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Abstract— This work investigates how User-Centered Design
principles can be applied to enhance explainability in Large
Language Model interfaces. While technical advances in ex-
plainable Artificial Intelligence have focused predominantly
on algorithmic transparency, much less attention has been
given to user needs and perceptions. A quantitative study with
52 participants evaluated user perceptions of usability and
explainability across several Large Language Model interface
mockups. Results show that user-centered explainability de-
sign contributes positively to user comprehension of the system
and its behavior, supporting the assumption that interface-
level explainability can make complex Artificial Intelligence
systems more understandable. Furthermore, the study found
a positive relationship between explainability and usability,
suggesting that well-designed explainability features not only
improve understanding but also increase perceived usability.
The findings highlight the need to integrate explainability into
early stages of interface design and suggest design features
for developing intelligible, usable, and trustworthy Artificial
Intelligence.

Keywords–Artificial Intelligence; Human-Computer Interac-
tion; User-Centered Design; Trust; Explainability.

I. INTRODUCTION
Recent advances in Artificial Intelligence (AI), including

autonomous driving [1], video based AI content detec-
tion [2] and methods for mitigating hallucinations in Large
Language Model (LLM) [3] have intensified discussions
around trust in AI. Unlike earlier technologies, AI systems
solve complex problems, engage in natural-language in-
teraction, and provide domain-specific solutions based on
large knowledge bases. These capabilities challenge tra-
ditional interaction concepts and make multidisciplinary
evaluation of the dynamics of Human-AI Interaction (HAI)
increasingly important [4]. Trust in AI can be defined as
the user’s expectation that a system and its provider behave
reliably and fulfill legal and ethical responsibilities through-
out the interaction [5] [6]. Trust also involves the belief that
the system will support user goals despite uncertainty and
vulnerability [7].

Research on trust in automation provides an important

foundation for trust in AI. Autonomous systems may be un-
derstood as forms of automation that select information and
act toward goals with minimal human intervention, while
humans retain supervisory authority [7] [8]. Preliminary
research identified the automation conundrum: as automa-
tion becomes more reliable, operators may lose situational
awareness and become less able to intervene effectively [9].
As AI systems become more autonomous, the risk of out-of-
the-loop errors increases, leading to reduced user control.
Conversely, establishing user control contributes to reliable
task completion.

Users often develop distorted perceptions of AI capa-
bilities. Some overestimate performance, resulting in au-
tomation bias, while others underestimate the risks of
autonomous decision-making [10]. Initially, users approach
AI with skepticism because limited prior experience makes
system behavior less predictable [11]. Related to this is
users’ disproportionate loss of confidence in algorithmic
performance when confronted with system errors [12]. This
phenomenon, often referred to as algorithmic aversion, con-
trasts with a preference for human decision-makers, even
in cases where human performance is substantially less
accurate than that of the algorithm. Establishing trust in
AI thus requires supporting users in forming an accurate
understanding of system capabilities and limitations, partic-
ularly in situations where errors might otherwise undermine
confidence.

Effective collaboration with autonomous systems re-
quires calibrating user trust to actual system capabilities.
Calibrated trust aims to prevent both overtrust and dis-
trust, each of which can result in inappropriate reliance or
disuse [7]. Although this challenge is well known in au-
tomation research, the increasing capabilities of AI systems
are creating new challenges for interaction design. In this
context, explainability plays an increasingly important role
in guiding system design [10] [13]. Explainability is driven
by two key characteristics of AI: (i) model complexity
and (ii) non-deterministic outputs [14]. Many AI systems
function as black boxes whose internal decision processes
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are difficult for non-experts to understand [15]. In addi-
tion, unlike conventional software, AI systems (particularly
LLMs) may produce substantially different outputs even in
response to small prompt changes. Clarifying system capa-
bilities and limitations can help users form more accurate
mental models, support initial trust, and improve human-AI
collaboration [16].

Leveraging explainability in user interaction with AI
systems can help transform opaque black-box models into
more transparent glass-box systems. Design strategies for
calibrated trust include communicating past performance,
exposing relevant algorithmic processes or intermediate
results, simplifying operational logic, and clarifying the
algorithm’s purpose and intended scope [7] [9]. Effective
AI integration requires alignment with users’ needs and
behaviors via the User-Centered Design (UCD) approach.
UCD was developed to support the alignment of technolog-
ical solutions with the needs of clients and end users [17].
Its methodology centers on integrating user feedback, often
through usability testing. Applied to explainability, a UCD
perspective examines how users experience AI interactions
and how explainability measures contribute to usability.

As AI stakeholders differ in goals, knowledge, and usage
contexts, explanations must be tailored accordingly [18].
Insights from the social sciences suggest that interfaces
should support user reasoning by presenting explanations
together with plausible alternatives [19]. Effective explana-
tions should also communicate what happened, what data
were used, and when anomalous or unexpected behavior
occurs. In this way, AI systems do not merely justify outputs
but support users in evaluating options, maintaining control,
and engaging meaningfully with the system.

Claims about explainability and usability must be vali-
dated through close examination of user interactions. This
study adopts an interdisciplinary perspective on HAI [18],
focusing on LLM-based systems, and explores how ground-
ing explainability in UCD can help transfer established
design practices to emerging AI technologies. Rather than
addressing model transparency or algorithmic optimization,
it examines how interface-level design elicits, presents, and
supports explanations that are meaningful to users. By in-
vestigating user preferences for explainability features, this
study aims to generate actionable insights for designing
AI systems that are understandable, usable, and potentially
conducive to calibrated trust. This work is guided by two
research questions:

RQ1: To what extent does User-Centered Design for
explainability shape user understanding of intelligent
systems?

RQ2: How do explainability-oriented UI features,
informed by design principles, affect user perception
of system usability?

For the quantitative evaluation, two hypotheses are de-
rived. H1 tests whether User Interface (UI) design based on
a user-centered approach to explainability positively influ-
ences user understanding of the system. H2 tests whether
LLM-based interfaces with design elements that improve
explainability achieve higher perceived usability.

H1: UI design based on a user-centered approach to
explainability positively influences user understand-
ing of the system.

H2: LLM-based interfaces that include design ele-
ments enhancing explainability will score higher in
perceived usability.

The paper is structured as follows: Section II describes the
related work. Section III presents the research methodology.
Section IV reports the results, followed by a conclusion and
future work in Section V.

II. RELATED WORK
Related work in Explainable Artificial Intelligence (XAI)

seeks to make complex AI systems and their outputs under-
standable to stakeholders, particularly in high-risk, domain-
specific contexts [20]. It supports tasks, such as reviewing
outputs, building trust, and diagnosing errors [21]. While
XAI has advanced at the level of machine learning engi-
neering, efforts to reduce user uncertainty and increase
transparency have yet to fully reach the interface level [22].

The evaluation of XAI systems can follow several comple-
mentary approaches that may be applied independently or
in combination [23] [24], including application-grounded,
human-grounded, and functionally grounded evaluation,
which assess interpretability through real-world tasks, con-
trolled experiments, and proxy metrics, such as fidelity,
sparsity, and stability. Current research in XAI shows criti-
cal gaps in substantiating claims about interpretability and
usability. Suh et al. [25] conducted a large-scale analysis
of 18,254 XAI papers and identified 253 that explicitly ref-
erenced human-related terms, of which only 128 included
some form of human evaluation, revealing that merely 0.7%
of XAI literature empirically validates claims of explain-
ability.

Recently the focus has shifted towards human-centered
XAI, which emphasizes explanations that are actionable and
understandable for intended users, prioritizing user goals,
contexts, and cognitive capacities rather than focusing solely
on technical model interpretability [26] [18]. A broader,
complementary perspective is Human-Centered AI (HCAI),
which aims to shape AI system design around the needs
of diverse stakeholders and to balance human autonomy
with advanced computer automation [4] [27]. Within the
context of HAI, explainability is not restricted to technical
XAI methods for evaluation but involves a rigorous view of
the dynamics of interaction.

Several frameworks have established design guidance for
AI interfaces, including the widely cited general guidelines
for Human-AI Interaction by Amershi et al. [14]. Some
of these guidelines emphasize explainability through clear
communication of system capabilities, behavior, perfor-
mance, and outcomes. Similarly, Eiband et al. [22] propose
a process-oriented framework for transparency design that
supports more accurate user mental models of intelligent
systems. Shneiderman [27] introduces the Prometheus Prin-
ciples as part of the HCAI paradigm. When applied at
the UI level, these principles aim to enable users to track
system operations, understand the current system state, and
relate outcomes to preceding actions, thereby strengthening
perceived control and self-efficacy.
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III. METHODOLOGY
To address the proposed research questions and hypothe-

ses, a quantitative survey-based study was conducted. The
following subsections describe the survey design, partici-
pants, and evaluation metrics.

A. Survey Design
The survey comprised three sections: an introductory

demographic part, a guided evaluation of mockup designs
with user ratings, and a final open-ended question for ad-
ditional feedback. The demographic section collected data
on age, academic background, occupational field, and prior
experience with chat-based LLM systems. The main sec-
tion of the survey was divided into three subsections, each
introduced by brief instructions and accompanied by one
or two mockups (see Figures 1 and 2). A vacation-planning
scenario framed all examples in order to keep participants
focused on the explainability features rather than changing
task contexts. Participants were instructed to assume the
role of a user interacting with the AI system.

Each section presented a specific UI interaction pattern
in response to a user query within the vacation-planning
scenario. Participants reviewed the presented interface el-
ements and were asked to evaluate system usefulness and
their satisfaction with the explanations. Each subsection
used a seven-point scale for perceived usability, as recom-
mended by Lewis et al. [28], and a five-point Likert scale,
following Hoffman et al. [29], assessing explanation quality
in terms of trust, clarity, and sufficiency of detail.

Figure 1. Mockup of evidence card (a) for the third subsection of the
guided evaluation. The interface displayed a chat response with

suggestions and clickable source buttons.

Figure 2. Mockup of evidence card (b) for the third subsection of the
guided evaluation. The opened source tab displayed the referenced source

supporting the suggestion.

The three mockups combined established and novel

explainability interventions (see Table I). The general layout
followed existing conversational AI systems, especially
OpenAI’s ChatGPT, while the visual design was deliberately
simplified to reduce distraction and keep attention on the
explainability elements. The mockup responses were based
on a real-world query generated with ChatGPT 5. The
first mockup introduced the role qualifier, which explicitly
defined the AI system’s function within the interaction
based on the user’s initial prompt. The subsequent mockups
presented established explainability mechanisms: stepwise
reasoning, which structured the AI’s rationale sequentially,
and evidence cards with hyperlinks, which clarified the data
sources underlying the responses. The final section invited
participants to provide qualitative feedback on HAI, the
presented design features, and the survey itself.

Table I. Overview of ui-designs for explainability.

Feature Goal ESS
Role Qualifiers Support user understanding of

its intended behavior
Clarity

Stepwise reason-
ing

Prevent cognitive overload Sufficiency of
detail

Evidence Cards Enhances output credibility Trustworthi-
ness

B. Participants
Participants were recruited through multiple channels.

Employees of a small IT company and its parent company
in B2C tech sales were invited to participate. The survey
link was also shared via internal professional networks
of a large German media company, specifically in groups
related to technology, engineering, and AI. In addition,
the survey was distributed through broader professional
networks. The survey remained online for one month. A
total of 55 responses were collected, of which 52 were
retained after screening for completeness and response
quality (𝑛 = 52).

Data were exported from Google Forms to Microsoft
Excel for minor cleanup and then imported into VS Code
for statistical analysis in a Jupyter Notebook. All collected
data were processed in compliance with the GDPR. The de-
mographic data indicated that nearly half of the participants
(48.1%) held an academic degree. Most participants were
long-term employees (82.7%), while only a small share were
in early career stages (0–5 years) or identified as students or
trainees. Prior exposure to LLMs was high: approximately
75% of participants rated themselves as experienced users
(levels 3–5), whereas about 25% considered themselves
novices (levels 1–2).

C. Metrics
To assess both usability and explainability constructs out-

lined in the hypothesis two standardized metrics designed
for survey-based data collection were employed. Perceived
usability was measured using the Usability Metric for User
Experience (UMUX)-Lite, a shortened version of the origi-
nal UMUX [28]. UMUX-Lite captures two core dimensions:
functional adequacy (“This system’s capabilities meet my
requirements”) and ease of use (“This system is easy to
use”). Despite its brevity, the scale has demonstrated high
reliability and strong correlation with System Usability
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Score (SUS) scores, allowing conversion to the SUS scale.
Instead of using the standard two positively worded

UMUX-Lite items, the survey adopted the SUS practice
of alternating positive and negative wording to reduce
response bias, as suggested by Brooks [30]. After translation
and adaptation into German, the two items used were:
“This system is useful for completing my tasks” and “This
system is unnecessarily complex.” The first item was slightly
reformulated from “meeting requirements” to “useful for
completing tasks” in order to better fit the survey scenario.

Explainability was assessed using selected items from
the Explanation Satisfaction Scale (ESS) developed by
Hoffman et al. [29]). Although originally designed for XAI
systems, the ESS offers a structured way to evaluate how
users perceive and experience explanations. It covers central
dimensions, such as clarity, completeness, level of detail,
usefulness, and trustworthiness.

In this study, subsets of ESS items were assigned to the
different mockup sections according to the explainability
features being evaluated [29]. The second ESS item (“This
explanation of how the [software, algorithm, tool] works
is satisfying”) served as a global measure of explanation
satisfaction across all mockups. Additional items were
selected to match the explanatory goals of each design [29]:
items 4, 7, and 8 for the first mockup; items 1 and 3 for
the second; and items 5 and 6, merged into one question,
together with item 9 for the third. This structure enabled
the measurement of both overall explanation satisfaction
and feature-specific explanatory goals.

IV. RESULTS
For quantitative testing, the survey assessed the two

main variables usability and explainability using the afore-
mentioned metrics. Descriptive statistics first provide an
overview of both datasets. On the seven-point UMUX-Lite
scale, overall usability was above the midpoint (mean 5.39,
SD = 0.89) with Mockup 3 scoring highest (5.70) and
Mockup 2 lowest (5.05). Variability was modest overall and
highest for Mockup 1 (SD ≈ 1.06). For explainability (ESS),
the overall mean was likewise above the midpoint (mean
3.29, SD = 0.71). Again, Mockup 3 scored highest (3.58)
and Mockup 1 lowest (2.97), with moderate dispersion (SD
≈ 0.90).

Before inferential analysis, both datasets were tested for
normality. Given the smaple size, the Shapiro–Wilk test
and the Kolmogorov–Smirnov (KS) test were applied to the
overall UMUX-Lite and ESS datasets. While the ESS data
showed no significant deviation from normality, the UMUX-
Lite did (𝑝 < 0.001). However, the non-significant KS-test
results for both variables, together with visual inspection of
histograms and kernel density estimates, were considered
sufficient to proceed with parametric testing.

A. Usability Testing
The UMUX-Lite consists of two seven-point items. For

evaluation, responses were transformed into SUS-equivalent
scores (0–100 score) following Lewis et al. [28]. Prior to
transformation, the negatively worded second item was
reverse-coded using 𝑥 ↦→ 8 − 𝑥 for 𝑥 ∈ {1, . . . , 7}. SUS-
aligned usability scores were computed per participant and
mockup, and the overall score was obtained by averag-

ing across the three mockups. Following established SUS
benchmarks and curved grading tables [28] [31], the av-
erage UMUX-Lite score across mockups was 70.40. This
corresponds to a grade of C, typically around the 41st-59th
percentile, indicating acceptable but improvable usability.
At the mockup level, evidence cards achieved the highest
SUS-aligned usability, followed by the role qualifier, while
stepwise reasoning scored lowest (see Table II).

Table II. Usability results based on sus benchmark.

Feature Mean Grade
Role Qualifier 70.61 C
Stepwise Reasoning 66.75 C
Evidence Cards 73.84 B−

B. Explainability Evaluation
The explainability analysis tested whether ESS scores

exceeded the neutral midpoint. A one-sided t-test was
conducted, testing 𝐻0 : 𝜇 = 3.0 against 𝐻1 : 𝜇 > 3.0
at 𝛼 = 0.05, resulting in 𝑡 (51) = 2.889 and a one-sided
𝑝 = 0.0028; with 𝑛 = 52, 𝑥 = 3.29, and 𝑠𝑑 = 0.71.

The null hypothesis was therefore rejected, indicating that
the UCD explainability design was associated with higher
perceived explanation satisfaction, from which improved
user comprehension can be inferred. The distribution of
ESS scores (see Figure 3) supports this finding, with ratings
concentrated above the midpoint (mean = 3.29, median
= 3.28).

Figure 3. Explainability scores compared with neutral midpoint (3.0).

C. Bivariate Analysis
To examine the second hypothesis, a linear regression was

conducted using overall ESS as predictor 𝑥 and the trans-
formed UMUX-Lite score as outcome 𝑦. The regression
model is given by

𝑦̂ = 50.26 + 6.13 𝑥 (1)

The relationship is moderate and statistically significant,
with Pearson’s correlation 𝑟 = 0.456, coefficient of deter-
mination 𝑟2 = 0.208, and a significant slope of 𝛽1 = 6.13
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(𝑝 = 0.000688). These results present a positive linear
relationship between explainability and perceived usabil-
ity. Each one-point increase in ESS predicts an average
6.1-point increase on the usability scale. Explainability
accounted for 20.8% of the variance in usability. Because
(𝑝 < 0.05), the null hypothesis was rejected. The scatter
plot with the regression line (see Figure 4) further illustrates
this positive trend.

Figure 4. Linear regression on explainability and usability results.

V. DISCUSSION
This study examined two hypotheses related to UCD

for explainability in LLM interfaces and its relationship to
perceived usability. The first hypothesis addressed whether
a user-centered approach to explainability supports user
understanding of the system and its behavior. A one-sample,
one-sided t-test on overall ESS provided support for this
hypothesis (see 4.2). The findings indicate explanation
satisfaction above the neutral midpoint, suggesting that
UCD-based explainability can support user understanding
of AI systems.

At the feature level, three design interventions were eval-
uated: (i) role qualifiers, targeting clarity and completeness;
(ii) stepwise reasoning, addressing sufficiency of detail and
usefulness; and (iii) evidence cards, focusing on trustworthi-
ness. The global explanation item showed neutral to positive
results across all three designs, with role qualifiers scoring
= 2.97, stepwise reasoning = 3.31, and evidence cards
= 3.58. Likewise, the proportion of favorable ratings (4 or
5) increased from 55.8% to 65.4% and 84.6%, respectively.
These results indicate that evidence cards, which opera-
tionalize trustworthiness through visible sources, achieved
the highest explanation satisfaction.

The usability results showed a similar pattern (see Table
II). This suggests that evidence indicators may offer clearer
usability benefits than social-role framing, while stepwise
reasoning in its current form was perceived somewhat
less favorably. The second hypothesis examined whether
UCD-oriented explainability measurably affects perceived
usability. A linear model with ESS predicting SUS-aligned
UMUX-Lite scores revealed a moderate positive relation-
ship, indicating that a one-point increase in explanation
satisfaction corresponds to an average increase of 6.1 SUS-
aligned points.

Overall, the findings suggest that user-centered explain-

ability positively supports user comprehension and is pos-
itively associated with perceived usability. Beyond that,
the results highlight that the effectiveness of explainability
interventions depends on the specific explanatory goal they
address. In particular, calibrated trust, implemented here
through evidence cards, appears especially relevant for both
explanation satisfaction and usability.

VI. CONCLUSION AND FUTURE WORK
This work quantitatively examined (i) the relationship

between UCD for explainability and users’ general under-
standing of an interface, and (ii) the relationship between
explainability and perceived usability. To this end, a remote
survey-based usability study was conducted using static
mockups of a widely used chat-based LLM application. The
survey included fifty-two participants, most of whom had an
academic background and substantial prior experience with
LLMs. The results indicate that interface-level explainabil-
ity, when designed in a user-centered way, leads to general
satisfaction with system explanations. They also reveal a
positive relationship between explanation satisfaction and
perceived usability, suggesting that users’ evaluation of
explainability is closely tied to their broader assessment of
the interface.

Several limitations should be considered. First, the sur-
vey assumes that the implemented design features ade-
quately reflect users’ explainability needs. Although the
mockups were based largely on established UI practices,
prior feature-specific validation would strengthen this as-
sumption. Second, the use of static mockups instead of
interactive prototypes likely constrained the quality of par-
ticipant feedback. Third, remote usability testing reduced
control over participant behavior and testing conditions.
The inclusion of an objective performance measure for
usability could have further strengthened the evaluation.
The recruitment strategy may have favored individuals who
were more inclined to participate and complete the survey,
introducing potential self-selection and nonresponse bias.
Finally, it remains uncertain to what extent participants’
ratings of explainability and usability referred specifically
to the interface-level interventions rather than to the system
outputs themselves, despite instructions to focus on the UI.

The observed relationship between explainability and
usability has practical implications for UI design in AI
systems. Explainability features that present explanations
in a user-centered manner can improve comprehension by
supporting clarity, sufficiency of detail, and trust in the
provided explanations. These factors contribute to reduced
cognitive load, increased confidence in explanation quality,
and better understanding by limiting information to a level
of sufficient detail. As a result, improved explanation sat-
isfaction is associated with higher overall usability. These
findings suggest a shift in AI development from a primarily
technology-driven perspective toward a more user-centered
approach, with the aim of enhancing the quality of everyday
interactions with AI systems.

Future work should include larger and more diverse sam-
ples to enable the analysis of demographic and experience-
related effects, while controlled experiments could better
isolate the impact of interface design from properties of the
model output. Additionally, the evaluation of explainability
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features should incorporate interactive prototypes, mixed-
method approaches, and objective performance-based us-
ability measures. Advances in Human-Computer Interaction
should therefore be accompanied by stronger efforts to re-
alize explainability through interface design rather than
focusing solely on model interpretability. Research that
translates user needs for explainability into concrete user-
centered features, evaluates them in realistic contexts, and
iterates on them based on empirical evidence can advance
the maturity of HAI.
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