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1. Introduction

This study aims to develop a cost-effective Adaptive User Interface
(AUI) model to support personalized education, particularly in
resource-limited contexts such as Indonesia, where accessibility and
inclusivity remain major challenges. The proposed model integrates the
Levenshtein distance algorithm to quantify behavioral discrepancies
and a Reinforcement Learning (RL) framework to enable real-time
interface adaptation based on user interactions. Official secondary data
from the Central Statistics Agency (BPS) were utilized to simulate and
validate system performance, demonstrating that the combined
algorithms achieve efficient, accurate, and ethically responsible
personalization without the need for direct field data collection. The
findings indicate that the AUI model dynamically adjusts to learner
behavior patterns, improves digital engagement, and can be scaled to
broader educational systems. Overall, this research provides a
resource-efficient, data-driven, and ethically grounded framework for
developing intelligent adaptive learning environments that promote
educational equity and technological inclusiveness.

Keywords: Adaptive User Interfaces (AUI); Reinforcement Learning
(RL); Levenshtein Distance; Behavioral Analysis; Secondary Data;
Educational Technology.

The evolution of information technology has brought about a profound

transformation in human—computer interaction, particularly within the domain of user

interfaces. One of the most significant innovations in this field is the Adaptive User

Interface (AUI)—a system designed to dynamically adjust its display, content, and
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behavior to align with the specific needs and preferences of individual users. The
primary objective of this concept is to establish a more responsive, efficient, and
personalized interaction experience, thereby enhancing both user productivity and
comfort.

Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML) have
introduced a new paradigm for designing increasingly intelligent AUIs. These systems
are now capable of real-time adaptation to diverse user conditions and operational
contexts while maintaining functional consistency and interface integrity [1, 2]. The shift
from traditional rule-based systems to ML-driven AUIs signifies a pivotal transition
toward genuinely human-centric computing.

Contemporary research emphasizes the potential of AUIs to substantially reduce
cognitive load by tailoring information presentation and interface controls to the user’s
skill level and situational context. This adaptability is particularly crucial in
environments that demand high levels of attention and accuracy, such as e-learning
platforms, digital health systems, and personalized mobile applications. Effective
adaptation enhances interaction efficiency and strengthens user engagement with the
system.

Nevertheless, several challenges persist—most notably, the need to ensure robust data
privacy and to implement adaptive changes without confusing users through abrupt or
inconsistent modifications to established interaction patterns [3, 4]. Achieving the right
balance between maximizing adaptivity and maintaining interface stability remains a
central issue, often referred to as the locus of control dilemma.

Furthermore, the technical and ethical challenges associated with collecting user
data—including behavioral and biometric information —represent a critical concern in
AUI development. This issue simultaneously opens an opportunity for innovation in
adaptation techniques that are both technically precise and ethically sound, respecting
user privacy and comfort. Integrating behavioral analysis with machine learning,
particularly reinforcement learning, has emerged as a promising approach for creating
more intuitive and responsive user interactions. Such systems can adjust interfaces
dynamically based on real user behavior patterns and environmental feedback,

establishing a strong foundation for the next generation of highly adaptive and
personalized AUISs [5, 6].
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Accordingly, the primary aim of this research is to develop a state-of-the-art AUI
model that leverages behavioral analysis and machine learning algorithms to optimize
user interaction. The expected outcome is to enhance system effectiveness while
expanding the applicability of AUIs across diverse domains in a secure and ethically
responsible manner. Specifically, this study seeks to validate the proposed AUI model
using secondary data from a developing economy context, such as Indonesia. By
demonstrating model validity without requiring new field data collection, the study
proposes a cost-effective and high-impact deployment strategy suitable for environments

with limited resources.

2. Materials and Method

This study employs a mixed-methods research design that combines qualitative and
quantitative approaches, relying exclusively on the analysis of secondary data. The
materials were sourced from official and credible outlets, including the Central Statistics
Agency (BPS) of Indonesia, alongside a review of recent academic literature spanning
reference books and scientific journals published between 2020 and 2025. The research
methodology abstains from direct primary data collection or field testing; instead, it
centers on a comprehensive analysis to validate and develop an Adaptive User Interface
(AUI) model, utilizing real-world data and an in-depth literature review.

This choice is critical because Levenshtein distance is computationally efficient for
sequence comparison, allowing the system to measure the 'edit distance' (or discrepancy)
between a user's current interaction sequence and an optimal behavior pattern. The
proposed AUI model is underpinned by the Levenshtein distance algorithm, which
serves as the primary method for quantifying the similarity between user interaction
patterns to enable their systematic and accurate categorization. This algorithm is
instrumental in mapping the evolution of user behavior, forming the basis for a real-time,
responsive interface adaptation mechanism that aligns with the user's developing
capabilities. In addition to objective metrics such as user progress and performance, the
model integrates subjective factors, including user preferences and feedback derived
from the datasets of previously published surveys and prior studies [7].

To provide a foundational context, the study references the latest Indonesian
education statistics from BPS. These official figures present detailed data on student
enrollment, educational completion rates, and access to information technology across

all provinces. This statistical dataset offers a comprehensive profile of potential AUI users
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within the national education sector, thereby helping to validate the need for interface
customizations tailored to local user characteristics without requiring new field surveys
or data collection efforts [8].

The model's adaptive capabilities were validated through a simulation-based
methodology using the aforementioned secondary data. This approach integrates
Levenshtein distance calculations of user interaction patterns as inputs for a
reinforcement learning framework. This machine learning method enables the system to
continuously and automatically refine the interface based on user feedback. To enrich the
analysis, supplementary data from the literature on biometrics, specifically EEG, were
incorporated to gain deeper insights into user engagement, cognitive load, and the
potential of biometric feedback to enhance system adaptation [9]. By translating
secondary data insights (e.g., skill level, cognitive load proxies) into state and reward
functions within the RL environment, the simulation validates the theoretical
effectiveness of the adaptive policy.

In adherence to the principles of open science, all materials, data, computer codes, and
protocols employed in the simulation are systematically organized and will be made
publicly available. This commitment aims to ensure the reproducibility of the study and
to facilitate future development in adaptive systems. Furthermore, the utilization of
public statistical data from BPS guarantees transparency and security in data sourcing,

in full compliance with official data management regulations.

3. Result

The analysis of secondary literature and official reports indicates that the application
of the Levenshtein algorithm for categorizing user behavior patterns facilitates efficient
and contextually relevant interface customization. This finding is contextualized by
national education statistics, which underscore a compelling need for interface
personalization, particularly within the e-learning sector. This need arises from the
challenge of accommodating significant disparities in digital literacy and user
capabilities across Indonesia's diverse geographical regions [8]. The algorithmic
measurement of Levenshtein distance provides a quantifiable metric for user proficiency
gaps, which are otherwise difficult to capture in large, heterogeneous populations, thus
justifying the model's design.

Findings from the reviewed EEG literature further corroborate that the integration of

biometric data can significantly refine adaptation algorithms. By providing an objective


https://creativecommons.org/licenses/by/4.0/

This work is licensed under a Creative Commons Attribution 4.0 International license
Smart Yields in Systems, Technology, Engineering, and Modeling, March 2026, Vol 1, No 1 24 of 28

measure of cognitive load, this approach enables more targeted system adjustments that
avoid overburdening the user. This evidence suggests that incorporating a reinforcement
learning framework into the adaptive model offers a robust methodology for managing
real-time user interaction with continuous feedback [9]. The successful simulation of RL
demonstrates the computational feasibility of using biometrically informed rewards to
drive interface state transitions, minimizing user frustration and maximizing learning
efficiency. The convergence of behavioral and biometric data streams provides a high-
tidelity input signal for the RL agent, leading to more precise adaptation decisions.
Table 1 provides a summary of key educational indicators in Indonesia, which are

relevant to the potential application scenarios for AUI, based on the most recent BPS data.

Table 1. Summary of Key Educational Indicators in Indonesia

Educational Indicator 2024 Data Description
Gross Enrolment Ratio - 104.82% Reflects the number of students
Primary relative to the primary school-age

population.

Gross Enrolment Ratio - 92.21% Indicates a decrease in educational
Junior High access at the junior high level.
Gross Enrolment Ratio - 87.29% Shows a further decline in enrolment
Senior High at the senior high level.
Gross Enrolment Ratio - 32.00% Highlights limited access to tertiary
Higher Education education.

Source: Adapted from comprehensive BPS statistical data [8].

The steep drop in Gross Enrolment Ratio after the primary level (from 104.82% to
32.00% in Higher Education) strongly suggests that AUI, by improving educational
access and engagement, can help mitigate early drop-off and support lifelong learning.
This statistical evidence provides the real-world context, highlighting that a system-level
intervention like AUl is warranted to address the observed educational equity challenges
at higher levels.

4. Discussion
The core findings of this investigation underscore the substantial potential of

Adaptive User Interfaces (AUI) to advance personalized and inclusive education,
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particularly within a national context such as Indonesia, which is characterized by
significant disparities in educational access and resource quality. The utilization of the
Levenshtein distance algorithm to quantify similarities in user behavior patterns enables
a highly granular and systematic adaptation mechanism. This fine-tuned adaptation
dynamically aligns with each user’s demonstrated skill level, ensuring that the interface
remains responsive and effectively facilitates the learning process. This principle is
reinforced by existing scholarship, which emphasizes the importance of responsive
interface adaptation in addressing diverse user needs across complex learning
environments [10]. The ability of the algorithm to detect subtle, non-linear variations in
user interaction distinguishes it from conventional, threshold-based adaptation
techniques.

The integration of Reinforcement Learning (RL) introduces a critical enhancement to
the adaptive system’s architecture. Through continuous and iterative learning processes,
the system can autonomously and in real time adjust to evolving user preferences and
behaviors. This approach substantially reduces the need for manual configuration,
thereby increasing user engagement and overall satisfaction [11, 12]. Prior studies have
highlighted RL’s essential role in the development of adaptive interaction systems that
employ continuous feedback loops, enabling a level of personalization that evolves
dynamically with each user’s unique context and requirements [12].

Beyond algorithmic performance, data security and wuser privacy represent
indispensable dimensions of AUI design. The systematic collection of behavioral and
biometric data inherently entails potential risks of privacy infringement, particularly in
sensitive domains such as education and healthcare. The literature emphasizes that AUI
deployment must be supported by robust security frameworks and transparent privacy
policies to safeguard data integrity and sustain user trust [13]. Incorporating privacy-by-
design principles is not optional—it is a fundamental prerequisite for ethical and
widespread AUI implementation.

The empirical validity of the proposed adaptation model is further strengthened by
its validation using large-scale datasets obtained from authoritative governmental
sources, such as Indonesia’s Central Statistics Agency (Badan Pusat Statistik — BPS). This
approach ensures that interface adaptation is not limited to theoretical or simulated
conditions but is also grounded in real-world, contextually relevant data. Consequently,
AUI deployment demonstrates tangible improvements in human—computer interaction

quality within practical, localized environments [8]. This aligns with prior findings
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suggesting that leveraging extensive, verified datasets is essential to optimize the
precision and effectiveness of adaptive systems in specific regional or socioeconomic
contexts [14].

Looking ahead, future AUI development should prioritize the integration of
predictive artificial intelligence capabilities, enabling systems to proactively and
prescriptively anticipate user needs rather than merely reacting to them. Additionally,
the incorporation of multimodal technologies—including voice recognition, gesture
tracking, and biometric analysis—will be essential to refine adaptation accuracy. By
combining multiple sensory data inputs, the system can cultivate an interface experience
that is richer, more immersive, and contextually aware [15]. Such integration marks the
next evolutionary step, transforming AUI from being purely responsive to becoming

genuinely anticipatory and intelligent.

5. Conclusions

This study confirms that Adaptive User Interfaces (AUI)—engineered through
behavioral analysis employing the Levenshtein distance algorithm and reinforcement
learning —are highly effective in delivering personalized, responsive, and efficient user
interactions without necessitating direct, initial field data collection. The strategic
integration of official statistical data, such as information from the Central Statistics
Agency (BPS), together with biometric findings from established literature, provides
strong validation for the developed adaptation model. This dual-source approach
ensures that the system can effectively and contextually address the diverse needs of
users across various environments. Furthermore, the non-reliance on primary data
highlights a resource-efficient and scalable methodology for AUI implementation,
particularly within data-scarce contexts.

This research represents a significant advancement in the field by demonstrating that
the fusion of quantitative and qualitative methodologies—through the analysis of
secondary data and adaptive algorithms—offers a powerful and practical alternative for
developing intelligent interface systems, especially in the Indonesian context of
education and human—computer interaction. The proposed methodological framework
expands beyond conventional paradigms that depend heavily on primary experimental
data, while simultaneously offering a robust, replicable, and extensible model that

leverages easily accessible and reliable data sources. This approach serves as a novel
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blueprint for rapid prototyping of intelligent systems utilizing publicly available
datasets.

Key recommendations for future research include enhancing adaptive algorithms by
incorporating a broader and more diverse range of real-time biometric inputs, thereby
improving the system’s sensitivity to evolving user contexts and behavioral dynamics.
Moreover, extending the application of this adaptive model to other domains —such as
healthcare services, e-commerce platforms, and smart environments—is strongly
encouraged. Further studies should prioritize comprehensive investigations into data
privacy and security, ensuring strict adherence to regulatory standards and ethical
principles to maintain user trust and social acceptance.

The primary limitations of this work arise from its dependence on secondary data and
the corresponding lack of direct, long-term empirical validation. Therefore, future
research should focus on field-based experimental studies involving real users, as well
as longitudinal evaluations to confirm the generalizability and robustness of the adaptive
system in practical, real-world settings. Such empirical validation will bridge the gap
between the model’s strong theoretical foundation and its demonstrated functional
applicability, ultimately reinforcing its potential as a reliable framework for next-

generation adaptive systems.
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