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Figure 1: Left: Explanation concepts varying in explanation modality (text vs. avatars) and explanation resolution (low vs. high). 
Middle: Study I — iterative design of 10 avatars representing a unique skill, perceptually validated with 100 participants. Right: 
Study II — mixed-methods evaluation with a working multi-agent system (online experiment: N = 124; follow-up interviews 
with a randomly selected subset of participants, N = 20), examining the effects on explainability, trust and mental load. 

Abstract 
Knowledge workers increasingly rely on multi-agent systems to 
solve complex problems. While these systems offer valuable support, 
they often obscure which agents contributed to a response, leading 
to a lack of transparency that may result in errors and reduced trust. 
To address this, we propose avatars that make agents’ expertise 
and contributions transparent. We iteratively co-designed avatars 
representing distinct expertise areas and validated them in an ex-
periment (N=100). Building on this, we developed four multi-agent 
prototypes varying in explanation modality (text vs. avatars) and 
resolution (low vs. high). We then conducted a mixed-methods eval-
uation with an online experiment (N=124) and follow-up interviews 
(N=20). Qualitative results suggest that avatars foster clearer mental 
models, improve perceived explainability, and support users’ trust 
calibration without increasing cognitive load, although no signifi-
cant quantitative differences were found. Our research contributes 
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validated avatar designs, insights into explanation strategies, and 
design implications for explainable multi-agent systems. 
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1 Introduction 
Imagine Tina, a delivery manager who is heading an organiza-
tion that is running many important customer projects simultane-
ously. To effectively handle the demands of her knowledge work 
job and to manage her workload efficiently, she uses specialized 
Conversational Agents (CAs), e.g., powered by Large Language 
Models (LLMs). These specialized CA are fine-tuned to excel in 
specific tasks, for example, helping Tina with computing the most 
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recent quarterly sales figures. However, single CAs struggle with 
complex, multi-faceted problems [3], e.g., Tina does not only need 
to summarize the sales figures, but also needs to create a report 
and charts for the customer presentation. Here, Multi-Agent Sys-
tems (MASs) can provide a solution by dynamically combining sev-
eral specialized agents that collaboratively address such problems 
[44]–this is how, for example, Microsoft Copilot can be deployed 
within organizations [26]. One agent computes the sales figures, 
while another builds on the output to create the report and charts. 

However, current MASs can provide limited explainability to end 
users. When Tina uses the system, she may be unaware of which 
agents were involved or what their contributions were, for example, 
in systems such as Microsoft Copilot [26]. This lack of attribution 
transparency can hinder users’ understanding and appropriate trust 
calibration [10, 16, 23]. At the same time, users must rely on the 
MAS output without an easy way to verify how it was produced, 
which may make it harder to appropriately assess and act on outputs 
[29, 40]. Ultimately, relying on outputs without insight into agent 
contributions may increase the risk of errors in knowledge work. 
To address this, related work proposed displaying detailed textual 
explanations, e.g, the step-by-step reasoning created by Chain-of-
Thoughts (CoTs), to help Tina to understand how the system arrived 
at its answer [36]. However, findings showed that excessive textual 
explanations may increase cognitive load and lead to Tina being 
overwhelmed [43]. Thus, Tina needs a way to quickly verify if the 
most suitable agents have contributed to the output without adding 
a high level of complexity. 

This is where avatars, i.e., visual representations of agents, come 
in. They offer a promising approach to enhance explainability 
of MASs while avoiding additional cognitive load. By visually 
representing agents, avatars could help users understand which 
agents were involved and what their contributions to the MASs out-
put were, all without requiring any additional textual explanation 
[27, 32]. However, little is known about how avatars for specialized 
CAs should be designed to represent their area of expertise for a 
knowledge worker like Tina, leading to the question: RQ1: How 
can avatars be designed to effectively and intuitively repre-
sent their area of expertise? To investigate this, we informed our 
iterative co-design approach with semiotic theory and designed 
11 avatars with and without visual cues (see Figure 3). 10 avatars 
reflected typical tasks that knowledge workers face, such as summa-
rizing facts or creating new ideas, according to Brachman et al. [4]. 
In an online within-subjects experiment (𝑁 = 100), we evaluated 
whether our avatars effectively conveyed expertise. Our results 
show that 6 out of 11 designed avatars significantly represent a 
unique area of expertise. 

However, MASs do not only utilize one agent at a time, but make 
use of multiple agents to solve complex user requests. To represent 
this key characteristic, we designed two variations (see Figure 5): (1) 
a merged avatar, combining different expertise cues and providing 
one output, and (2) multiple single avatars that represent their 
individual contributions to the MASs response. In the next step, 
we implemented a fully functional MAS to test how our avatars 
perform against textual explanations for typical tasks in knowledge 
work. We followed a mixed-methods approach, combining an online 
experiment (𝑁 = 124) with follow-up interviews conducted with 
a randomly selected subset of participants (𝑁 = 20). In the online 

between-subjects experiment, we compared different explanation 
modalities (text vs. avatars) and levels of explanation resolution (low 
vs. high). In the latter, the MAS shows a detailed textual explanation 
of which specialized agents were used and for what purpose, or 
provides abbreviated textual explanations specifying only which 
specialized agents were used (see Figure 5). In the avatar condition, 
we included the merged avatar and the individual avatars. Overall, 
we aim to understand RQ2: How do explanation modality (text 
vs. avatars) and explanation resolution (low vs. high) affect 
users’ perceived explainability, trust, and cognitive load. 

While our quantitative results did not reveal significant differ-
ences between conditions, including in cognitive load, our quali-
tative findings from the interviews indicate that distinct avatars 
next to agent outputs were perceived as helpful in forming accurate 
mental models, while participants did not report higher cognitive 
load. We contribute to the emerging stream of human-Artificial 
Intelligence (AI) interaction by: 

(1) Designing and empirically validating a set of avatars for 
specialized CA for knowledge work. 

(2) Empirically evaluating the effects of different types of expla-
nations in a MAS on key variables in knowledge work. 

(3) Providing design implications to enhance explainability in 
future MAS. 

2 Related Work 

2.1 Human-AI Collaboration in Knowledge 
Work 

Knowledge workers are individuals with advanced expertise, educa-
tion, or experience, whose roles primarily involve creating, sharing, 
and applying knowledge [7]. In 2024, three out of four knowledge 
workers worldwide reported using AI at work [25]. Using AI, such 
as LLMs, helps knowledge workers like Tina to save time, focus 
on important work, enhance their creativity, and enjoy their work 
more [25]. Recently, Brachman et al. [4] investigated typical tasks, 
where knowledge workers rely on or use LLMs in an enterprise 
context. They provide an overview of tasks such as the creation 
of ideas, information seeking, and summarizing text or validating 
rules. This builds the basis of our investigations. 

Today, LLM-based agents can be fine-tuned, and thereby spe-
cialized, to achieve high performance in specific knowledge work 
tasks [3]. These specialized LLM-based agents struggle with com-
plex, multi-faceted problems [3]. Here, MASs provide a solution 
by dynamically combining several specialized agents that collabo-
ratively address these problems [44]. Building on this idea, recent 
frameworks such as AutoGen [45] demonstrate how multiple LLMs-
based agents can adopt complementary roles (e.g., agent to write 
code or execute code). These frameworks illustrate a shift from 
single-task execution toward collaborative team processes, where 
agents contribute diverse perspectives to achieve complex goals 
[31]. MASs allow the exposition of how different agents contributed 
to a shared outcome. However, little is known about how users per-
ceive and interact with such systems, especially in the context of 
collaborative knowledge work [37]. In this regard, prior work in 
HCI has highlighted the importance of aligning AI-based systems 
with human-centered design guidelines to support effective inter-
action, trust, and user understanding [2]. Complementing this, Yun 
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et al. [46] argue that knowledge workers benefit from transparent 
collaboration mechanisms and controllable AI behavior to syn-
thesize information. This motivates our focus on explainability in 
MASs, as user understanding of agent contributions seems essential 
for effective collaboration. 

2.2 Explainability in Multi-Agent Systems 
Explainability in MASs refers to also making transparent which 
agents were involved and what they contributed to the output 
[10, 16, 23]. In contrast to explainability in single-agent systems, 
where the focus lies on justifying one agent’s reasoning (e.g., by 
displaying textual explanations like the step-by-step reasoning of a 
CoT), MASs also require attribution transparency across multiple 
agents [16, 23, 36]. Prior work on end-user explainability needs 
regarding AI highlights that users often seek practically useful 
information to improve collaboration with AI, rather than technical 
system details [21]. Despite growing interest in explainability for 
MASs, little research has investigated how knowledge workers 
can be effectively supported in understanding agent expertise and 
contributions in MAS. 

However, two recent studies suggest promising design directions. 
Song et al. [37] show that making multiple AI agents visible can 
shape user perceptions through social influence, indicating that 
exposing agent contributions may affect how users form attitudes 
toward MASs. Complementing this, Schelhorn et al. [36] demon-
strate that displaying step-by-step reasoning improves users’ under-
standing and certainty in analytic contexts. Together, this points to 
two complementary modalities for explainability in MASs: (1) non-
textual visual differentiation of agents [20, 27, 37], and (2) textual 
explanations [22, 36]. Explainability in MASs involves a key tension: 
too little transparency risks opacity and mistrust, while too much 
detail can overwhelm users. Prior work highlights this trade-off, as 
developers often require detailed visibility for debugging, whereas 
end users tend to prefer simplicity and seamless integration [29]. 
Related research shows that approaches such as progressive dis-
closure and visual explanation cues can help balance transparency 
and cognitive load, but excessive detail may still lead to overload 
[40]. Moreover, increasing the completeness of explanations can 
improve understanding, while overly simplified explanations may 
undermine trust and usability [22]. Beyond MASs, transparency 
has been shown to support users’ mental models, emphasizing the 
need to tailor explanations to user needs [9]. 

Abdul et al. [1] outline an HCI research agenda for explainable 
systems, emphasizing the need for intelligible user interfaces that 
make system behavior understandable and accountable to end users. 
Our work responds to this call by empirically investigating how 
explanation modality (text vs. avatars) and resolution (low vs. high) 
affect knowledge workers’ perceived explainability, trust, and cogni-
tive load in MASs. While agent expertise can be conveyed textually, 
representing it in a non-textual, visual manner remains challenging. 
We therefore explore avatars as a means to make agent expertise 
and contributions more salient. 

2.3 Avatars for Specialized Agents 
Research on visual histories shows that visual elements, like screen-
shots, enable users to rapidly recognize prior activities, reconstruct 

mental context, and navigate complex digital environments more 
effectively than with textual traces alone [18, 34]. Avatars have 
been widely used as visual representations of CA in virtual environ-
ments [20, 32, 41]. Previous work shows that avatars can support 
recognition of the active agent and help distinguish between multi-
ple agents [20, 27]. Beyond recognition, avatars shape how agents 
are perceived: by adding a sense of authenticity and social pres-
ence, they may foster user satisfaction and trust [11, 12, 19, 32]. 
Recent work also shows that avatar representations influence user 
experiences in nuanced ways, including prompting behaviors and 
perceived human touch [39]. The design of avatars requires careful 
calibration. For instance, avatars representing agents with human-
like skills (e.g., idea generation) are often perceived as more trust-
worthy when they convey human-likeness without hyper-realistic 
detail, as this supports social presence while avoiding the Uncanny 
Valley [28, 32]. Wallkötter et al. [42] show that embodied agents can 
use social cues to externalize internal states and thereby support 
explainability. While their work focused on dynamic behavior, the 
principle suggests that avatars in MASs could also employ specific 
visual cues (e.g., symbols or props) to signal agent expertise. 

Research Gap. Although research on CAs has increasingly fo-
cused on avatars [32], these are often designed for general-purpose 
assistants or social interaction contexts rather than functionally 
specialized agents such as those tailored for ideation or document 
summarization. At the same time, prior research has advanced 
our understanding of explainability in MASs and agent support in 
knowledge work, yet little is known about how these dimensions 
intersect. In particular, it remains unclear how different avatars and 
textual modalities for communicating agent expertise and contribu-
tion influence knowledge workers perceived explainability, trust, 
and cognitive load in MASs. 

3 Study I: Designing Avatars with Expertise 
Cues 

In the first study, we set out to design avatars containing visual cues 
that, without additional training, can be associated with a single 
area of expertise. 

3.1 Co-Design Process 
The avatar co-design process was conducted in three iterations in 
collaboration with external researchers (N = 12) who were not part 
of the research team. Four participants were from industry and 
eight were affiliated with our institution. We recruited researchers 
who use LLM-based systems, as they represent the target user group 
(knowledge workers) for our study. In the initial iteration, all au-
thors brainstormed and sketched initial avatar ideas. These sketches 
informed subsequent AI prompts in the next iteration, where we 
used a generative AI tool (ChatGPT-4) to create initial candidate 
avatars. Participants were involved in two following iterations to 
review, discuss, and refine the designs as illustrated in Figure 2, 
where the orange arrows indicate the co-design iterations. An ex-
ample AI prompt can be found in the supplementary material. This 
approach enabled rapid design exploration. By generating avatars 
with AI rather than using existing libraries or manual refinement, 
we avoided copyright concerns and ensured that the avatars can 
be freely adapted and reused in future work, including by the HCI 
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Figure 2: Iterative co-design process for one example avatar. 

community and corporate settings. Moreover, this approach helped 
overcome limitations in our own artistic skills, allowing us to pro-
duce high-quality avatar designs. 

Design Iterations. In total, 11 AI avatars were designed: 10 were 
intentionally aligned with distinct areas of expertise, while one 
was created as a control avatar without any intended expertise. We 
designed human-like avatars to reflect human-like abilities, such as 
generating ideas [32]. To improve natural interaction with symbolic 
elements (e.g., pointing to a chalkboard), we also agreed to depict the 
avatars from the waist up, allowing them to act on objects in ways 
consistent with human gestures. The avatars, especially their visual 
cues, are informed by semiotic theory, which conceptualizes signs 
as carriers of meaning that link a perceivable form (signifier) with 
an interpreted concept (signified) [8, 30]. Through two co-design 
iterations, 12 participating researchers evaluated the 11 avatars in 
an online survey. Each researcher was sequentially shown all 11 
avatars in randomized order and rated the extent to which each 
avatar embodied expertise across ten predefined areas on a 5-point 
Likert scale. In addition, researchers provided open-ended feedback 
and design suggestions for each avatar. Based on this feedback, the 
avatars were revised after each iteration by adapting, refining, or 
replacing visual elements to better align with researchers’ feedback. 
For example, feedback included that a magic wand reflects expertise 
regarding the creation of a new artifact more than a pen does. We 
further adopted a flat, faceless illustration style inspired by Pablo 
Stanley’s people library 1 to avoid Uncanny Valley effects [28]. We 
also agreed to color the character gray to prevent stereotypes and to 
direct participants’ attention toward the colorful symbolic elements 
rather than the character itself. After two co-design iterations, we 
converged on a final set of 10 aligned avatars and 1 neutral avatar, 
which are shown in Figure 3. Table 1 provides an overview of the 
11 avatars, their visual cues, and the intended expertise in line with 
common tasks in knowledge work [4]. 

3.2 Evaluation 
To evaluate whether the iteratively designed avatars can be rec-
ognized and convey only their intended area of expertise, we con-
ducted an online experiment. To do so, we used a quantitative 
research approach to statistically test our hypothesis. For this, we 
collected structured data on participants’ assessments of avatars 
and areas of expertise using LimeSurvey2 . 

3.2.1 Study design. We used a within-subjects design in which 
each participant evaluated all 11 avatars for all 10 areas of expertise 
in random order, allowing for direct comparisons while controlling 
for individual biases and minimizing sequence and learning effects. 
1https://www.humaaans.com/
2https://www.limesurvey.org/ 

To assess whether an avatar represents a single area of expertise, 
we state the following null hypothesis: H0: There is no significant 
difference in participants’ expertise ratings for a given avatar. The 
avatar does not convey only one specific area of expertise. 

3.2.2 Participants. We recruited 100 participants via Prolific3 , ap-
plying demographic quotas to ensure a balanced sample (50% male, 
50% female) and an age range between 18 and 65 years.4 We did 
not apply additional filter criteria, for example regarding MASs 
knowledge or AI expertise, because we aimed to mirror real orga-
nizational settings where knowledge workers exhibit diverse skill 
levels. Crowd workers inherently perform tasks that involve cogni-
tive effort and computer interaction, similar to knowledge workers 
in current organizational settings [7]. All participants were resi-
dents of European Union countries, a deliberate choice to align the 
cultural context of the avatar cues with that of the research team 
[35]. Participants received monetary compensation via Prolific, cor-
responding to an average reward of £10.86 per hour. Participation 
was voluntary, and participants could withdraw at any time. 

3.2.3 Experimental protocol. After a short welcome message, par-
ticipants were instructed to evaluate avatars solely on the basis of 
their appearance. Each participant was sequentially shown all 11 
avatars in randomized order. For each avatar, participants rated 
the extent to which it appeared to embody expertise in each of ten 
predefined areas of expertise on a 5-point Likert scale (Strongly 
disagree–Strongly agree). The statements are shown in Table 1. In 
addition, participants could provide open-ended comments, suggest 
further areas of expertise beyond the predefined list, or critique the 
avatar’s design. To ensure data quality, three attention checks and 
three comprehension checks were embedded throughout the exper-
iment. The experiment concluded immediately after the evaluation. 
The total experiment took about 15 minutes per participant. 

3.2.4 Data collection & analysis. We collected data from two sources: 
(1) participants’ Likert-scale ratings of each avatar across the ten 
predefined areas of expertise and (2) embedded attention and com-
prehension check items to ensure data quality. In total, 100 partici-
pants took part in the study, resulting in 100 data sets. Of these, 4 
were incomplete, 1 participant failed more than two attention and 
comprehension checks, and 4 participants were classified, in line 
with prior HCI research, as speeders (completion time < 50% of the 
median) [15]. Following these exclusion criteria, 9 data sets were 
removed, resulting in a final sample of 𝑁 = 91 valid responses. To 
assess whether each avatar conveys a selective area of expertise, we 
analyzed differences in perceived expertise across the rated areas 
(E1–E10) within each avatar. Conceptually, this approach treats 
expertise as a within-subject factor nested within each avatar and 
aligns with our goal of testing whether an avatar exhibits a non-
uniform (i.e., selective) expertise profile rather than being rated 
equally across all areas. Given the ordinal nature of the data and 
the within-subjects design, we employed non-parametric Friedman 
tests separately for each avatar to examine whether expertise rat-
ings differed across areas. A significant effect indicates that the 

3https://www.prolific.com/
4The chosen age range covers the EU definition of the core working-age population 
(20–64 years; Eurostat, https://ec.europa.eu/eurostat/statistics-explained/index.php? 
title=Population_structure_and_ageing). 
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Figure 3: Ten avatar designs using semiotic cues (e.g., icons and props) to signal agent expertise in common knowledge-worker 
tasks, following Brachman et al. [4] and one neutral avatar. 

avatar is not perceived uniformly across expertise areas, which 
is a prerequisite for conveying a distinct specialization. To iden-
tify whether a specific area of expertise was rated higher than 
others, we conducted pairwise Wilcoxon signed-rank tests with 
Holm–Bonferroni corrections, comparing each area against all re-
maining areas within the same avatar. In addition, we conducted 
Bayesian repeated-measures ANOVAs for each avatar to quantify 
the strength of evidence for overall differences across expertise 
areas (reporting 𝐵𝐹10), complemented by pairwise Bayesian t-tests 
to assess differences between specific areas. For each Friedman test, 
we report the chi-square statistic 𝜒 2 , the corresponding 𝑝-value, 
and Kendall’s𝑊 as an effect size. To complement these analyses, we 
calculated Shannon entropy scores to quantify how concentrated 
or dispersed judgments were across the Likert scale. 

All analyses were conducted using JASP5 (Version 0.95) and the 
Pingouin6 package for Python (Version 0.5.5). For transparency and 
reproducibility, we provide our analysis scripts and the raw data in 
the supplementary materials. 

3.2.5 Results. Figure 4 shows the mean participant ratings for all 
11 avatars across all areas of expertise. We conducted Friedman tests 
to examine differences in participants’ expertise ratings across the 
ten predefined areas for each avatar. As shown in Table 3, all avatars 
yielded significant results. Bayesian repeated-measures ANOVAs 
provided converging evidence for these differences, with Bayes 
factors (𝐵𝐹10) indicating strong to extreme support for the alterna-
tive model. Table 2 summarizes the post-hoc analyses of avatars 
with their top-rated area of expertise. Entries are bolded when an 
avatar’s intended expertise does not match its top-rated expertise. 
Across Wilcoxon signed-rank tests, avatars A2, A3, A4, A6 and 

5https://jasp-stats.org/
6https://pingouin-stats.org/ 
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Figure 4: Agreement heatmap of participant mean ratings 
for avatar–expertise associations. 

A8 achieved nine significant comparisons each, with adjusted 𝑝-
values approaching zero. Bayesian analyses confirmed these effects 
with Bayes factors (𝐵𝐹10) exceeding 104 in all cases, providing very 
strong evidence. Distributional measures indicated high median 
ratings of 1.0 for A2, A3, A4, A6, whereas A8 showed a lower mean 
of 0.5, together with a higher entropy. Avatar A9 produced nine 
significant Wilcoxon comparisons, slightly lower yet still strong 
Bayesian support (𝐵𝐹min 

10 = 2.5 × 101), and comparatively higher 
entropy. The remaining avatars did not show a significantly higher 
rating in any single area of expertise. 
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Table 1: Overview of the 11 avatars, their visual cues, and the intended expertise description based on Brachman et al. [4] 

Avatar Visual Cue / Description Expertise Description 

Creation 
— Artifact 
A1 Holding a wand with sparkles next to a document E1 Generate a new artifact to be used directly or with some 

modification 
— Idea 
A2 Has a thought bubble containing a light bulb E2 Generate an idea, to be used indirectly 

Information 
— Search 
A3 Holding a magnifying glass over an open book E3 Seek a fact or piece of information 

— Learn 
A4 Pointing at a chalkboard with written items E4 Learn about a new topic more broadly 

— Summarize 
A5 Holding multiple highlighted documents in one hand 

and a shorter document in the other hand 
E5 Generate a shorter version of a piece of content that 

describes the important elements 
— Analyze 
A6 Pointing at charts and data E6 Discover a new insight about information or data 

Advice 
— Improve 
A7 Holding an old document marked with an F and a new 

document marked with an A 
E7 Generate a better version 

— Guidance 
A8 Holding old scales E8 Get guidance about how to make a decision 

— Validation 
A9 Holding a checklist with ticks and crosses E9 Check whether an artifact satisfies a set of rules or 

constraints 

Automation 
— Automation 
A10 Holding a notebook displaying processes E10 Complete a task in a piece of software with less or no 

human effort 

Neutral 
A11 Neutral avatar without visual cue E11 No intended expertise 

Table 2: Post-hoc results showing each avatar with its top-rated area of expertise. Reported are the number of significant 
pairwise comparisons (Wilcoxon/Bayesian) for that expertise, as well as distributional measures (mean rating and entropy). 

Avatar 
(Intended Expertise) 

Top-rated Expertise 
(Short Description) 

# Sig. Comparisons 
(Wilcoxon / Bayesian) Mean Entropy 

A1 (Creation — Artifact) E1 (Creation — Artifact) 6 / 6 0.38 0.841 
A2 (Creation — Idea) E2 (Creation — Idea) 9 / 9 0.92 0.265 
A3 (Information — Search) E3 (Information — Search) 9 / 9 0.85 0.405 
A4 (Information — Learn) E4 (Information — Learn) 9 / 9 0.71 0.633 
A5 (Information — Summarize) E7 (Advice — Improve) 8 / 8 0.58 0.730 
A6 (Information — Analyze) E6 (Information — Analyze) 9 / 9 0.65 0.689 
A7 (Advice — Improve) E7 (Advice — Improve) 8 / 8 0.31 0.877 
A8 (Advice — Guidance) E8 (Advice — Guidance) 9 / 9 0.49 0.815 
A9 (Advice — Validation) E9 (Advice — Validation) 9 / 8 0.59 0.751 
A10 (Automation — Automation) E6 (Information — Analyze) 6 / 6 0.21 0.887 
A11 (Neutral) E3 (Information — Search) 1 / 1 -0.17 0.808 
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To evaluate 𝐻0, we combined evidence from global and pairwise 
tests. Friedman tests indicated significant differences in expertise 
ratings for 11 of the 11 avatars (Table 3), suggesting that the avatars 
were not judged uniformly across areas of expertise. Bayesian anal-
yses provided converging evidence for these differences. However, 
for Avatar 11, the effect size was negligible (Kendall’s 𝑊 = .026), 
suggesting that participants did not consistently attribute a specific 
area of expertise to this neutral avatar. This supports our design 
methodology and grounding in semiotic theory, because the exper-
tise cues mainly drove the user’s perception of an avatar. Post-hoc 
Wilcoxon tests with Holm–Bonferroni correction further demon-
strated that six avatars displayed a consistent area of expertise, with 
one expertise significantly outperforming all others (Table 2). This 
area of expertise aligned with the intended area of expertise for the 
top six avatars. Bayesian evidence (𝐵𝐹10) provided decisive support 
for Avatars A2 (Creation — Idea), A3 (Information — Search), A4 
(Information — Learn), A6 (Information — Analyze), and A8 (Advice 
— Guidance), while evidence for A9 (Advice — Validation) was only 
moderate. In contrast, the remaining avatars did not show a signifi-
cantly higher rating in any single area of expertise. Accordingly, 
we reject H0 for A2, A3, A4, A6, A8, and A9. 

Summary. Our online experiment revealed that six out of the ten 
specialist avatars conveyed a unique area of expertise in knowledge 
work through the designed expertise cues. The remaining avatars 
were not rated significantly higher in any single area of expertise, 
making them less distinguishable and more easily confusable for 
knowledge workers like Tina. 

4 Mixed-Method Study: The Impact of Avatar 
Design Variants in MAS 

Our goal is to enhance explainability in MASs for knowledge 
workers like Tina while minimizing cognitive load. Having ob-
tained a validated set of avatars from the previous study, we next 
investigate how they can be embedded as explanations in MASs. 
4.1 Designing Explainable MAS with Avatars 

Based on the existing literature, we designed and developed four 
fully functional MAS prototypes with explanation interfaces across 
two dimensions: explanation modality (text vs. avatar) and expla-
nation resolution (low vs. high). The four prototypes are depicted 
in Figure 5. To minimize potential confounds, all prototypes con-
tained a working, simple, and scrollable chat interface comparable 
to currently available chat-based AI interfaces. This design follows 
established Human-AI interaction guidelines by ensuring that ex-
planations appear in direct conversational context (G4) and remain 
accessible together with the conversation over time (G12) [2]. 

High-resolution textual explanations. To help knowledge workers 
like Tina understand which agents contributed exactly what to a 
MAS output, one design solution is to provide detailed textual 
explanations. Similar to how displaying CoT sequences reveal step-
by-step reasoning, a detailed step-by-step textual explanation can 
be used to explain which agents were involved and what their 
individual contributions were [36]. In the prototype (see Figure 5), 
these explanations are presented as a detailed textual description 
displayed in a visually distinct blue text block above the response, 
explicitly indicating which agents were used and for what purpose. 

Low-resolution textual explanations. To assist knowledge workers 
like Tina in identifying which agents were involved in a MAS 
output, without being overloaded by detail, textual explanations can 
be kept intentionally brief. In contrast to the high-resolution variant, 
which explains both which agents were used and for what purpose, 
the low-resolution variant specifies only which agents were used 
[29, 43]. In the prototype (see Figure 5), this is implemented as a 
shorter version of the same visually distinct blue text block above 
the system response, indicating only which agents were used. 

High-resolution avatar explanations. To enable knowledge work-
ers like Tina to verify which agents contributed to a response with-
out long textual explanations, high-resolution avatar explanations 
can be used. In a multi-agent chat design, avatars are displayed next 
to the individual agent outputs (see Figure 5), allowing users to see 
both the involved agents and their specific contributions [29, 37]. 

Low-resolution avatar explanations. To allow knowledge workers 
like Tina to quickly grasp which agents were involved without 
being overloaded by text or detail, agent participation can also 
be conveyed non-textual in a low-resolution form. In this variant, 
avatars are displayed only next to the overall MAS output. Building 
on prior work that merges textual outputs of individual agents into 
a single MAS response to reduce cognitive load [29, 43], we extend 
this idea by visually merging avatar cues (see Figure 5). This variant 
aims to indicate which agents contributed, without highlighting 
their individual contributions [37]. 

In the next step, we wanted to investigate how the different 
avatar design variants affect interactions with a working MAS. 
To do so, we conducted a mixed-method study consisting of an 
experiment and follow-up interviews with a randomly selected 
subset of participants, assessing how explanation modality (text vs. 
avatars) and explanation resolution level (low vs. high) affect users’ 
perceived explainability, trust, and cognitive load. 

4.2 Study Design 
We used a between-subject design in which each participant com-
pleted four knowledge working tasks using only one of the four 
prototypes (four conditions). This design ensured that results were 
not confounded by comparisons between conditions and prevented 
learning or carryover effects. To complement the experimental 
study and gain deeper insights into participants’ reasoning, we 
conducted post-study semi-structured interviews with a randomly 
selected subset of participants. 

4.3 Hypothesis 
Prior work shows that explanations support explainability and trust 
calibration, but can also increase cognitive load when presented 
in high-resolution form [17, 29, 43]. Visual explanations such as 
avatars could offer a lightweight alternative that can improve ex-
plainability and reduce cognitive load [32, 38]. Building on this, we 
hypothesize effects of explanation modality (avatars vs. text) and 
explanation resolution (high vs. low) on three dependent variables: 
perceived explainability, trust calibration, and cognitive load. 

• H1𝑎 : Participants exposed to avatars will report higher per-
ceived explainability than participants exposed to textual 
explanations. 
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Figure 5: Our four MAS design variations combining explanation modality (text vs. avatars) and explanation resolution (low vs. 
high). 

• H1𝑏 : Participants exposed to avatars will report higher trust 
than participants exposed to textual explanations. 

• H1𝑐 : Participants exposed to avatars will report lower cogni-
tive load than participants exposed to textual explanations. 

• H2𝑎 : Across both modalities, participants exposed to high-
resolution explanations will report higher perceived explain-
ability than participants exposed to low-resolution explana-
tions. 

• H2𝑏 : Across both modalities, participants exposed to high-
resolution explanations will show higher trust than partici-
pants exposed to low-resolution explanations. 

• H2𝑐 : Across both modalities, participants exposed to low-
resolution explanations will report lower cognitive load than 
participants exposed to high-resolution explanations. 

4.4 Research Approach 
We used a mixed-methods approach, combining quantitative and 
qualitative measures. We collected quantitative data using LimeSur-
vey, where participants completed standardized questionnaires in-
cluding the Explanation Satisfaction Scale (ESS) [17], Trust Scale for 
the XAI Context (TAI) [17] and NASA Task Load Index (NASA-TLX) 
[14]. In addition, we conducted post-study semi-structured inter-
views with a randomly selected subset of participants. 

4.5 Participants 
Similar to the first study, we again chose crowd workers as a proxy 
for knowledge workers because of the similarities mentioned earlier. 
We recruited 124 participants via Prolific, applying an age range 
between 18 and 65 years. Participants from the first experiment 
were not allowed to take part in the second experiment. Participants 
were allocated to four different conditions via Prolific’s random 
assignment, which did not allow us to enforce gender quotas. As a 
result, the final sample (after data cleaning) consisted of 82 males, 
38 females, and 1 non-binary participant. Again, all participants 
were residents of European Union countries to align the cultural 
context of the avatar cues with that of the research team [35]. Again, 
we did not apply additional filter criteria, for example regarding 
MASs knowledge or AI expertise, because we aimed to mirror real 
organizational settings where knowledge workers exhibit diverse 
skill levels. After completing the tasks and questionnaires, a random 
subset of participants took part in a follow-up interview, resulting 
in 20 semi-structured interviews (5 per condition). Participants 
received a basic monetary compensation via Prolific, corresponding 
to an average reward of £9.02 per hour, plus a performance-based 
reward of up to £2. In addition, participants who took part in a 
follow-up interview received an extra reward of £3. The study was 
approved by the University’s Ethics and Data Protection Board. 
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4.6 Apparatus: Multi-Agent System 
We developed one fully functional MAS in Python, which was 
presented to participants in one of four different working Streamlit7-
based prototypes. As underlying LLM we used the Meta-Llama-
3.1 8B Instruct [24]. Based on the results of the first study, we 
included four agents whose avatars had received the strongest and 
most unambiguous recognition with one distinct area of expertise 
(A2, A3, A4, and A6). In addition, we included a fallback agent 
(A11) that allowed the LLM-based orchestrator to interact with 
participants outside of specific domains of expertise, for example, 
when handling social input such as ’thank you’ or managing error 
messages. The limited amount of five agents is in line with previous 
work that considers five agents practical and manageable in studies 
investigating MASs [37]. 

4.7 Tasks 
Based on the implemented agents, we designed four tasks grounded 
in prior research to ensure realistic scenarios and to encourage 
engagement with multiple agents [4]. The four tasks developed 
can be found in Table 7. All tasks were set in an open format, 
ensuring that participants had to explore and interact with the 
MAS without predefined constraints. Each task could be solved 
by using a different combination of agents, and participants were 
incentivized with a £2 bonus to ensure serious interaction with the 
system in solving the tasks. 

4.8 Experimental Protocol 
Participants first completed an initial questionnaire to provide de-
mographic information, followed by a short introduction to the 
tasks and the MAS. Before solving the tasks, participants also com-
pleted an initial trust assessment. For this, we used the TAI [17], 
with minor adaptations to wording to reflect the pre-use context, 
while maintaining the original meaning of the items. For transper-
ancy, we provide the adapted TAI items in the appendix (see Ta-
ble 9). Participants were then instructed to only use the working 
MAS prototype provided by us to solve the tasks. Participants then 
solved the four tasks in randomized order with one MAS condi-
tion through chat. Here, participants were not subject to any time 
constraints and could decide for themselves when to proceed to 
the next task. After that, participants rated their trust in the MAS 
using the unadjusted TAI, and their perceived cognitive load using 
the NASA-TLX [14]. For transparency, we provide the full items 
in the appendix (see Table 8 and Table 9). Then participants also 
completed the ESS [17]. We adapted the wording of the items to 
align them with our study context while preserving their original 
meaning. For transparency, we provide the adapted ESS items in 
the appendix (see Table 10). Finally, we conducted semi-structured 
interviews with a random subset of participants to ensure that the 
qualitative findings were not limited to a specific subgroup, thereby 
supporting external validity. The interview guide is provided in 
the appendix (see Table 11). The median time for solving the four 
tasks and completing the questionnaires was about 30 minutes, and 
additional interviews lasted around 20 minutes. 

7https://www.streamlit.io/ 

4.9 Data Collection & Analysis 
We collected data from four sources: (1) participants’ questionnaire 
responses in LimeSurvey, including ESS, TAI, and NASA-TLX, (2) 
three embedded attention and comprehension check items to ensure 
data quality, (3) qualitative data from the semi-structured interviews 
(𝑁 = 20), (4) and prototype interaction data. In total, we obtained 
124 data sets. Of these, two participants failed two or more atten-
tion checks, and one entry was excluded due to missing Prolific 
identification. Following these exclusion criteria, the final sample 
comprised 𝑁 = 121 valid responses. Participants were distributed 
approximately evenly across the four conditions (low-resolution 
textual: 31, low-resolution avatar: 28, high-resolution textual: 32, 
high-resolution avatar: 30). For the analysis, we focused on changes 
in trust by calculating deltas between the pre- and post-interaction 
TAI scores. We analyzed these together with the responses of ESS 
and NASA-TLX by using Kruskal–Wallis tests. To complement the 
non-parametric analyses, we report Bayesian factors (𝐵𝐹10). All 
analyses were conducted using JASP (Version 0.95) with default 
priors. The first author conducted a reflexive thematic analysis fol-
lowing Braun and Clarke’s six-phase approach [5]. The first author 
conducted the qualitative analysis, beginning with familiarization 
and open, inductive coding. Themes were iteratively developed 
and refined through repeated engagement with the data. Following 
Braun and Clarke [6], reflexive thematic analysis does not require 
multiple coders; hence, the process was carried out by the first au-
thor. To ensure rigor, codes and themes were revisited after phases 
of distancing and engagement with the dataset. 

4.10 Results 
To structure our results, we first report on the interaction times and 
then focus on the effects of explainability. Specifically, we exam-
ine participants’ satisfaction with the explanations and how these 
shaped the formation of their mental models regarding how the 
MAS generates results, in particular their understanding of which 
agents were involved and what contributions they made [16, 23]. 
We then examine the effects on trust, emphasizing how partici-
pants calibrated their trust according to their condition. Finally, we 
analyze the perceived cognitive load across the conditions. 

At the quantitative level, we did not observe significant differ-
ences between conditions across explainability (ESS), trust (TAI), 
or cognitive load (NASA-TLX) (all 𝑝 > .10, 𝜀 2 < .05, see Table 4, 
Table 5, and Table 6). Bayesian analyses consistently favored the 
null model (𝐵𝐹10 < 0.50), suggesting that there were no signif-
icant differences across trust, but also confirmed that cognitive 
load remained comparable between conditions. Reliability analy-
ses confirmed acceptable to good internal consistency for adjusted 
TAI and ESS scales (trust-deltas: 𝛼 = .774, 95% CI [.719, .830]; ESS: 
𝛼 = .889, 95% CI [.853, .925]), supporting the robustness of the mea-
sures. Detailed reliability results for all scales are provided in the 
supplementary material. Given the lack of quantitative effects, we 
report pooled descriptive statistics and qualitative findings, which 
provide first insights into how participants perceived the different 
explanation designs. 

4.10.1 MAS Interaction Time. To verify that participants chatted 
diligently and conformed to their assigned condition, we analyzed 
task interaction times. After outlier removal using the box-plot 
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Figure 6: Mean task interaction times (in minutes) across the 
four conditions, shown separately for Tasks 1–4. Error bars 
indicate ±SE after outlier removal. 

method, average task interaction times (defined as the duration 
from the first user message to the last MAS message within a task) 
ranged between 4.6 and 7.5 minutes (see Figure 6). For Task 1, mean 
interaction times varied between 4.6 min (high-resolution avatar) 
and 6.4 min (low-resolution avatar), while Task 2 and Task 3 showed 
slightly longer interaction times in some conditions (e.g., 7.5 min in 
low-resolution avatar). Task 4 again resulted in comparable interac-
tion times across conditions (approximately 5.6 – 6.7 min). Standard 
errors were small, and error bars overlapped in all cases, indicating 
no substantial differences in task interaction times across condi-
tions. This confirms that participants engaged with the working 
MAS diligently and conformed across conditions. 

4.10.2 Effects on Explainability. We report pooled descriptive sta-
tistics across conditions (1 = strongly agree, 5 = strongly disagree). 
Ratings indicated more neutral judgments that all conditions aided 
understanding of how responses were generated (𝑀 = 2.60, 𝑆𝐷 = 
0.95; 𝑀𝑑 = 3), and agreement that they were satisfying (𝑀 = 2.50, 
𝑆𝐷 = 0.97; 𝑀𝑑 = 2). Participants judged that explanations pro-
vided sufficient detail (𝑀 = 2.55, 𝑆𝐷 = 0.99; 𝑀𝑑 = 2) and were 
reasonably complete (𝑀 = 2.59, 𝑆𝐷 = 1.10; 𝑀𝑑 = 2). They also in-
dicated that explanations supported effective system use (𝑀 = 2.50, 
𝑆𝐷 = 0.98; 𝑀𝑑 = 2) and were useful for achieving task goals 
(𝑀 = 2.33, 𝑆𝐷 = 0.93; 𝑀𝑑 = 2). Participants were more neu-
tral about using the explanations to judge the system’s accuracy 
(𝑀 = 2.76, 𝑆𝐷 = 1.03; 𝑀𝑑 = 3). However, our thematic analysis 
provided more insights into how the different conditions shaped 
participants’ experiences. 

Explanation satisfaction. Participants expressed mixed reactions 
to the different explanation formats. Low-resolution textual explana-
tions were sometimes appreciated for their clarity and minimalism: 
"I like the minimalism of this and I don’t want to be overwhelmed 
with information" (P3) and other times dismissed as superficial or 
ignored: I saw what it said that it uses a special agent for this, but 
not really paid much attention to it" (P2). Similarly, merged avatars 
in the low-resolution avatar condition were noticed but often re-
garded as decorative and of limited informational value: “I didn’t 
use that difference on the drawings or whatever to help me. So I 
just was neutral about that” (P6). High-resolution textual explana-
tions provided more transparency for some participants: "So then 
it’s easier for me to find that specific information probably" (P13) 

while others "blended it out" (P15). By contrast, separate avatars 
next to each contribution were widely perceived as useful, allowing 
participants to quickly identify the type of information provided: 
"It could guide me, for example, [...] I just needed some fresh ideas 
on it, then I would [...] go directly to the second answer based on 
the avatar [...] that would help me save time" (P16). 

Mental models of agent involvement. Across conditions, partic-
ipants differed in their understanding of the MAS. In the low-
resolution textual condition, most interpreted the system as a single 
agent: "I felt like I was talking to the same person"(P3). Similar im-
pressions emerged with merged avatars, where the symbolic cues 
(e.g., light bulb for idea generation) were noted but rarely led to 
a strong sense of multiple agents: “When I saw the light bulb, I 
thought that was giving new ideas. That’s what I interpreted” (P6) 
and “It sounded the same like one person” (P8). High-resolution tex-
tual explanations increased awareness of multiple agents: "I think 
there were multiple because it says like [...] this response used an 
agent specialized [...]” (P13) while others still perceived the system 
as a single agent: “It felt like one. Because the tone was about the 
same like speech wise just kind of the same [...]” (P11). The clearest 
differentiation arose in the high-resolution avatar condition where 
avatars helped participants describe outputs as distinct perspec-
tives: "I got like different perspectives and then I could choose a 
little bit if I wanted the data analytics perspective for the question or 
just a general [...] summary of the topic" (P20). Still, even here some 
participants framed the system as a single entity with “different 
personalities” (P17). 

4.10.3 Effects on Trust. We report pooled descriptive statistics for 
the trust deltas (−4 to +4 per item; note that negative values indicate 
higher agreement). Overall changes in trust were minimal (𝑀 = 
0.11, 𝑆𝐷 = 0.21; 𝑀𝑑 = 0.00). Items with slightly more positive 
shifts included perceived efficiency (𝑀 = 0.18, 𝑆𝐷 = 1.15) and 
feeling safe in relying on the system (𝑀 = 0.21, 𝑆𝐷 = 1.02), while 
agreement with being wary of the system also increased slightly 
(𝑀 = −0.22, 𝑆𝐷 = 1.22). 

Trust calibration. Nevertheless, qualitative data suggested that 
explanations across conditions shaped how participants calibrated 
their trust in the MAS. In the low-resolution textual condition, 
some participants described the short explanation as a reminder 
to remain cautious, noting that it helped "keeping in mind that 
the answers might not be completely accurate [...]" (P1). Others 
reported greater confidence when multiple agents were mentioned: 
"I felt more confident in trusting the answer when there was sev-
eral agents" (P3). By contrast, merged avatars in the low-resolution 
avatar condition were mostly perceived as neutral cues, with par-
ticipants emphasizing that they did not affect trust because they 
were seen as decorative: "They did not decrease or increase my 
trust [...] because I was not even paying a lot of attention to them" 
(P9). High-resolution textual explanations produced mixed effects. 
For some, knowing that a specialized agent contributed provided 
confirmation: “it gives you like a sort of a confirmation that you can 
trust the information when you know it’s a specialized agent” (P13). 
Others stated that it did not influence trust because they “blended it 
out” (P15). Distinct avatars in the high-resolution avatar condition 
had the clearest influence on trust, as several participants described 
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greater confidence when multiple perspectives were visible: “the 
different pictures helped to trust the system in general because I 
was like if all the angles check out then [...] it’s probably true” (P20). 
At the same time, other participants emphasized that avatars were 
simply an additional cue and did not meaningfully affect trust: “I 
mean, the avatars are just an extra cue, nothing else to me” (P16). 

Agent-dependent trust. In addition to calibration effects, some 
participants expressed trust that varied depending on the specific 
agent involved. For example, in the low-resolution textual condi-
tion, one participant reported greater confidence in MAS outputs 
that used a factual agent: "When it said that it’s using like factual 
information agent, I more trusted the agent [...]" (P4). In the high-
resolution text condition, the explicit mention of specialization 
reinforced trust: “it gives you like a sort of a confirmation that you 
can trust the information when you know it’s a specialized agent” 
(P13). Similarly, in the high-resolution avatar condition, one partic-
ipant emphasized reliance on particular agents: “Then, of course, I 
knew in the third one that I could rely on it as well” (P20). 

4.10.4 Effects on Cognitive Load. First, we report descriptive sta-
tistics for the raw (unweighted) NASA-TLX (0–20 per subscale; 
lower = lower workload; Performance reverse-scored so higher 
= greater cost). Overall workload (mean of subscales) was mod-
erate (𝑀 = 9.49, 𝑆𝐷 = 3.62; 𝑀𝑑 = 9.67). The largest contribu-
tors were Mental Demand (𝑀 = 12.43, 𝑆𝐷 = 5.24; 𝑀𝑑 = 14) and 
Effort (𝑀 = 11.99, 𝑆𝐷 = 5.06; 𝑀𝑑 = 12), followed by Temporal 
Demand (𝑀 = 10.78, 𝑆𝐷 = 5.87; 𝑀𝑑 = 12) and perceived Perfor-
mance cost (𝑀 = 9.57, 𝑆𝐷 = 4.76; 𝑀𝑑 = 10). Frustration was lower 
(𝑀 = 8.48, 𝑆𝐷 = 5.86; 𝑀𝑑 = 8), and Physical Demand was minimal 
across conditions (𝑀 = 3.72, 𝑆𝐷 = 5.24; 𝑀𝑑 = 1). 

Minimalism & ignorability. Low-resolution explanations, whether 
textual or avatars, were typically seen as unobtrusive and easy to 
ignore. Participants noted that they focused primarily on the MAS 
output, describing the minimalism as preferable: “I like the minimal-
ism of this and I don’t want to be overwhelmed with information” 
(P3), while others emphasized that “what matters is the content of 
the message. So I don’t think it makes that difference” (P1). Sim-
ilarly, in the merged avatar condition, participants dismissed the 
visual cues as neutral: “no, they did not bother me” (P9) or admitted 
to “not paying much attention to the pictures” (P10). 

Confusion vs. support. In contrast, high-resolution textual ex-
planations were more likely to introduce confusion. Several par-
ticipants described being unsure whether they were reading an 
explanation or a response: "I found myself confused, like, okay, is 
this my response or is this [...] just the information about the agent" 
(P11). Another participant criticized the detailed explanation text 
as distracting: "too much text in addition to the messages" (P14). 
Here, participants suggested to make "it stand out more" (P11) and 
to "make it more visual [...] like arrows to show the interaction" 
(P15). Other participants admitted that they simply ignored it: “I 
mean, in the task, I didn’t pay attention to it” (P12). Still, a minority 
of participants found the explanation "clear to read" (P13). In con-
trast, the distinct avatars in the high-resolution avatar condition 
were generally experienced as supportive rather than cognitively 
demanding. Participants emphasized that the avatars helped them 
focus and distinguish between contributions: "I think having just 

the text and the images, it’s pretty neat. It kind of helps you keep 
focused. Not too much is happening on the screen" (P16). Another 
participant highlighted the ease of use: "I found the system very 
easy, useful, simple to understand. I liked the pictures. It gave clear 
and quick answers about what I was asking for" (P18). Another 
participant stated that its initial confusion was quickly resolved: "In 
the beginning, I was totally confused that I got not one response, 
but four or five. But that was quickly resolved" (P20). 

4.10.5 Summary. Consistent interaction times across tasks and 
conditions suggest that participants engaged diligently and con-
formed to the assigned condition throughout the study. Across all 
conditions, participants’ perceptions of the different explanation 
designs appeared to shape their perceived explainability, trust, and 
cognitive load in different ways. Quantitative results did not reveal 
significant differences between conditions; therefore, we cannot 
clearly accept or reject our hypotheses. However, qualitative find-
ings provide initial indications of differences, and we address poten-
tial reasons for this discrepancy in the discussion section (5.3). As a 
reminder, H1 hypotheses address the effects of modality (avatars vs. 
text), H2 hypotheses address the effects of explanation resolution 
(high vs. low), and a, b, and c hypotheses refer to perceived explain-
ability, trust, and cognitive load, respectively. For H1𝑎, we found 
tentative qualitative support. While low-resolution merged avatars 
were often described as decorative and did not substantially improve 
participants’ understanding of agent involvement, high-resolution 
distinct avatars were perceived as helping participants distinguish 
between different agents and contributions, which may have sup-
ported more accurate mental models than participants in textual 
explanation conditions. For H1𝑏, the evidence is qualitatively incon-
clusive. Low-resolution avatars had little to no influence on trust. 
High-resolution avatars, however, were sometimes described as 
leading to higher trust compared to textual explanations. For H1𝑐 , 
we found preliminary qualitative support. Both low-resolution and 
high-resolution avatars were typically described as unobtrusive, 
whereas high-resolution textual explanations sometimes caused 
confusion or distraction. For H2𝑎 we found tentative qualitative 
support. High-resolution avatars seemed to support participants’ 
understanding of agent specialization, whereas high-resolution 
textual explanations were more ambivalent: some participants ben-
efited from the transparency, while others ignored or found them 
confusing. For H2𝑏 we also found tentative qualitative support. 
Trust appeared to increase when specialized agents were made 
visible in the high-resolution avatar condition, but high-resolution 
textual explanations were perceived as helpful by some participants 
and distracting by others. Finally, H2𝑐 is cautiously qualitatively 
supported. Low-resolution explanations, whether textual or avatars, 
were easily ignored and added little cognitive load, as supported 
by our quantitative and qualitative analysis. High-resolution tex-
tual explanations, in contrast, occasionally introduced confusion 
and distraction, while high-resolution avatars were perceived as 
informative while adding little to cognitive load. 

5 Discussion 
In the following, we discuss our findings and limitations in two 
parts: first, we reflect on our avatar designs, which investigated how 
users perceive avatar cues in relation to areas of expertise. Second, 
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we turn to our MAS experiment, which examined how avatars and 
textual explanations shape explainability, trust, and cognitive load. 

5.1 Designing Avatars with Expertise Cues 
Visual cues can reveal agent expertise. Our results show that 

avatars A2, A3, A4, A6, A8, and A9 received significantly higher 
ratings in their designed area of expertise. Although our analysis 
did not require that avatars be rated highest in their intended area 
of expertise, participants nevertheless perceived them as clearly 
representing their intended area of expertise, which corroborates 
the effectiveness of our design. These results suggest that visual 
cues in avatars can effectively communicate their agents area of 
expertise, even when participants are not instructed to make such 
associations. Knowledge workers like Tina can therefore identify 
an agent’s expertise solely from its avatar, provided that the avatar 
is designed to represent the agent’s specialization. Prior research 
has centered on avatar design for general-purpose or social in-
teraction contexts [32]. Our results extend this work by showing 
that avatars can signal areas of expertise based on Brachman et al. 
[4]’s LLM-use subcategories in knowledge work. In doing so, our 
work provides empirical evidence for selected avatars and outlines 
a methodological approach for evaluating avatar–expertise align-
ment for specialized agents. Nevertheless, avatars A1, A5, A6, and 
A10 did not receive significantly higher ratings in only one area 
of expertise compared to all others. A possible explanation is that 
these avatars appeared more generic, for example, by simply hold-
ing sheets of paper or a laptop, which could suggest a range of 
different areas of expertise. To improve agent expertise recogni-
tion for knowledge workers, we argue that avatar design should 
therefore employ domain-specific and distinctive visual cues, for 
example, tools, attire, or symbolic elements that are strongly asso-
ciated with a given area of expertise. From a semiotic perspective, 
recognition improves when signifiers map transparently and un-
ambiguously to the intended signified [30]. Designers should also 
ensure that these cues are mutually distinctive across avatars, so 
that knowledge workers can easily differentiate between areas of 
expertise without ambiguity. Future work could build on these less 
distinctive designs to develop and evaluate avatars that address 
the remaining subcategories (E1, E5, E6, and E10) of knowledge-
workers’ use of LLMs as identified by Brachman et al. [4]. 

Beyond static images. Our avatar character and the visual cues 
were static and generated with a generative AI tool, which resulted 
in occasional inconsistencies and imperfections. We did not exam-
ine avatar customization in this study, as it would have introduced 
confounding variables and may have shifted the focus from testing 
recognition of expertise to, e.g., questions of ownership. Future 
work could enhance these avatars with professionally designed 
characters and visual cues that ensure visual coherence and ex-
plore how customization (e.g., character, colors or cues) impacts 
agent expertise recognition for knowledge workers like Tina. Prior 
work by Ha et al. [13] suggests that customized agent personas 
strengthen emotional bonds and trust compared to generic agents. 
Yet avatar personalization risk reinforcing stereotypes, as high-
lighted by Ratan and Sah [33]. In this study, we also left open 
how more dynamic representations (e.g., 3D avatars, videos, ani-
mations of interactions) may influence agent expertise recognition 

for knowledge workers. Dynamic representations could be used 
to convey areas of expertise that are difficult to express through 
static visuals, for example, solving a task in a piece of software with 
minimal human effort (E10). Prior work on explainable embodied 
agents suggests that movement-based cues, such as gestures or gaze 
can significantly enhance the transparency and intelligibility of an 
agent’s internal state and intentions [42]. Future work could there-
fore examine how to leverage dynamic avatars without introducing 
distraction or cognitive overload. 

5.2 Avatars for Explainability in MAS 
While our quantitative analyses did not reveal statistically signif-
icant differences between conditions (see Section 4.10), the qual-
itative findings help contextualize these null effects and provide 
exploratory insights into how participants perceived different ex-
planation designs. 

Explainability: Distinct high-resolution avatars perceived as sup-
porting clearer mental models. Our qualitative findings provide par-
tial support for H1𝑎 and H2𝑎 . While low-resolution avatars were 
often perceived as merely decorative and did not substantially aid 
participants’ understanding of agent involvement, high-resolution 
avatars were perceived as helping participants to distinguish be-
tween different agents and their respective contributions. These 
were described as supporting the formation of clearer and more 
accurate mental models compared to textual explanations. However, 
these perceptions should be interpreted with caution, as they were 
not reflected in statistically significant differences in the quantita-
tive measures of explainability. This implies Design Implication (DI) 
I: MAS designers may consider employing high-resolution avatars to 
let knowledge workers like Tina differentiate agents and outputs, as 
qualitative evidence suggests that they can support clearer mental 
models than textual explanations. This observation is consistent 
with and extends prior work on explanation modalities: Szymanski 
et al. [38] showed that users often preferred visual over textual 
explanations, even though they sometimes misinterpreted them, 
while Schelhorn et al. [36] demonstrated that textual CoT displays 
can increase representational fidelity in LLM-based analytics agents. 
Building on this line of work, our qualitative results suggest that 
high-resolution avatars serve as a complementary visual modality 
that may help users form accurate mental models of MASs. 

Trust: High-resolution explanations shape confidence in MAS 
output. The qualitative evidence for H1𝑏 and H2𝑏 is mixed, but 
points toward a potential role of resolution for calibrated trust. 
Low-resolution avatars had little to no influence on participants’ 
trust, as they were often ignored or dismissed as decorative. This 
in line with prior work that even suggests that overly simplified ex-
planations can undermine trust [22]. Importantly, these qualitative 
patterns did not translate into statistically significant differences in 
trust across conditions, suggesting that these effects may be subtle 
or context-dependent. This implies DI II: MAS designers may avoid 
low resolution explanations, as qualitative findings suggest they may 
have limited or even negative effects on knowledge workers’ trust. 
In contrast, high-resolution avatars were often described as increas-
ing confidence, particularly when participants perceived alignment 
across multiple agents, suggesting that visible consensus may act as 
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a trust cue. This observation aligns with Song et al. [37], who found 
that participants were more likely to shift their opinions when 
multiple agents shared the same stance rather than a single agent. 
This implies DI III: MAS designers may consider employing high-
resolution avatars to potentially increase knowledge workers’ trust, 
while remaining aware of potential confounding trust accelerators 
driven by social influence. High-resolution textual explanations, 
however, produced ambivalent reactions: while some participants 
valued the detailed transparency, others described them as distract-
ing or confusing. This implies DI III: MAS designers may consider 
using detailed textual explanations selectively based on knowledge 
workers and context, as they may either strengthen or undermine 
trust. 

Cognitive Load: Avatars remain lightweight, textual explana-
tions pose a risk of overload. Our qualitative results preliminary 
support H1𝑐 and H2𝑐 . Across conditions, participants consistently 
described both low- and high-resolution avatars as unobtrusive, 
suggesting that avatars may convey explanations without substan-
tially increasing perceived cognitive load. This aligns with the 
quantitative results, which showed no significant differences in 
cognitive load between conditions. In contrast, high-resolution tex-
tual explanations occasionally introduced confusion or distraction, 
suggesting that textual detail may risk overloading users when not 
carefully structured. This implies DI IV: MAS designers may con-
sider employing non-textual visual explanations, such as avatars, to 
to reduce the risk of cognitive overload of knowledge workers like 
Tina. Low-resolution explanations, regardless of modality, were 
often ignored and therefore seemed to add little to cognitive load, 
but also contributed minimally to participants’ understanding (DI 
II). These findings are consistent with prior work showing that 
explanation modality influences perceived cognitive effort [22]. 
Wang et al. [43] demonstrated that detailed textual reasoning in 
LLM interfaces can overwhelm users, particularly in low-risk con-
texts, while Szymanski et al. [38] reported that non-expert users 
often prefer visual explanations despite interpreting them less ac-
curately than text. In contrast, Naik et al. [29] noted that early 
adopters of MASs were concerned that high-resolution explana-
tions might overwhelm users. [9] argue that transparency should 
be designed “as good as possible” rather than aiming for exhaus-
tive detail, emphasizing context-specific solutions over universal 
guidelines. Similarly, our qualitative results preliminary suggest 
that lightweight visual explanations, such as avatars, may support 
knowledge workers mental models of MASs without overwhelming 
them, whereas textual explanations require careful structuring to 
avoid confusion. 

5.3 Limitations and Future Work 
Like any other study, our work comes with limitations that should 
be addressed in future work. Regarding our avatar design research, 
we focused on static avatars, leaving open how dynamic avatars 
or customized avatars might affect expertise recognition. Future 
work should address these limitations by extending avatar designs 
beyond static representations. Second, our mapping of areas of 
expertise was grounded in Brachman et al. [4], a categorization not 
intended as a foundation for distinctive avatar design, which may 

have constrained category discriminability and the distinctiveness 
of avatar cues. 

Absence of Significant Differences. The first limitation of the 
MAS experiment is that we were unable to capture significant 
quantitative results. Our analysis of interaction times indicates that 
participants engaged seriously with the MAS. Nevertheless, we 
may not have fully reproduced the real-life pressures of knowledge 
workers like Tina, where professional performance has tangible con-
sequences. As a result, participants may have engaged less strongly 
with the provided explanations than knowledge workers whose 
jobs depend on high-quality decisions. We believe that such mo-
tivational dynamics are difficult to capture in an artificial setting, 
and we recommend that future research conduct longitudinal field 
studies in authentic work contexts to examine how explanation 
modalities and resolutions affect knowledge workers. Legal compli-
ance and data protection obligations prevented us from conducting 
such studies. Second, as we made wording adaptations to the TAI 
and ESS items to match the pre-use and study context, potential 
influences on the scales’ validity cannot be fully excluded. How-
ever, these adaptations were purely linguistic and did not alter the 
underlying constructs. We verified the internal consistency of these 
scales using Cronbach’s alpha. Reliability was acceptable to good 
across all measures (𝛼 > .77), indicating that the scales performed 
robustly despite linguistic adaptations. Exact reliability coefficients 
for each scale are reported in the supplementary material. Future 
work could further examine the robustness of these measures across 
different contexts. It is also possible that the selected quantitative 
questionnaires did not fully capture the nuanced perceptual dif-
ferences observed in the qualitative data, suggesting the value of 
complementary mixed-methods approaches in future research. An-
other limitation concerns our reliance on crowd workers. Although 
this allowed us to recruit a diverse online sample, crowd workers 
may differ from professional knowledge workers in terms of mo-
tivation, domain expertise, and accountability. These differences 
limit the generalization of our findings, highlighting the need for 
future studies to investigate explanation modalities and resolutions 
with professionals. 

Scalability. While our research suggests that avatars can sup-
port the perception of agent expertise and contribution in small-
sized MAS, designing and validating distinctive avatars for a larger 
number of agents is challenging. As the number of agents grows, 
visual distinctiveness becomes harder to maintain, and the evalu-
ation effort increases substantially. Future work should therefore 
explore scalable strategies for representing areas of expertise, for 
instance, through systematic design frameworks or adaptive vi-
sualizations, to ensure that avatar-based explainability remains 
feasible in larger MAS. Last, our samples consisted of online partic-
ipants from the European Union, limiting generalization to other 
cultural contexts and professional knowledge workers. Prior CHI 
work shows that the interpretation of images, symbols, and colors 
varies across cultures [35]. As a result, future work should also 
examine the role of cultural background and domain expertise by 
conducting cross-cultural and field studies. 
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6 Conclusion 
In this work, we set out to enhance explainability in MASs, enabling 
knowledge workers to understand which agents contributed to a 
result. For this 12 researchers co-designed in 2 iterations 11 avatars 
representing areas of expertise. We showed that avatars can be 
designed to convey a single area of expertise. This provided a vi-
sual basis for representing agent roles without increasing cognitive 
load. While low-resolution textual explanations or merged avatars 
were often ignored, qualitative findings suggested that distinct high-
resolution avatars next to each agent’s output were perceived as 
supporting explainability and calibrated trust while not adding to 
perceived cognitive load. At the same time, our findings highlight 
important trade-offs: textual explanations can risk overwhelming 
users if not carefully structured, and avatar-based consensus cues 
may shape trust beyond transparency. We provide validated avatar 
designs from our first study, qualitative empirical insights on expla-
nation designs from our second study, and concrete design implica-
tions for balancing explainability, trust, and cognitive load in MASs. 
Future research should investigate how avatar-based explanations 
can scale to larger MAS, adapt to cultural contexts, and move be-
yond static representations toward more dynamic visualizations 
that support knowledge workers in practice. 
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A Statistical Test Results 

Table 3: Results of the Friedman tests and Bayesian repeated-
measures ANOVAs across the 10 areas of expertise for each 
avatar, including Kendall’s W and 𝐵𝐹10. 

Avatar 𝜒 2 𝑝 𝑊 𝐵𝐹10 

A1 138.34 < .001 0.169 5.432 × 1021 

A2 333.68 < .001 0.407 5.715 × 1087 

A3 269.61 < .001 0.329 5.808 × 1067 

A4 217.84 < .001 0.266 5.973 × 1051 

A5 153.06 < .001 0.187 7.432 × 1024 

A6 246.00 < .001 0.300 4.423 × 1054 

A7 149.04 < .001 0.182 3.023 × 1028 

A8 207.26 < .001 0.253 2.411 × 1055 

A9 192.66 < .001 0.235 4.654 × 1045 

A10 112.12 < .001 0.137 6.738 × 1022 

A11 21.40 .011 0.026 8.329 

Table 4: Kruskal–Wallis and Bayesian results for the seven 
ESS items across the four conditions. 

Item 𝜒 2 𝑝 𝜀 2 𝐵𝐹10 

Q1 1.342 .719 .011 0.073 
Q2 3.372 .338 .028 0.114 
Q3 1.865 .601 .016 0.087 
Q4 1.012 .798 .008 0.053 
Q5 2.059 .560 .017 0.062 
Q6 5.040 .169 .042 0.427 
Q7 5.503 .138 .046 0.352 

Table 5: Kruskal–Wallis test results for trust deltas (TAI) 
across conditions, complemented by Bayes factors (𝐵𝐹10). 

Item 𝜒 2 𝑝 𝜀 2 𝐵𝐹10 

ΔQ1 1.739 .628 .014 0.102 
ΔQ2 5.041 .169 .042 0.170 
ΔQ3 2.715 .438 .023 0.060 
ΔQ4 1.696 .638 .014 0.078 
ΔQ5 5.327 .149 .044 0.488 
ΔQ6 6.084 .108 .051 0.278 
ΔQ7 3.168 .366 .026 0.204 
ΔQ8 5.735 .125 .048 0.284 

Table 6: Kruskal–Wallis test results for NASA-TLX subscales 
across conditions, complemented by Bayes factors (𝐵𝐹10). 

Subscale 𝜒 2 𝑝 𝜀 2 𝐵𝐹10 

Effort 0.211 .976 .002 0.050 
Frustration 0.721 .868 .006 0.065 
Mental 0.754 .860 .006 0.060 
Performance 0.464 .927 .004 0.057 
Physical 0.737 .864 .006 0.057 
Temporal 4.594 .204 .038 0.217 

B Tasks 

Table 7: Tasks developed. 

Compare two features for our app: Eco Habit Tracker and 
Community CO2 Challenges. Which of these two features 
should we continue to develop for our app? Please justify 
your choice by explaining why it is the better option com-
pared to the other and outlining the key differences that 
support your decision. You may clarify the concepts, surface 
relevant facts, consider regional test usage data, or imple-
mentation ideas. 

Compare two features for our app: Eco Marketplace and Sus-
tainable Route Planner. Which of these two features should 
we continue to develop for our app? Please justify your 
choice by explaining why it is the better option compared 
to the other and outlining the key differences that support 
your decision. You may clarify the concepts, surface relevant 
facts, consider regional test usage data, or implementation 
ideas. 

Look at the usage data for the Personalized Eco Coach and 
provide a possible explanation for why it looks the way it 
does. Then, explain the concept behind the Personalized Eco 
Coach so the development team can better understand how 
it works and what might influence these results. You may 
clarify the concepts, surface relevant facts, consider regional 
test usage data, or implementation ideas. 

Compare the two features for our app: Green Product Scan-
ner and CO2 Savings Leaderboard and assess whether we 
should continue developing one of them or instead consider 
introducing a new feature idea. Please justify your choice 
by explaining why it is the better option compared to the 
other (or why a new idea is preferable) and outlining the key 
differences that support your decision. You may clarify the 
concepts, surface relevant facts, consider regional test usage 
data, or propose concrete implementation ideas. 
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C Questionnaires & Interview Guide 

Table 8: NASA Task Load Index (NASA-TLX) items. 

Dimension Item 

Mental Demand How much mental and perceptual activity was 
required (e.g., thinking, deciding, calculating, 
remembering, looking, searching)? 

Physical Demand How much physical activity was required (e.g., 
pushing, pulling, turning, controlling, activat-
ing)? 

Temporal Demand How much time pressure did you feel due to 
the rate or pace at which the tasks occurred? 

Performance How successful were you in accomplishing 
the goals of the tasks set by the experimenter? 

Effort How hard did you have to work (mentally 
and physically) to accomplish your level of 
performance? 

Frustration How insecure, discouraged, irritated, stressed, 
and annoyed versus secure, gratified, content, 
relaxed, and complacent did you feel during 
the tasks? 

Table 9: Adjusted (pre-use) and original TAI questionnaire 
items. 

Adjusted (pre-use) Original 

I am confident in the system. I 
feel that it will work well. 

I am confident in the [tool]. I 
feel that it works well. 

I expect the outputs of the sys-
tem to be very predictable. 

The outputs of the [tool] are 
very predictable. 

The system seems very reliable. 
I will count on it to be correct 
all the time. 

The [tool] is very reliable. I can 
count on it to be correct all the 
time. 

I will feel safe that when I rely 
on the system I will get the right 
answers. 

I feel safe that when I rely on 
the [tool] I will get the right an-
swers. 

I expect the system to be 
efficient and deliver results 
quickly. 

The [tool] is efficient in that it 
works very quickly. 

I feel wary of the system, even 
before using it. 

I am wary of the [tool]. 

I believe the system can per-
form the task better than a 
novice human user. 

The [tool] can perform the task 
better than a novice human 
user. 

I feel positive about using the 
system for decision making 

I like using the [tool] for deci-
sion making 

Table 10: Adjusted and original Explanation Satisfaction 
Scale (ESS) items. 

Adjusted Original 

From textual or visual cues 
in the chat interface, I under-
stand how the system comes 
up with a response. 

From the explanation, I know 
how the [software, algorithm, 
tool] works. 

The textual or visual cues in 
the chat interface of how the 
system comes up with a re-
sponse were satisfying. 

This explanation of how the 
[software, algorithm, tool] 
works is satisfying. 

The textual or visual cues in 
the chat interface of how the 
system comes up with a re-
sponse provided sufficient de-
tail. 

This explanation of how the 
[software, algorithm, tool] 
works has sufficient detail. 

The textual or visual cues of 
how the system comes up with 
a response seem complete. 

This explanation of how the 
[software, algorithm, tool] 
works seems complete. 

The textual or visual cues of 
how the system comes up with 
a response helped me under-
stand how to use the system 
effectively. 

This explanation of how the 
[software, algorithm, tool] 
works tells me how to use it. 

The textual or visual cues in 
the chat interface of how the 
system comes up with a re-
sponse were useful for achiev-
ing my task goals. 

This explanation of how the 
[software, algorithm, tool] 
works is useful to my goals. 

The textual or visual cues in 
the chat interface helped me 
judge how accurate the sys-
tem is. 

This explanation of the [soft-
ware, algorithm, tool] shows 
me how accurate the [soft-
ware, algorithm, tool] is. 
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Table 11: Semi-structured interview guide. 

No. Question 

Avatar 

1 Did you notice the presence of an avatar? 
2 What do you think was the purpose of the avatar(s)? 
3 Did you find the avatar(s) useful? If so, why? If not, why? 
4 What did you like about the avatar(s)? Why? 
5 What did you not like about the avatar(s)? Why? 
6 Do you have any ideas how we could improve the avatar(s), 

e.g., make it clearer what they do? 

Textual Explanations (if applicable) 

I Did you notice the presence of textual explanations? 
II What do you think was the purpose of the textual explana-

tions? 
III Did you find the textual explanations useful? If so, why? If 

not, why? 
IV What did you like about the textual explanations? Why? 
V What did you not like about the textual explanations? Why? 
VI Do you have any ideas how we could improve the textual 

explanations, e.g., make them more helpful? 

System Experience 

7 Did you feel like you had one chat partner or multiple chat 
partners? Why? 

8 Did you trust the responses of the chat system? If so, why? 
If not, why? 

9 Did you find it easy to solve the tasks using the chat system? 
If so, why? If not, why? What (could have) helped you? 

10 Could you solve the tasks quickly using the chat system? If 
so, why? If not, why? What (could have) helped you? 

11 For which of your tasks could you imagine using the sys-
tem? 

12 Any other comments or thoughts you wish to share? 
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