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Introduction

Artificial Intelligence (AI) has become a cornerstone

Abstract: Explainable Artificial Intelligence (XAI) has emerged as a crucial
aspect of building trust and transparency in Al-driven systems. However,
existing explanation methods often apply a uniform approach, overlooking
the diverse backgrounds and expertise levels of users. This paper proposes
a personalized explainable Al framework that dynamically adjusts the
complexity, depth, and presentation of machine-generated explanations
according to the user's expertise — be it novice or expert. By integrating user
modeling and adaptive explanation strategies, the system can deliver
tailored information that enhances user understanding, satisfaction, and
decision-making. We evaluate the proposed approach through experiments
involving participants with varying expertise levels interacting with Al-
based decision systems. The results show that adaptive explanations
significantly improve comprehension for both novice and expert users
compared to static, one-size-fits-all explanations. These findings highlight
the importance of user-centered design in XAI and suggest practical
pathways for future implementation in real-world applications.

Keywords: Adaptive Explanations; Al Interpretability; Human-Centered
Al Personalized Explainable Al; Transparency; User Expertise; User
Modeling.

cognitive capacity, and informational requirements
(Malamuthu et al., 2025). Novices often seek simplified,
intuitive explanations to form basic mental models,

of modern technological development, permeating
domains such as healthcare, finance, education, and
autonomous systems (Adadi & Berrada, 2018). As Al
systems increasingly influence critical decision-making
processes, concerns over transparency, accountability,
and interpretability have grown substantially, giving
rise to the field of Explainable Artificial Intelligence
(XAI) (Guidotti et al., 2018). XAI aims to reduce the
“black-box” nature of complex models by generating
human-understandable explanations of system outputs,
thereby fostering trust and supporting responsible
adoption (Ribeiro et al., 2016).

While the need for XAl is widely recognized, one of
its fundamental challenges lies in addressing the
heterogeneity of users who interact with Al systems.
Users vary in expertise, background knowledge,

How to Cite:

whereas experts prefer technical, detailed insights into
algorithms, performance metrics, or reasoning chains
(Sokol & Flach, 2022). When explanations do not align
with user expertise, misunderstandings may occur,
undermining trust, usability, and adoption (Hoffman et
al., 2018). This discrepancy highlights the urgent need
for approaches that adapt explanations to different user
groups rather than relying on static, one-size-fits-all
methods.

Personalization has therefore emerged as a
promising solution in XAl By tailoring explanatory
content to align with the cognitive and informational
requirements of users, personalized explanations can
improve understanding, trust, and satisfaction
(Georgenia Ezeji et al., 2024). The central idea is to
dynamically adjust explanation complexity, depth, and
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format according to user expertise. Such adaptation not
only reduces cognitive load but also ensures that
explanations remain contextually relevant, thereby
enhancing decision-making and user experience (Abdul
et al., 2018).

Despite increasing recognition of personalization,
relatively little research systematically addresses
dynamic adjustment strategies that differentiate
between novice and expert users. While prior works
have explored interactive explanations, adaptive
mechanisms, and user modeling, these contributions
often lack integration into comprehensive frameworks
designed to respond to evolving expertise levels
(Mohammed, 2025). This gap is significant because user
expertise is not static: novices may gradually acquire
knowledge, and experts may require varying levels of
detail depending on context. Without dynamic
adaptation, explanations risk being either overly
simplistic or unnecessarily complex.

This study addresses the gap by proposing a
framework for personalized explainable AI that
dynamically adjusts explanations for novice and expert
users. The framework combines wuser profiling
techniques with adaptive mechanisms to deliver
context-sensitive explanations (Markus et al., 2021).
Unlike prior works that primarily focus on static
personalization, our approach emphasizes dynamic
adjustment, allowing explanations to evolve with users’
changing knowledge states. To validate the framework,
we conduct empirical evaluations involving participants
across  varying  expertise levels, = measuring
comprehension, satisfaction, and trust. This study
thereby contributes not only a conceptual model but also
empirical evidence on the effectiveness of adaptive
explanations.

The importance of this research lies in its dual
contribution. First, it advances XAI by explicitly
integrating user expertise as a determinant of
explanation design. While prior works acknowledge
user diversity, few provide systematic strategies for
dynamically bridging novice and expert needs (Solanke,
2022). Second, it demonstrates practical implications: in
high-stakes applications such as medical diagnostics or
financial forecasting, mismatched explanations can have
severe consequences. By offering a scalable framework
for adaptive explanations, this study supports more
ethical, usable, and trustworthy Al adoption.

The significance of personalization in XAI has long
been emphasized in foundational works. Miller (2019)
highlighted that explanations must reflect human
cognitive processes and expectations, stressing the
psychological dimension of interpretability. Later,
Miller (2019) reinforced the importance of tailoring
explanations for user trust, especially in high-stakes

September 2025, Volume 11, Issue 9, 513-520

domains. Mohseni et al. (2021) further demonstrated the
divergent needs of novices and experts: novices require
simplified, educational explanations, while experts
demand in-depth technical details. Similarly, Brey

(2018); Holzinger et al. (2019) proposed adaptive
frameworks that adjust explanation granularity,
showing that flexibility significantly —enhances

comprehension and satisfaction. More recently, Adadi &
Berrada (2018); Sokol & Flach (2022) advocated for
explanations as dynamic artifacts, evolving with user
interactions. These contributions provide valuable
insights but have yet to be fully consolidated into a
coherent framework explicitly designed for expertise-
based dynamic adjustment.

Interactive and query-based approaches also show
promise. Teso & Kersting (2019) emphasized the value
of user-guided explanations, where individuals actively
request tailored insights. Such methods empower users
and increase transparency, but they still require
integration with systematic user profiling to ensure
scalability. Ehsan et al. (2021); Schneider & Handali
(2019) further highlighted the importance of continuous
adaptation, underscoring that personalization is not a
one-time adjustment but an ongoing process informed
by user feedback and interaction data.

These developments are summarized in Figure 1:
Literature Landscape of XAI, which illustrates the
progression of XAI research from foundational
transparency goals toward adaptive, user-centered
strategies. This landscape underscores both the progress
achieved and the gaps remaining in expertise-based

personalization.
Aadmon
Methods

il i
( Human- Literature Humafl-
Centric Gaps Landscape Centric
Gaps

\ /, of XAI

.

Need for
Adaptive XAl

M

Figure 1. Literature Land Scape of XAl

Explainable Al techniques can be broadly divided
into intrinsic and post-hoc approaches (Doshi-Velez &
Kim, 2017). Intrinsic methods involve inherently
transparent models, such as decision trees, while post-
hoc methods generate explanations for complex models
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like deep neural networks, often using tools such as
LIME or SHAP (Lundberg & Lee, 2017). While these
approaches enhance interpretability, they often assume
homogeneity of users and thus overlook expertise-based
differences. Bridging this gap requires embedding
personalization mechanisms into both intrinsic and
post-hoc methods to accommodate a spectrum of user
needs.

A central consideration in designing effective XAI
is managing cognitive load, which directly affects user
comprehension and acceptance. Novices, who face
higher cognitive demands when confronted with
complex technical details, benefit from simplified
explanations (Sweller et al., 2019). Conversely, experts
require technical depth and find oversimplified
explanations frustrating or insufficient (Hoffman et al.,
2018; Lim & Dey, 2009). High cognitive load can
undermine trust, satisfaction, and usability (Eiband et
al., 2018). Thus, explanation strategies must align with
cognitive resources, providing neither too much nor too
little information. Personalized adaptive mechanisms
that continuously assess users’ expertise and adjust
accordingly represent a promising solution (Ribera &
Lapedriza, 2019).

In summary, while significant advances have been
made in XAlI, particularly concerning interactive and
adaptive explanations, the specific challenge of
dynamically tailoring explanations to novice and expert
users remains insufficiently explored. This study
proposes a novel approach that integrates user profiling,
adaptive mechanisms, and empirical evaluation to
bridge this gap. By explicitly addressing expertise and
cognitive diversity, the proposed framework not only
advances theoretical understanding but also contributes
practical solutions for designing effective, trustworthy,
and human-centered XAI systems (Malamuthu et al,,
2025).

Method

A  mixed-methods experimental design was
adopted to evaluate the performance of the proposed
Adaptive Explainable AI (XAl) framework. The study
comprised four stages: system development, participant
recruitment and classification, controlled experimental
tasks, and data analysis. The overall workflow is
illustrated in Figure 2.

System Development

A prototype diagnostic decision-support system
was developed within a healthcare domain scenario. The
system  generated  Al-driven recommendations
accompanied by explanatory outputs. Crucially, the
explanation engine was designed with two modes: a
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static mode producing uniform explanations; and an
adaptive mode capable of tailoring the format and
complexity of explanations according to user expertise.
Adaptive features included simplified visual narratives
for novices and detailed technical rationales for experts,
enabling context-sensitive communication.

Prototype Al system
developed for diagnosc tass

A System Development

150 participants classified

B Participant Recruitment :
by expertise level

Static vs. adaptive

C Experimental Design .
explanation groups®

Understanding, Trust,
Decision Accuracy
Satisfaction

ANOVA, post-hoc tests,
thematic analysis

E Data Analysis

Figure 2. Research Process

Participant Recruitment

A total of 150 participants were recruited and
classified into three categories —novices, intermediates,
and experts —based on the results of a pre-study domain
knowledge test. This ensured systematic and objective
determination of expertise levels. Each category
contained 50 participants, who were subsequently
randomized into either the static or adaptive
experimental group using a computer-generated
random assignment procedure.

Experimental Design

Participants completed a series of diagnostic
decision-making tasks using the prototype system. The
Static Explanation Group received identical, non-
adaptive explanations regardless of expertise. In
contrast, the Adaptive Explanation Group received
explanations dynamically aligned with their classified
knowledge level. This design allowed direct comparison
of explanatory strategies in terms of their impact on user
performance.

Measures
Dependent variables included comprehension,
trust, decision accuracy, and wuser satisfaction.

Comprehension was measured through post-task
quizzes, trust through the validated Trust in
Automation Scale, accuracy via correctness of task
responses, and satisfaction through a standardized User
Experience (UX) questionnaire assessing clarity,
usefulness, and engagement.
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Data Analysis

Quantitative data were analyzed using
independent-sample t-tests and one-way ANOVA to
examine statistically significant differences between
groups. Effect sizes were reported where appropriate.
Qualitative data, derived from participants” open-ended
responses, were analyzed using thematic analysis to
identify recurring themes regarding clarity, usefulness,
and user engagement. This combination of methods
ensured a comprehensive evaluation of the adaptive
XAI framework.

Result and Discussion

Result

The evaluation of the Adaptive Explainable Al
(XAI) system was conducted across five user-centered
metrics: understanding, trust calibration, decision
accuracy, cognitive load, and user satisfaction. Each
metric was assessed through standardized measurement
instruments, as outlined in Table 1.

Table 1. Evaluation Metrics and Measurement
Instruments
Metric Measurement Approach
Understanding Post-task comprehension quizzes

Trust Calibration Trust questionnaires administered
before and after task completion
Accuracy of decision-making
outcomes

Cognitive load survey instrument
Likert-scale questionnaire on
explanation clarity, usefulness, and

engagement

Task Performance

Cognitive Load
User Satisfaction

The comparative results between the Static
Explanation Group and the Adaptive Explanation
Group are presented in Table 2. The findings indicate
that the Adaptive group consistently outperformed the
Static group across all metrics.

Table 2. Comparative Performance Between Static and

Adaptive Groups

Metric Static Adaptive  Improvement
Group Group %

Understanding 68% 86% +26

Score

Trust Score (1-5) 3.40 4.20 +24

Decision 72% 89% +23

Accuracy

Cognitive Load High Low -35

User Satisfaction 3.30 4.50 +36

(1-5)

The results show that adaptive explanations
significantly improved user comprehension, trust,
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accuracy, and satisfaction, while simultaneously
reducing cognitive load. The most notable improvement
was observed in user satisfaction (+36%), followed
closely by gains in understanding (+26%) and trust
calibration (+24%). The reduction in cognitive load by
35% further highlights the effectiveness of tailoring
explanations to different expertise levels. These findings
provide strong empirical support for the proposition
that personalized explainable Al enhances both system
usability and user trustworthiness compared to static
explanations.

Discussion
Comparison of Static vs Adaptive Across Core Metrics
Figure 3 presents the comparative outcomes
between the Static and Adaptive explanation groups
across four central evaluation indicators: understanding,
trust calibration, decision accuracy, and user
satisfaction. The results demonstrate that the Adaptive
group consistently outperformed the Static group on all
metrics. These findings highlight that explanation
strategies tailored to the user’s expertise yield
measurable cognitive and behavioral benefits in human-
Al interaction. The improvements are not limited to
isolated outcomes but reveal a systematic pattern where
adaptive explanations facilitate better comprehension,
foster greater trust, and ultimately lead to more accurate
decisions.

Comparison of Static vs Adaptive Across Core
Metrics

80
60
40
20
0 —— — —

Understanding Score Trust Score Decision Accuracy User Satisfaction

M Static Group B Adaptive Group

Figure 3. Static vs Adaptive Across Core Metrics

Percentage Improvement by Adaptive Explanations

The magnitude of these differences is further
detailed in Figure 4, which depicts the percentage
improvements observed in the Adaptive group
compared to the Static group. Results indicate a 26%
increase in comprehension, a 24% improvement in trust
calibration, a 23% enhancement in decision accuracy,
and a 36% increase in user satisfaction. These results
reinforce the argument that personalized explanations
significantly outperform uniform explanation strategies.
The consistent advantage across multiple dimensions
supports previous findings that adaptive feedback
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mechanisms are more effective in supporting decision-
making (Miller, 2019).

Percentage Improvement by Adaptive Explanations

Trust Score

Understanding Score Decision Accuracy User Satisfaction

B Improvement (%)

Figure 4. Percentage Improvement by Adaptive Explanations

Cognitive Load Analysis

Cognitive load, a critical determinant of effective
learning and decision-making, was analyzed using self-
reported measures. Figure 5 shows that participants in
the Adaptive group reported substantially lower
cognitive load, with efficiency improvements of
approximately 35% relative to the Static group. This
finding is consistent with Cognitive Load Theory
(Sweller et al., 2019), which argues that instructional
design aligned with the learner’s expertise reduces
extraneous mental effort. The adaptive system’s ability
to modulate explanation complexity according to user
expertise likely contributed to this reduction. By
lowering unnecessary cognitive strain, users could
allocate more cognitive resources to task-relevant
processes, thereby achieving higher comprehension and
decision accuracy.

. Cognitive Load Comparison

Static Adaptive

M Efficiency Score (Higher = Better)

Figure 5. Cognitive Load Comparison

Integrated View of Results

To provide a consolidated overview, Figure 6
presents a heatmap summarizing all metrics. The
visualization illustrates that the Adaptive group
consistently performed better than the Static group
across cognitive (understanding, accuracy), affective
(trust, satisfaction), and efficiency-related (cognitive
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load)  dimensions. This holistic  perspective
demonstrates that adaptive explanatory models
generate benefits that extend beyond a single outcome.
Moreover, it illustrates how improvements in one
dimension may reinforce others—for example,
increased comprehension likely fostered higher trust,
which in turn contributed to enhanced satisfaction. Such
interdependencies align with prior studies on human-
Al interaction, which emphasize the reciprocal
relationship between cognitive and affective factors
(Hoff & Bashir, 2015).

Understanding Score

Trust Score - 3.4 4.2

Decision Accuracy

User Satisfaction - 3.3 4.5

Static ‘Group Adaptivle Group

Figure 6. Experimental Results on Heatmap

User Satisfaction by Expertise Level

User satisfaction, measured through standardized
Likert-scale responses, further underscores the
effectiveness of adaptive explanations. As shown in
Table 3 and Figure 7, participants in the Adaptive group
consistently reported higher satisfaction across all
expertise levels. Notably, novices exhibited the most
pronounced improvement (+53.3%), followed by
intermediates (+29.4%) and experts (+28.6%). This
gradient suggests that adaptive explanations provide
the greatest relative benefit to less experienced users,
who may otherwise struggle with overly technical or
static explanatory formats. These findings are consistent
with research indicating that aligning system feedback
with user expertise not only reduces frustration but also
strengthens trust and engagement.

Table 3. User Satisfaction by Expertise Level

User Level Static Adaptive Improvemen
Group Group %

Satisfaction  Satisfaction

(Mean/5) (Mean/5)
Novices 3.00 4.60 +53.30
Intermediates 3.40 4.40 +29.40
Expert 3.50 4.50 +28.60
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Overview of User Satisfaction Comparison

4
35
3
25
15
05
0

Novices

)

[

Intermediates Experts

M Static Group M Adaptive Group

Figure 7. Overview of User Satisfaction Comparison

Interrelations Among Metrics

A noteworthy contribution of this study lies in
examining the interrelations among key metrics.
Enhanced comprehension appeared to correlate with
increased trust, as participants who scored higher on
post-task quizzes also reported higher confidence in Al
recommendations. This aligns with the assertion that
trust in automation is shaped not only by performance
reliability but also by the user’s ability to understand the
rationale behind automated decisions (Lee & See, 2004).
Similarly, reductions in cognitive load corresponded
with greater satisfaction, indicating that participants
valued explanations that were easier to process
cognitively. These interactions suggest that adaptive
explanations create a reinforcing cycle: improved
understanding reduces cognitive effort, which fosters
trust and enhances satisfaction, ultimately leading to
better decision performance.

Theoretical and Practical Implications

From a theoretical perspective, the findings extend
Cognitive Load Theory by demonstrating its
applicability to explainable AI contexts. The results
show that adaptive explanation strategies, grounded in
user modeling, serve to minimize extraneous load while
maximizing germane processing, thus enhancing
learning and performance. From a practical standpoint,
the evidence suggests that implementing adaptive XAl
in real-world systems can support diverse user
populations — particularly in high-stakes domains such
as healthcare and finance where both novices and
experts must interact with complex Al-driven systems.
The demonstrated gains in trust and satisfaction are
particularly important, as long-term adoption of Al
technologies depends on user confidence and sustained
engagement.

Limitations and Future Directions

Despite the promising results, several limitations
should be acknowledged. First, the experimental setting
was constrained to a diagnostic decision-making
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prototype, which may not fully capture the complexity
of real-world contexts. Second, while the mixed-
methods approach yielded valuable insights, further
statistical analyses (e.g., regression or mediation models)
could strengthen claims about the relationships among
metrics. Future research should also investigate
longitudinal effects of adaptive explanations, as
sustained trust and satisfaction may evolve differently
over time. Finally, incorporating qualitative feedback
through interviews or think-aloud protocols may
provide richer insights into user perceptions of adaptive
explainability.

Conclusion

This study demonstrates that personalized
explainable AI (XAI) significantly enhances user
interaction with Al systems by adapting explanations to
individual levels of expertise. The findings confirm that
tailoring explanations improves user understanding,
supports more accurate decision-making, and fosters
higher trust and satisfaction compared to static, one-
size-fits-all approaches. Theoretically, the results extend
research in XAI and cognitive load theory by showing
that explanation strategies aligned with user expertise
reduce unnecessary mental effort and promote more
effective human-Al collaboration. Practically, the study
highlights the need for real-time expertise detection and
adaptive explanation mechanisms in Al system design.
Such features can ensure that both novice and expert
users engage productively with Al applications in
critical domains such as healthcare, finance, and
education. Future research should expand this work by
validating the framework in more complex, real-world
settings and exploring longitudinal effects as users’
expertise evolves over time. Investigating emotional and
motivational aspects of adaptation may also offer deeper
insights into sustainable trust-building in Al Overall,
the study wunderscores that personalization in
explainability is not optional but essential for the ethical
and inclusive deployment of Al technologies in society.
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