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Abstract 

As the web has become more diverse, many traditional, one-size-fits-all web accessibility solutions that 

must be configured manually have proven inadequate in meeting the needs of each user. This paper 

introduces “Accessavior”, which is an intelligent, behavioural pattern-driven accessibility framework 

that can automatically customize the personalization of web interfaces based on the interaction patterns 

of users. The proposed system will continuously track cursor behaviours such as cursor movements, 

keystroke characteristics, dwell time, scrolling behaviour and navigation loops to detect motor, visual 

and cognitive accessibility needs. An ensemble machine learning method based on the combination of 

Random Forest, Support Vector Machine and K-Means clustering is used to classify user needs and to 

compute adaptive interface changes. The framework dynamically changes the WEBSO elements 

according to the calculation of the accessibility of the element based on the derived accessibility profile, 

by changing font size, contrast, size of buttons, simplification of navigation feature and setting up 

assistance for typing. This work is validated with a test on 2,400 annotated user sessions showing an 

average adaptation latency of 97ms, an accuracy of 93.2%, precision of 91.6%, recall of 90.9%, and 

an F1 score of 0.913. Additionally, the people are pleased with the adaptive framework (with positive 

feedback ratings through various user classes) and from an efficiency point of view, the adaptive 

framework improves the task completion by 25%. The findings suggest that use of behavioral analytics 

alongside ensemble learning can facilitate generation of accurate, low-latency and user-centric 

accessibility adaptations that can lead to the development of intelligent web interfaces which provide 

improved usability, inclusiveness and overall user experience in real-time environments. 
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INTRODUCTION 

Widespread adoption of web applications for communication, education, health management, e-

commerce and public services has made it important to have interfaces that can meet the needs of a 

variety of users. Web interfaces tend to be fairly static, and users have to manually configure 

accessibility settings, which does not always match 

the needs of user groups with different motor, 

visual, cognitive and situational requirements. 

Therefore, researchers have looked towards 

adaptive user interfaces (AUIs), which adapt 

interface elements based on user interaction, 

preferences, and context. 

 

The development of intelligent adaptive systems 

has greatly progressed, with intelligent systems 

including recent advances in artificial intelligence 

(AI) and machine learning. Reinforcement learning 

has emerged as a viable method for allowing 

interfaces to learn how to adapt optimally given 

user interaction and to continually adapt their 
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personalization over time [1–3]. These allow systems to adapt to the needs of users and optimize their 

usability, catering to demand variations and adapting UI layouts, navigations, and interactions through 

automatic capabilities. 

 
Additionally, adaptive interfaces powered by machine learning have proven to be a significant area 

of potential future improvement in accessibility and user experience. Previous research has 
demonstrated that behavior information can be used to determine the needs of users and to create 
adaptive adaptations on their behalf without the need for explicit user configuration [4]. These strategies 
have proven effective in various sectors, such as healthcare and wearable technologies, where adaptive 
interfaces enhance interaction efficiency and usability [5]. Moreover, incorporating human feedback 
into adaptive learning frameworks to enhance adaptation decisions has led to better adaptation systems 
that fulfill user expectations [6]. 
 

Adaptive interfaces for targeted groups have also been explored. There are many examples of 
adaptive and accessible interfaces that have improved the usability of the user interface for senior users 
by automatically modifying its complexity and presentation based on the abilities of the user [7]. In the 
same way, deep learning methods have been used to create a customized UI layout that reorganizes and 
guides content more efficiently for each individual user to increase engagement and satisfaction [8]. 
Analyzing user behavior to enable real-time adaptations has also been shown to enhance interface 
personalization and interaction results [9, 10]. 
 

However, the current adaptive interface solutions have some issues. Numerous methods are all based 
on explicit preference of the user, a set of accessibility profiles or a single model prediction method 
which might not be able to handle complex profile of user behavior. In addition, in real-time web 
applications, it is still very challenging to achieve good adaptation accuracy without incurring a high 
response latency. Thus, there is the very need for smart accessibility systems that can recognize users' 
needs based on their implicit behavior and can do make quick adaptations during real-time usage. 
 

In response to these constraints, a behavioral pattern-based framework, namely the Accessavior 
framework for intelligent web interface adaptation, is proposed in this paper. The proposed system 
continuously tracks the implicit interaction signals of users (cursor movement, keystroke dynamics, 
dwell time, scrolling behavior, and navigation loops) to determine their accessibility needs. A 
framework of ensemble machine learning (Random Forest, Support Vector Machine and K-Means 
clustering) is used for the classification of user needs and the development of personalized interface 
adaptations. The framework automatically changes the font size, contrast, button size, level of 
navigation difficulty, and typing support features based on the identified accessibility profile. 
 

The proposed framework was assessed by examining 2,400 annotated user sessions available across 
various scenarios and settings for system usability and accessibility. The experimental results indicate 
the accuracy of the system as 93.2%, precision as 91.6%, recall as 90.9%, and F1 score as 0.913, with 
an average adaptation latency of 97 ms. The results have shown that the BAE approach and the ensemble 
learning algorithm can work well in real-time accessibility adaptation and can help to enhance the 
accessibility of the web and make the Internet more user-centric. 
 

The major conclusions of this study are: 
1. Development of an adaptive framework for automatic web accessibility, driven by behavioral 

pattern. 
2. The combination of three classifiers – Random Forest, Support Vector Machine, and K-Means 

clustering–into a single ensemble architecture for user requirement identification. 
3. Adaptation of interface components in real time, using implicit behavioural signals. 
4. Comprehensive assessment of adaptation accuracy, latency and usability under various access 

conditions. 

5. Demonstration of an intelligent and scalable approach to enhance inclusiveness and user 

experience in modern web applications. 
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LITERATURE REVIEW 

In recent years, significant progress has been made in adaptive user interfaces that are looking for 

better personalization, accessibility, and user experience using intelligent data-driven techniques. 

Different machine learning, deep learning, and adaptive system methods have been investigated to adapt 

the size and/or appearance of interface elements based on the user's actions, preferences, and context. 

 

Findlater and McGrenere [8] examined the power of adaptive graphical user interfaces and illustrated 

how the successful adaptation of an interface configuration to a user's characteristics could achieve 

greater improvements in task efficiency and usability than simple static interfaces. Their results showed 

the role of adaptation mechanisms in lowering the effort of the user and improving interaction 

performance. 

 

Gajos et al. [9] suggested automatic techniques for the generation of interfaces that adapt to the user's 

capabilities and requirements. They showed that adaptive presentation strategies can be used to make 

the material more accessible to users with different interaction needs. Likewise, Peissner et al. [10] 

investigated adaptive interfaces for mobile use and found that such interfaces enabled by context-aware 

adaptations are more usable. 

 

The incorporation of machine learning into self-adaptive systems has become increasingly common 

in recent years, with the goal of assisting in dynamic decision-making. Gheibi et al. [11] performed a 

comprehensive survey of machine learning applications in self-adaptive systems, showing that 

supervised learning and reinforcement learning are prominent user for generating and optimizing an 

adaptation policy in self-adaptive systems. The criteria they studied found that adaptation latency and 

model interpretability are among the key issues in the study. 

 

Drawing from the literature, Wang et al. [12] conducted a systematic review of adaptive user 

interfaces in healthcare systems and emphasized the need for individual user interaction mechanisms 

when interacting with individuals with chronic conditions. The study has largely found that adaptive 

interfaces can enhance engagement and accessibility; however, the techniques for capturing behavior 

for modelling need to be more sophisticated. 

 

Diverse studies have explored adapting user experience in contemporary digital spaces. Chunchu 

[13] introduced an adaptive user interface that aims to improve the user experience by adapting the user 

interface based on interaction and personalization. It highlighted three key elements: contextual 

awareness, user modelling, and machine learning to make things smarter. 

 

AI-powered systems continue to enhance the capabilities of adaptive systems. Jamali et al. [14] 

analyzed adaptive learning interfaces and found that adaptive personalization using AI can enhance user 

satisfaction and engagement by analyzing user behavior over time. Likewise, Hariyanto et al., [15] 

recommended supervised, unsupervised and reinforcement learning methods to be effective in 

personalization of the artificial intelligence application in the context of adaptive education systems. 

Abass [16] studied AI application with a personalization approach in user-centered interface design and 

found that an adaptive interface could provide better usability by adding transparency, explainability, 

and user control to the adaptation process. Other key issues raised by this study for further research are 

privacy and algorithmic bias. 

 

Studies of intelligent user interfaces have demonstrated that the integration of user models with AI 

methods will allow the intelligent systems to anticipate additional needs, and tailor interactions 

accordingly [17]. Adaptive navigation and content presentation mechanisms have also been found to 

enhance user effectiveness at interaction and minimize user cognitive load during operation in complex 

digital environments [18]. 
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Another key research strand is context-aware adaptation. It has been shown that user adaptation 
quality and satisfaction can be boosted by the integration of environmental factors, device factors and 
behavioral context [19]. Additionally, systems for adaptive recommendation and personalization have 
successfully adapted various interface features based on user behavior and interactions [20]. 
 

Recent research has primarily focused on algorithmic personalization and intelligent content curation. 
For instance, technology-based methods that use machine learning algorithms to simulate user activity 
and make personalized recommendations in real time have enhanced user engagement and system 
performance [21]. Furthermore, the development of adaptive learning mechanisms has shown the 
promise of adaptable adaptations for providing individual experiences in different application  
domains [22]. 
 

While there has been great work done on adaptive user interfaces, some knowledge is limited. Many 
of them require explicit preferences, domain-specific adaptation rules, or single-model learning 
techniques, which may not be sufficient for representing complex user behaviors. In addition, it is 
difficult to maintain a high level of accuracy while maintaining a low response time for real-time web 
applications. Accessibility adaptation for smart web interfaces with accurate accessibility and low 
latency is stimulated by the above limitations and prompts the development of the proposed Accessavior 
framework, which combines behavioral analytics with an ensemble machine learning architecture. 
 
METHODOLOGY 

System Architecture 
The framework of the proposed adaptive web interface consists of six stages, and the personalization 

of the adaptive web interface is intelligent and real-time according to the user's interaction behaviors. 
As illustrated in Figure 1, the system consists of User Interaction, Event Capture, Feature Extraction, 
Data Storage, Machine Learning Processing, and UI Adaptation modules. 
 

It starts with the user's navigation interactions on the web application that generate different 
interactions (behavioral events) while the user is executing a task. The representation of these events is 
captured in real time and passed on to the feature extraction module. The gathered features were saved 
in a centralized database and then subjected to machine learning analysis and models to determine user 
preferences and models. Based on the generated predictions, the UI adaptation module dynamically 
changes the UI elements to improve the user experience, usability, and accessibility. 

 
User Interaction and Event Capture 

The User Interaction module is the point of entry for the proposed framework; it gathers behavioral 
data created during user interaction with the web application. These interactions encompass mouse 
movements, clicks, scrolling actions, keystrokes, navigation, and time spent. These interactions were 
simulated in real time using JavaScript-based event listeners intermingled with the client-side 
environment. The system captures the temporal aspects of user behavior, including the time of each 
event and its context. The events collected are informative for gaining more knowledge about the needs 
and preferences of the users, interactions, as well as about the accessibility needs, and these are used in 
later analysis and adaptation processes. 

 

 
Figure 1. Architecture of the proposed adaptive web interface framework. 

User interaction  Event capture  Feature extraction 

Data storage ML processing UI Adaptation  
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Feature Extraction 

The Feature Extraction module converts raw interaction data into important representations of 

behavior in the form of features that can be used for machine learning analysis. As a result, statistical 

and behavioral attributes are calculated from the collected information, which is of limited predictive 

value when viewed on its own, at low level events such as mouse coordinates and keystroke recording. 

They are cursor speed, click rate, scrolling speed, dwell time properties, navigation depth, page rate of 

change, keystroke time, session length, and density of interaction. The extracted features were then pre-

processed using normalization and handling missing value procedures to make the model more robust 

and consistent across various users and sessions. Finally, the obtained feature vectors can be used 

effectively to classify and cluster the user behavior data to make it as compact and informative as 

possible. 

 

Data Storage 

After feature extraction, the extracted behavioral information is stored in a central repository, which 

can also be used while training the model and for inference in real time. The storage layer saves 

historical interaction records, feature vectors extracted from the interactions, prediction outputs, and 

adaptation logs. The framework uses this historical information to create behavioral profiles that can be 

used to continuously learn and personalize experiences over the long term. Within the storage system, 

only anonymized data of the users' behavior are stored to ensure the privacy of users and to meet ethical 

obligations. The information can also be easily retrieved from the database during the real-time 

adaptation process to ensure low-latency system operation. 

 

Machine Learning Processing 

The Machine Learning Processing module is an intelligent layer of the proposed framework. A hybrid 

method of ensemble method integrating Random Forest, Support Vector Machine (SVM) and K-Means 

clustering technique is used to analyze the behavior of the user and to produce an adaptation decision. 

Random Forest serves as the basic classification model because it is suitable for high-dimensional 

behavioral features and is powerful in prediction. The Support Vector Machine, which complements the 

classification process, can find complex decision boundaries and enhance the discrimination between 

different behavioral classes. Moreover, K-means clustering is applied to cluster users according to their 

interaction characteristics to facilitate the personalization of adaptation strategies for different user 

segments. 

 

The results obtained from such models are combined by an ensemble decision-making method and a 

criterion for making final decisions on the users' preferences and accessibility requirements is 

constructed. The results obtained from the models are combined using an ensemble decision-making 

method, and a criterion is built to make final decisions on users' preferences and accessibility demands. 

This merging of supervised and unsupervised learning has the benefits of being able to predict with 

greater accuracy and being adaptable to varied groups of users for personalization. 

 

User Interface Adaptation 

The prediction output from the machine learning models is used in the User Interface Adaptation 

module, which dynamically enhances the user interface. Adaptation decisions are made at runtime, and 

changes might include visual, navigation, and interaction parts of the interface. Based on the behavioral 

profile, the system can adjust the size of the font, highlight contrasts, make interactive content larger, 

simplify wayfinding and structures, reorganize orders, and prioritize text layouts. Changes are made 

without loading a new webpage, creating a sequence of more seamless user experiences. 

 

One of the unique features of the proposed framework is its flexibility to continually optimize 

adaptation decisions based on new interaction data as they arrive. This allows the system to detect and 

adapt to changing user behaviors and preferences over time, ensuring a user-friendly and personalized 

experience as the users continue to use it. 
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Table 1. Performance comparison. 

Model Technique Accuracy (%) Precision (%) Recall (%) F1-Score Latency (ms) 

Khamaj et al. [23] Reinforcement learning 86.4 84.7 83.5 0.841 145 

Zhan et al. [24] Deep learning 88.1 86.2 85.4 0.858 182 

Sun [25] Machine learning 89.5 88.0 87.2 0.876 126 

Accessavior 

(Proposed) 

RF + SVM + K-Means 93.2 91.6 90.9 0.913 97 

 

Experimental Design and Evaluation 

The proposed framework was evaluated using a dataset of 2400 user interaction sessions gathered 

from users while they were engaging in different online activities on the Internet. The data contained 

information about behavior from mouse clicks, typing, navigation and scrolling patterns. A stratified 

10-fold cross-validation technique was used to train and evaluate the machine learning models to ensure 

reliable performance measurements. 

 

The evaluation focused on both prediction and live application. The accuracy, precision, recall, and 

F1-score were used to evaluate the classification performance, and adaptation latency was measured to 

assess the system responsiveness. Experimental results showed that the ensemble framework proposed 

in this paper achieved high accuracy (93.2%), high precision (91.6%), high recall (90.9%) and F1-score 

(0.913%) with an average adaptation latency of 97ms. The results of these findings suggest that the 

combination of three algorithms, Random Forest, Support Vector Machine and K-Means Clustering, is 

an effective approach to adapt to the intelligent real-time web interface and optimize the user's 

experience. 

 

RESULTS AND DISCUSSION 

The performance of the proposed adaptive web interface framework was evaluated using accuracy, 

precision, recall, F1-score, and adaptation latency. The comparative results are presented in Table I, and 

the graphical comparison is presented in Figures 2 and 3. 

 

The proposed ensemble model (Random Forest-SVM-K-Means) showed the best performance, with 

an accuracy of 93.2%, Precision-91.6%, Recall-90.9% and F1-score of 0.913, as shown in Table I. The 

framework has shown superior performance over the latest adaptive interface approaches using 

reinforcement learning [23], deep learning for interface personalization [24] and machine learning for 

adaptive user experience systems [25]. 

 

The accuracy comparison shown in Figure 2 illustrates the advantage of using supervised 

classification in conjunction with behavioral clustering to determine user preference and accessibility 

needs. Likewise, the comparison of the latency in Figure 3 reveals that the proposed framework could 

successfully realize real-time interface personalization without affecting the user's interaction with the 

interface, as it required only 97ms as the average adaptation latency. 

 

Experimental results also showed that the adaptive framework had a 25% reduction in the mean task 

completion time as well as an increase in the global efficiency of interaction. Some of these 

improvements were made by dynamically adapted elements of the interfaces (font size, contrast, 

structure of navigation, structure of content content matter) as per the behavioral patterns of the users. 

 

Although the framework shows promise, it requires ample interaction data for behavioral modelling. 

This study will guide future researchers on ways to further generalize models to various surrounding 

web use contexts and adding more contextual factors to improve personalization performance even 

further. 
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Figure 2. Model accuracy comparison. 

 

 
Figure 3. Model latency comparison. 

 

CONCLUSION AND FUTURE WORK 

This study introduced an adaptive web interface framework for a personalized intelligent real-time 

user experience based on behavioral analytics and machine learning. The proposed framework collects 

user interaction data and extracts the behavioral features of the user for the system and uses a hybrid 

ensemble method based on Random Forest, Support Vector Machine, and K-Means clustering to 

identify the user's preferences and produce dynamic interface adaptation. The framework continuously 

analyzes interaction patterns, enabling adjustments to various interface components, such as navigation, 

content organization, visual style, and accessibility features, to improve usability and user satisfaction. 

 

The proposed approach was evaluated through experimental studies on 2,400 interaction sessions, 

and the results were successful. During testing, the framework had an accuracy of 93.2%, a precision 

of 91.6%, a recall value of 90.9% and an F1-score of 0.913 with an adaptation latency of 97ms. The 

results show that a combination of behavioral analytics and ensemble machine learning methods can 

achieve sufficient and efficient real-time personalization, which is better than current adaptive interface 

methods in terms of predictive performance and rapid response. 

 

Future studies are planned with contextual information, including device characteristics, 

environmental factors, and usage goals, to further enhance the quality of adaptation. In addition, 

adaptive online learning techniques will be explored for the possibility of continuously adapting models 

and personalizing the experience over time in various web contexts. 
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