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Abstract: At the intersection of artificial intelligence and cognitive psychology, the construction of cognitive style models based on machine 

learning and eye tracking is becoming an emerging research hotspot. With the advancement of technology, eye-tracking techniques have been 

able to accurately capture individuals’ attention distribution and information processing patterns in visual tasks, while machine learning algo-

rithms are capable of extracting features from large amounts of data to construct personalised cognitive style models. Based on this, the con-

struction of cognitive style models based on machine learning and eye tracking is discussed below for reference.
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Introduction
Cognitive style refers to the preferences and habits that individuals exhibit during information processing and problem solving, and it 

has a significant impact on learning efficiency and decision-making quality. Traditional cognitive style research often relies on questionnaires 

and behavioural observations, which have limitations in objectivity and accuracy. In recent years, with the development of machine learning 

technology and the popularity of eye-tracking devices, we have the ability to identify and analyse cognitive styles more accurately through 

data-driven methods.

1. Overview of Artificial Intelligence and Machine Learning Foundations
Artificial Intelligence (AI) is the science and technology of modelling, extending and expanding human intelligence, with the aim of ena-

bling machines to perform tasks that require human intelligence. Machine Learning (ML), on the other hand, is an important branch of AI that 

uses algorithms and statistical models to enable computer systems to use empirical data to improve performance without the need for explicit 

programming. Machine Learning centres on learning patterns and regularities from data. It consists of three main types: supervised learning, 

unsupervised learning and reinforcement learning. Supervised learning involves using labelled data to train models to make predictions or 

classify new data. Unsupervised learning, on the other hand, deals with unlabelled data and aims to discover the inherent structure or distribu-

tion in the data. Reinforcement learning, on the other hand, trains models to make optimal decisions in a given environment through trial and 

error and reward mechanisms. Machine learning has a wide range of applications covering a variety of fields such as image and speech rec-

ognition, natural language processing, recommender systems, self-driving cars, and more. With the improvement of big data and computing 

power, machine learning is becoming more and more powerful, capable of handling more complex problems and reaching or even surpassing 

humans on many tasks. The development of AI and machine learning has not only driven technological progress, but also had a profound im-

pact on socio-economic, healthcare, education and other fields. However, this field also faces challenges in terms of ethics, privacy and secu-

rity, and there is a need to develop the technology while ensuring its responsible and sustainable application.

2. Foundations of Natural Language Processing (NLP)
Natural Language Processing (NLP) is a branch of the field of Artificial Intelligence and Linguistics that focuses on enabling comput-

ers to understand, interpret, and generate human language. The goal of NLP is to build algorithms capable of processing and analysing large 

amounts of natural language data, in order to achieve more natural and effective communication between humans and computers. NLP's core 

tasks include language recognition, lexical annotation, named entity recognition, syntactic analysis, semantic analysis, sentiment analysis, ma-

chine translation, question-and-answer systems, and dialogue systems. These tasks usually involve knowledge from multiple disciplines such 

as linguistics, statistics and machine learning. In NLP, a language model is a key component that predicts the next word or phrase in a text 

sequence. In recent years, with the development of deep learning techniques, neural network-based language models (e.g., BERT, GPT, etc.) 

have achieved significant performance gains in several NLP tasks. These models are able to capture rich linguistic features and contextual 
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information by pre-training on large-scale corpora. NLP has a wide range of applications, including search engines, voice assistants, automatic 

summarisation, sentiment analysis, content recommendation, etc. With the advancement of technology, NLP is gradually penetrating into peo-

ple's daily life, improving the efficiency and quality of information processing. Future developments need to focus more on the diversity and 

complexity of languages, as well as the consideration of user privacy and ethical issues, while improving the performance of algorithms.

3. Cognitive style model construction based on machine learning and eye tracking
3.1 Microservice Architecture

The use of microservice architecture can bring significant advantages when building cognitive style models based on machine learning and 

eye tracking. Microservice architecture is an architectural style of designing an application as a set of small, independent services, each of which 

focuses on fulfilling a specific business function and communicates through well-defined interfaces and protocols. The flexibility and scalability 

of this architecture allows the system to adapt quickly to changes and is easy to maintain and upgrade. For cognitive style models, a microservice 

architecture can decompose the steps of data collection, preprocessing, feature extraction, model training, evaluation and deployment into inde-

pendent microservices. For example, a data collection service could be dedicated to obtaining raw data from eye-tracking devices, a preprocessing 

service to clean and format the data, a feature extraction service to extract useful features from the preprocessed data, and a model training service 

to use these features to train a machine learning model. Each service can be developed, tested, deployed and extended independently, which not 

only improves development efficiency, but also reduces system complexity and maintenance costs. In addition, the microservices architecture 

supports the use of different technology stacks to implement different services, which means that the tools and frameworks best suited for a par-

ticular task can be selected. For example, for model training services that require high-performance computing, deep learning frameworks that use 

GPU acceleration can be selected, while for data collection services, lightweight data processing tools can be chosen.

3.2 Virtualisation technology
Virtualisation technology allows the creation of multiple isolated virtual environments on a single physical hardware platform, each of 

which can run independent operating systems and applications. This technology not only improves the utilisation of hardware resources, but 

also enhances the flexibility, manageability and security of the system. During the development and deployment of cognitive style models, 

virtualisation technology can be used to create consistent development, testing and production environments. By using virtual machines (VMs) 

or containerisation technologies such as Docker, development teams can simulate production environments in their local environments, ensur-

ing that applications are consistent across environments. This is critical to ensure stability and performance of the model after deployment. 

Virtualisation technologies also support rapid scaling and dynamic allocation of resources. When processing large amounts of eye-tracking 

data, the allocation of virtual resources can be dynamically adjusted on demand to meet the needs of computationally intensive tasks. This 

elastic scalability is important for coping with data spikes and ensuring high system availability. Virtualisation technology can also improve 

system security. By isolating different virtual environments, the spread of malware and data leakage can be prevented. This is especially im-

portant for handling sensitive eye-tracking data and protecting user privacy. Virtualisation technology provides an efficient, flexible and secure 

operating environment for machine learning and eye-tracking based cognitive style models, which helps to improve the performance and reli-

ability of the models while reducing operation and maintenance costs and risks.

3.3 Data Mining
Data mining is a core aspect in the construction of cognitive style models based on machine learning and eye tracking. It involves extract-

ing valuable information and patterns from a large amount of eye-tracking data, which are essential for understanding an individual's cognitive 

style. Data mining techniques can help researchers identify patterns of attention distribution, features of reading habits, and dynamic processes 

of cognitive processing. Data mining can be applied at several levels in the construction of cognitive style models. Through clustering analysis, 

user groups with similar cognitive style characteristics can be identified, which is important for the design of personalised education and content 

recommendation systems. Classification algorithms can be used to predict the type of cognitive style of users, thus providing labelled data for 

subsequent model training. Association rule mining can reveal associations between different eye movement patterns and cognitive styles, provid-

ing support for model interpretability and comprehensibility. Data mining also includes anomaly detection, which is crucial for identifying noise 

or abnormal behaviours in the data and helps to improve the robustness of the model. Through anomaly detection, problems in the data collection 

process can be identified and dealt with in a timely manner to ensure the quality of the training data for the model. Another important application 

of data mining is feature selection and dimensionality reduction, which is critical for reducing model complexity and improving generalisation. By 

selecting the most relevant features and removing redundant information, more accurate and efficient cognitive style models can be constructed.

3.4 Model Deployment and Operation and Maintenance
In the process of building cognitive style models based on machine learning and eye tracking, model deployment and operation and 
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maintenance are key aspects to ensure stable operation and continuous optimisation of the system. Model deployment involves integrating 

the trained machine learning model into the production environment so that it can process real-time data and provide predictive services. This 

process requires consideration of model performance, scalability, security, and monitoring mechanisms. To ensure efficient operation of the 

model, containerisation technologies (e.g., Docker) and continuous integration/continuous deployment (CI/CD) processes can be used for fast 

and automated deployment. The operation and maintenance phase focuses on the continuous monitoring, maintenance and updating of the 

model. By establishing a comprehensive monitoring system, the model's performance metrics, such as response time, accuracy, and resource 

consumption, can be tracked in real time, and potential problems can be identified and resolved in a timely manner. In addition, with the accu-

mulation of new data and collection of user feedback, models need to be retrained and optimised regularly to keep their predictive capabilities 

advanced. The O&M team should establish an effective feedback loop mechanism to ensure that the model can adapt to changing data char-

acteristics and user needs. Successful implementation of model deployment and O&M can not only enhance the practical value of cognitive 

style models, but also provide a solid foundation for subsequent research and development work. Through continuous technical support and 

optimisation, we can ensure that the model can serve users stably and efficiently in various application scenarios, thus promoting the develop-

ment of cognitive science research and related technologies.

3.5 Continuous model optimisation
As new data continues to accumulate and user needs evolve, the model needs to be continually adapted and improved to maintain the ac-

curacy and relevance of its predictions. The first step in continuous model optimisation is to establish an effective feedback mechanism. This 

includes collecting user feedback, monitoring model performance metrics (e.g., accuracy, recall, F1 score, etc.), and conducting regular cross-

validation. Through these feedbacks, weaknesses and deficiencies of the model in real-world applications can be identified, providing direc-

tion for optimisation. The optimisation process involves the tuning of model parameters, feature engineering improvements and algorithm 

selection. Parameter tuning may be carried out by methods such as grid search, stochastic search or Bayesian optimisation to find the optimal 

combination of hyperparameters. Feature engineering improvements may include feature selection, feature transformation or feature construc-

tion to improve the expressive and generalisation capabilities of the model. Algorithm selection, on the other hand, may involve trying out 

different machine learning algorithms or integrating learning methods to find the most appropriate model for the task at hand. Continuous 

optimisation of the model also involves monitoring and improving the quality of the data. Data preprocessing steps may need to be adapted to 

the characteristics of the new data to ensure that the data fed into the model is clean, consistent and representative. Continuous optimisation of 

the model also needs to consider the efficient use of computational resources.

4. Conclusion
The construction of cognitive style models based on machine learning and eye tracking is a promising research direction. We have not 

only verified the effectiveness of machine learning algorithms in processing eye-tracking data, but also demonstrated the promising applica-

tion of this technique in revealing individual cognitive style differences. With further development of the technique and accumulation of data, 

we have reason to believe that this model will play an even greater role in multiple domains and provide strong support for understanding and 

optimising human cognitive processes.
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