we described that a majority of participants reported unchanged understanding after the 
explanation phase (Table 4) but, paradoxically, described verbally that their understanding improved; 
two seemingly incongruent pieces of evidence. Recall that understanding involves the flexible use of 
knowledge across contexts (Wiggins & McTighe, 2005), and that meta-cognition (judging one’s own 
knowledge) is notoriously difficult (Veenman et al., 2006). In consequence, self-reports may be unreli
able, task performance captures only the “application” facet, and decision confidence is merely a proxy 
for a felt working understanding (Keil, 2006). Together, these measurements allow for a triangulation 
(Carter et al., 2014) but not a perfect representation of understanding. Based on these relations, we 
explain the contradictory findings with a process we call calibrating understanding. The term describes 
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that participants tend to report understanding not in absolute terms, or even in relation to past under
standing, but in relation to the currently available information. Participants explicitly stated that they 
calibrated their interpretation of “good understanding” according to their knowledge of the information 
basis, which differed before and after the explanation phase. The calibration process can be traced by 
using concepts from the cognitive sciences: Participants i) reported their initial understanding after 
reading the use case introduction, they then ii) saw the explanations and realized that they had under
standing gaps (Rozenblit & Keil, 2002), which they iii) proceeded to locate and close (Keil, 2006), how
ever, they iv) also realized that they could not look at every available explanation and would develop at 
most a “partial understanding” (Keil, 2019), which they v) rated accordingly in the second self-reports.

5.2.2. Positivity and negativity bias
A complementary explanation involves the “illusion of explanatory depth” (Rozenblit & Keil, 2002): the 
feeling that one understood a phenomenon with greater precision and coherence than is actually the 
case. As estimating one’s understanding is a notoriously difficult process (Keil, 2006), it is prone to cog
nitive biases such as positivity and negativity biases. While the exact effects of these biases are still sub
ject to research, studies in social psychology and neuroscience suggest that people recall negative 
(undesirable, unpleasant) information better, weigh it heavily, and respond more to it (Norris, 2021; 
Unkelbach et al., 2020), while they process positive (desirable, beneficial) information faster and form 
stronger associations from it (Unkelbach et al., 2020). The valence attached to information could thus 
interfere with participants’ self-assessments of their understanding. Future work could benefit from 
incorporating the differentiated dimensions of good and bad understanding as identified in the empir
ical psychological research literature (Unkelbach et al., 2020).

5.2.3. Additional methods to capture understanding
Previous studies in XAI documented similar effects caused by explanation approaches. Cheng et al. 
(2019) report on a quantitative evaluation of a white-box explanation design, which, due to its high 
information density, led to increased “objective” user understanding but decreased self-reported under
standing. Papenmeier et al. (2022) found similar mismatches in a quantitative evaluation of their 
explanation interface, where participants who received no explanation gave higher understanding scores 
than participants who received faithful explanations; a discrepancy our findings might explain. In the 
same study, similar discrepancies also occurred between participants’ self-reports about trusts and 
observations of their behavior (Papenmeier et al., 2022). In line with these findings, we argue that the 
calibration effect should be accounted for when measuring understanding, for example, by eliciting an 
additional metric that captures the perceived scope of available information. A potential reporting ques
tion could be “How much information do you feel you currently have about the presented AI system?” 
combined with a 5-point scale ranging from “very little” to “very much.” Self-reported understanding 
could then be compared with self-reported information scope and verbal responses to acquire a more 
complete picture. Recent work in XAI has further proposed understanding measurement based on par
ticipants’ abilities (Speith et al., 2024). This approach appears promising, as the ability to calculate study 
task 2 was a relevant metric in our study. We thus see eliciting understanding via multiple measures 
and exploring how these measures can be combined in individual and group settings as a direction for 
future research.

5.3. Which real-world settings would benefit from explainable AI in groups?

In Section 2.4.2, we described several settings where citizens gather to discuss and form opinions on 
matters of public interest. These included referendums, forums, and community-based spaces. This 
paper investigates settings suitable for deliberating the deployment of public AI systems, an issue that 
we frame as a matter of public interest due to the scope and severity of its potential consequences. 
Having established that using explanations in group settings benefits participants’ understanding, deci
sion confidence, and decision-making processes, it is worthwhile to consider how this approach can be 
applied in real-world contexts.
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5.3.1. Transferability to other domains
Based on our findings, we consider three design elements as readily transferable to other public AI 
domains: organizing information into four categories, including value- and norm-based justifications, 
and using a guiding structure for levels of detail and complexity. By contrast, the exact question word
ing and presentation format presented here are specific to the employment domain and should be tail
ored to each system’s purpose and audience. Further adaptations need to be made when the system in 
question is a technical or proprietary black-box, as our explanation design were designed for an inter
pretable system

5.3.2. Educational interventions
Participants repeatedly stated that training in their job agency should employ a similar format of collab
oration to educate about AI. Notably, this feedback was provided by domain experts (Groups C and G) 
and decision subjects (Group E), suggesting that the setting would be suitable for both stakeholder 
groups in an educational intervention. Similarly, P3 explained that the explanation approach could be 
helpful if a similar system were implemented in their care facility by embedding it in the team’s regular 
meetings, where difficult cases are discussed and joint decisions are made. These insights align with 
previous research on XAI in public institutions. Notably, Lee et al. (2019b) and Weitz et al. (2024) con
ducted participatory workshops to design explanations with end-users in the public sector, finding that 
co-designing explainable AI helps in considering the needs of both clients and end-users.

5.3.3. Participatory public formats
We envision that collaborative settings and “mini-publics” (Fung, 2003) could be useful in many con
texts that aim to strengthen participatory democracy with respect to AI. Potential areas of application 
could be professional consultation workshops for citizens affected by algorithmic decisions, comparable 
to legal clinics (Legal Aid Ontario, 2025), community-based education and training interventions, such 
as “contestation caf�es” (Collins et al., 2024), or union forums that inform and organize employees’ voi
ces about the use of AI in their institution (Kaur et al., 2022). On a different note, Crivellaro et al. 
(2019) found that participatory formats that aim to connect communities to public institutions can suf
fer from a lack of crucial information (e.g., budgets), which could be alleviated by an information struc
ture such as the presented explanation design. In short, we propose that explainable AI in collective 
settings could be a valuable engagement format for contexts in which public AI has the potential to 
impact people’s lives. Future work could explore how collective XAI settings can be implemented in 
these contexts as part of responsible AI initiatives, in connection to both institutionalized (Costanza- 
Chock et al., 2022) and user-based (Shen et al., 2021) auditing practices.

5.4. What’s missing from the explanation design and how could it be improved?

5.4.1. Improvements to the explanation design
In Section 4.1.4, we described that participants appreciated the explanations’ comprehensive and flexible 
information selection and self-directed exploration. However, they also noted that the explanations 
have a high access threshold and that the modular structure makes oversight difficult. A digital version 
of the explanation design could improve the overview through summaries and navigation while allow
ing for simple language options and cross-references. As the presentation of the large amount of avail
able information also seemed to overwhelm participants, approaches to reduce the scope and prioritize 
selection would be beneficial. An example could be a recommendation system that suggests explana
tions from different categories and levels of detail to participants based on their stated interests and 
technical knowledge.

5.4.2. Reconsidering levels of detail in explanations
However, the separation of information into levels of detail can be challenging. Our explanations’ struc
ture is designed to provide varying levels of detail, allowing us to communicate the priority of informa
tion effectively. Higher levels of detail were intended to include more peripheral information, and in 
the case of system details, more technical and thus more complex information. Deciding how the 
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available information is allocated into this structure requires subjective choices. Some participants 
stated that the most critical information for them, in fact, resided in level 3 of an explanation, high
lighting the differences in assigned priority. Future work should investigate how the structure of infor
mation in explanations can be designed to make fundamental information readily available from the 
start, while providing more detailed information upon user demand. This could contribute insights into 
balancing information soundness and completeness (Kulesza et al., 2013) with the actual needs of AI 
novices.

5.4.3. Explanation format
The presented explanation design primarily conveyed information textually, using visual anchors with 
color-encoding and formatting. Previous work has found mixed effects of textual information on users, 
including user aversion despite understanding benefits (Szymanski et al., 2021), user aversion and under
standing barriers (Schmude et al., 2023), and user appreciation (Schellingerhout et al., 2023; Weitz et al., 
2024). Factors such as vocabulary, text length, and user familiarity can all impact the format’s effects. In 
our study, several participants judged the texts to be more complex and lengthy than necessary (Section 
4.1.4). An improved explanation design would aim to keep texts as short as possible and to provide a plain 
language option: a specific style of language that ensures that the reader understands as quickly and easily 
as possible (Cooper, 1989). Furthermore, explanation approaches that build on the design presented here 
could utilize participatory design methods with AI novices to formulate user requirements for visual and 
interactive information formats. For instance, previous work has identified visual graph-based informa
tion as preferred by some stakeholders (Schellingerhout et al., 2023), which could be helpful in conveying 
procedural information about system deployment. Interactive explanation formats have been found to 
benefit user experience (Guesmi et al., 2024) and could be used to show users examples of the system’s 
calculation logic. Implementing the presented explanation design as a digital working prototype that ena
bles these forms of interaction would thus be a fruitful avenue for future research.

5.4.4. Cognitive load of explanations
In Section 4.1.4, we described that participants frequently commented on the high effort of interacting with 
the explanations, which is likely caused by its design. Since the structure was intended to provide multiple 
levels of information and allow participants to choose from a selection of topics, the resulting design 
requires a high degree of repeated user choice. For each choice, participants needed to keep track of what 
they had already read, what they still wanted to read, and the amount of time remaining. Proceeding 
through these cognitive steps repeatedly, and being confronted every time with the large selection of explan
ations, likely leads to a form of decision fatigue: “the impaired ability to make decisions and control behav
ior as a consequence of repeated acts of decision-making” (Pignatiello et al., 2020). An important design 
requirement for explanation designs aiming to provide comprehensive information about an AI system is 
therefore the balancing of conscious thinking effort with the depletion of the users’ cognitive resources. 
Users suffering from decision fatigue tend to use mental shortcuts – cognitive heuristics – to make deci
sions, which can potentially affect the quality of the decision outcomes (Pignatiello et al., 2020). 
Importantly, explanations that are intended to support critical decision-making tasks, such as whether to 
deploy a high-risk AI system, must be crafted to avoid depleting the cognitive resources that users would 
need for the actual decision-making task. While approaches exist that suggest implementing cognitive-forc
ing mechanisms (Buçinca et al., 2021), which require users to engage in critical thinking and avoid mental 
shortcuts, we thus argue that explanation design must prioritize cognitive efficiency as much as user under
standing, so as not to defeat the purpose of the explanation. A relevant direction for future work is thus to 
identify designs that contain the easiest possible explanations for a specific purpose, such as evaluating or 
contesting an AI system, such that users feel confident to take action but are neither overwhelmed nor 
unduly biased by over-specific selection of information.

5.5. Summary of explanation design suggestions

We summarize the implications of our findings in the form of suggestions for the design of explana
tions suited to AI novices in individual and group settings in Figure 8.
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6. Limitations

In the following, we list and discuss the limitations of our study.

6.1. Influence of demographics

Due to the limited sample size, we did not analyze the impact of sex and/or gender on our results, lim
iting the results’ external but not internal generalizability regarding these aspects (Maxwell, 2010). We 
further note that our participant sample is biased toward university education in the single interviews, 
which we addressed by comparing these participants mostly with university-educated participants in 
the focus groups.

6.2. Domain specificity

The presented use case is embedded in a specific sociotechnical context (Ehsan et al., 2023a) that might 
affect participants’ understanding and perceptions (e.g., perceptions might differ between employability 
prediction and credit approval), and thus, a change in the domain might also change the explanations’ 
effect. However, this does not limit the transferability of the explanation design, which can be seen as a 
template that can be adjusted to other use cases.

6.3. Lack of diversity in verbalizations in single interviews

In comparison to focus group participants, single interview participants exhibited fewer statements and 
articulations during interaction with the explanations. The prevalence of certain themes and articula
tions could thus be slightly reduced in comparison to focus groups. To offset this, participants were 
asked to think-aloud during their interaction and were periodically asked for their perceptions and 
understanding.

Figure 8. Summary of implications regarding the design of explanations for individual and collaborative settings based 
on our findings.
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6.4. Recruitment

Since our participants were recruited from organizations and networks in the same geographical region, 
this could have resulted in regional or cultural biases. We are further aware that the cooperation with civil 
society organizations in the recruitment of participants could have led to selection biases, especially in the 
form of convenience sampling (over-representation of readily available participants), self-selection bias 
(over-representation of strongly motivated participants), and interviewer bias (over-representation of 
agreeable or compatible participants) (Collier, 1995). Concretely, this could mean that the participants of 
our study i) were more motivated and engaged, ii) expressed more socially desired viewpoints, iii) over- 
represented specific subgroups of domain experts and decision subjects, and iv) under-represented the 
intersectionality of experiences in comparison to a potential random sample. We aimed to mitigate these 
biases by defining research goals and methods upfront and ensuring the approach was not adjusted post- 
recruitment based on the participant population. This was achieved by diversifying group composition 
and reflecting on possible sampling influences in the analysis of results. While recruitment from personal 
networks can introduce further biases due to the effect of personal relationships on the study outcomes, 
we note that the participants recruited through these channels were few (Group D, S2, S4, S5, S12) and 
that these participants did not appear to provide more positive reports nor to avoid providing critical 
feedback on the explanation design more than other participants. In contrast, Group D articulated several 
outspoken points of criticism, as is described in Section 4.2.3. Lastly, we note that decision subjects from 
support organizations are often underrepresented in XAI research due to recruitment and ethical chal
lenges. By partnering with these organizations, we ensured that professionals could make informed deci
sions about which clients to invite. Although this approach introduces certain biases in the selection, 
excluding decision subjects would disproportionately limit the study’s findings and omit this critical stake
holder group’s perspective.

6.5. Approach does not aim for generalizability

This study takes a qualitative approach, meaning that the recruitment strategy further did not aim for stat
istical generalizability but instead intended to cover a variety of “theoretically relevant cases” (Collier, 
1995) and “careful contextualization” (Collier & Mahoney, 1996) to examine our research questions.

7. Conclusion

This paper tested a question-driven, modular explanation design with AI novices in groups and individual 
settings. We conducted an interview study involving 8 focus groups and 12 single interviews. We analyzed 
them to examine the effect of explanations on understanding, decision-making, and decision confidence, as 
well as participants’ perceptions of key information and the interaction processes in both settings. We found 
that explanations supported participants’ understanding and decision-making in different ways, encourag
ing focused interaction in individual settings and shared understanding in group settings. Even though indi
viduals could not exchange with others, the explanations still led to increased decision confidence and 
changes by supporting internal deliberation. In groups, the explanation design facilitated a set of interac
tions that allowed participants to support each other’s understanding and provided grounds for exchanging 
arguments about key aspects of the system’s deployment. For groups that experienced collaborative failure, 
we suggest modifying the explanation’s design to highlight essential information and measures that create a 
more productive social dynamic. With this work, we aim to showcase the potential of combining explana
tions with group settings to enable AI novices to understand and deliberate about public AI systems.

Notes 

1. We use the term “AI system” to describe algorithmic systems with machine learning components. The 
terminology follows research on explainable AI (Langer et al., 2021) and research on AI in the context of 
society (Collins et al., 2024; Z€uger & Asghari, 2023) and regulation (Panigutti et al., 2023).

2. We intend the term to mean factual or testable understanding following Cheng et al. (2019) and Bove et al. 
(2022).
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3. Prioritizing group harmony over true argumentation.
4. AMS stands for the Public Employment Agency (Arbeitsmarktservice).
5. The four icons used in this figure and throughout the paper are provided by Freepik (data, usage), Flat Icons 

(system details), and noomtah (context) through Flaticon.com.
6. The case example was inspired by Allhutter et al. (2020) and adapted to this study, as depicted in 

Supplementary Appendix A.
7. We note again that with “explanation” we mean a question and answer pair and with “explanations” we mean 

the collection of all 36 explanations (Section 3).
8. Details on the inspiration for this case example where omitted to adhere to anonymization policy, but will be 

re-inserted for the final version.
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