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Abstract 

Cognitive fatigue reduces accuracy, productivity, and mental efficiency during prolonged tasks. 

Traditional detection methods, such as wearables and self-reports, are often intrusive and unreliable. 

Keystroke dynamics provide a passive alternative by analyzing key press duration, inter-key latency, and 

typing rhythm. In this work, temporal and statistical features were extracted and classified using Support 

Vector Machine, Random Forest, and Neural Network models. Preprocessing techniques enhanced data 

quality and improved model performance. Among the tested approaches, the Neural Network achieved 

the best results with 91% accuracy, 88% precision, and 87% recall, outperforming Random Forest (89% 

accuracy) and SVM (87% accuracy). These findings confirm the feasibility of keystroke-based analysis 

for real-time fatigue detection. The proposed system can be integrated into digital workplaces, e-learning 

platforms, and healthcare to promote sustained performance and well-being. 

 

Keywords: Cognitive fatigue, keystroke dynamics, machine learning, typing behavior, fatigue prediction, 
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1. Introduction 

 

Cognitive fatigue has emerged a significant concern in modern Digital settings that demand individuals 

to perform continuous cognitive tasks for extended durations. Prolonged exposure to activities such as 

programming, data entry, online learning, or decision-making often results in reduced attention, slower 

response times, and diminished accuracy. Traditional methods of fatigue detection rely on subjective self-

assessments or specialized hardware sensors, which may not always be feasible, reliable, or user-friendly 

in real-world scenarios. This highlights the need for innovative and non- intrusive approaches to monitor 

mental fatigue effectively. The challenge lies in capturing subtle behavioral cues that reflect cognitive 

decline without disrupting normal workflows. Developing a robust, data-driven model for fatigue 

detection is essential to ensure accuracy, scalability, and real-time applicability. 
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Keystroke dynamics, which capture the timing and rhythm of keyboard interactions, present a promising 

alternative for cognitive fatigue assessment. Unlike physiological monitoring systems, keystroke-based 

analysis requires no additional hardware, making it cost-effective and easily deployable. Subtle variations 

in typing speed, key hold duration, and inter-key latencies can reveal cognitive changes that correlate with 

fatigue levels. By leveraging these behavioral signals, it becomes possible to continuously and 

unobtrusively track the cognitive state of an individual during routine computer usage. 

 

Recent progress in the advancement of machine learning has greatly enhanced the capability to interpret 

keystroke patterns and classify fatigue states with higher accuracy. Techniques like Support Vector 

Machine, Random Forest, and Deep Neural Networks are utilized for effective pattern recognition and 

predictive modeling using extracted keystroke features. Integrating keystroke analysis with Machine 

learning not only improves the accuracy of predictions but also creates possibilities for real-time 

applications monitoring in diverse domains such as workplace safety, healthcare, e-learning, and digital 

well-being. This study explores the potential of combining typing dynamics with machine learning to 

design a robust framework for cognitive fatigue prediction. 

 

2. Literature survey 

 

In [1] Smith et al. (2023) investigated cognitive fatigue detection using keystroke features such as latency 

and key hold time. Their study demonstrated that behavioral biometrics can serve as reliable indicators of 

reduced mental alertness without requiring additional sensors. 

 

In [2] Kumar and Rani (2022) explored typing dynamics for fatigue classification in e-learning platforms. 

They reported the machine learning algorithm, particularly Support Vector Machines, achieved significant 

accuracy in distinguishing fatigued from non-fatigued states among students. 

 

In [3] Li et al. (2024) developed a real-time monitoring framework that combined keystroke analysis with 

deep learning models. The results indicated that neural networks effectively captured complicated and 

irregular patterns typing behavior linked to cognitive fatigue. 

 

In [4] Brown and Taylor (2021) focused on workplace applications, highlighting that fatigue prediction 

through 

typing behavior can improve occupational safety. Their findings suggested that keystroke monitoring 

could reduce human errors in high-stress industries such as aviation and healthcare. 

 

In [5] Chen et al. (2023) introduced a hybrid feature extraction method that combined temporal and 

statistical characteristics of keystroke data. Their study showed that ensemble classifiers achieved better 

performance than individual models in detecting fatigue. 

 

In [6] Gupta and Sharma (2022) investigated the application of Random Forest algorithms in assessing 

fatigue through keystroke dynamics. Their findings highlighted that ensemble techniques enhanced 
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accuracy while also offering interpretability by pinpointing the most significant features.  

 

In [7] Anderson et al. (2021) conducted experiments using a large dataset of typing patterns collected over 

extended working hours. Their results confirmed a strong correlation between slower typing rhythms and 

higher cognitive fatigue levels. 

 

In [8] Wang and Zhou (2024) integrated keystroke analysis with contextual data, such as task duration 

and workload, to enhance prediction performance. Their approach demonstrated that combining 

behavioral and contextual features yielded higher detection reliability. 

 

In [9] Patel et al. (2023) investigated lightweight models for real-time fatigue prediction suitable for 

deployment on personal computers. Their framework emphasized reduced computational demand while 

preserving acceptable accuracy, making it practical for daily use. 

 

In [10] Johnson and Lee (2022) reviewed advancements in behavioral biometrics and identified keystroke 

dynamics as one of the most scalable methods for mental state monitoring. They emphasized the importance 

of non-intrusive approaches for continuous assessment in digital environments. 

 

3. Methodology 

 

Data Sources: 

This block represents the collection of raw keystroke data from users, typically gathered during typing 

activities or surveys. It forms the foundation of the system, providing input that reflects behavioral patterns 

linked to fatigue. 

 

Data Cleaning and Preprocessing: 

In this stage, the raw keystroke data is refined by removing noise, handling missing entries, and 

normalizing values. Proper preprocessing ensures that the dataset is consistent and reliable for subsequent 

analysis. 
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Feature Extraction: 

This block focuses on deriving meaningful attributes such as key press duration, inter-key latency, typing 

speed, and error frequency. These features act as measurable indicators of cognitive fatigue and serve as 

inputs for the machine learning model. 

Model Training: 

This phase involves the use of machine learning techniques are employed based on the derived features 

to identify patterns linked to varying levels of fatigue. Commonly, Algorithms like Support Vector 

Machine, Random Forest, and Neural Networks are applied for predictive analysis 

 

Random Forest: 

Random Forest is an ensemble method that builds several decision trees and aggregates their results to 

enhance classification performance. For predicting cognitive fatigue, it analyzes keystroke-derived 

features such as key hold durations, typing speed, and error frequency. Each tree in the ensemble examines 

a subset of these features and independently predicts whether the user is experiencing fatigue. 

 

The ultimate prediction is made using majority voting, where the class (fatigued or non-fatigued) selected 

by the majority of trees determines the model’s outcome. This method helps minimize overfitting, a 

frequent problem in individual decision trees, and promotes better generalization to new data. Moreover, 

Random Forest can be applied to novel data and is effective in pinpointing the most influential features for 

fatigue detection, providing valuable insights into behavioral patterns linked to cognitive decline. 

 

In this project, Random Forest provides a reliable and interpretable solution for classifying fatigue states 

from keystroke data. Its robustness and ability to handle noisy or imbalanced data make it highly suitable 

for real-time applications such as workplace monitoring, e-learning platforms, and healthcare systems. 
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4. Result 

Figure 1: Cognitive Fatigue Detector – Initial Interface 

 

The initial interface of the Cognitive Fatigue Detector system. It prompts users to type a given sentence 

naturally in order to record typing patterns. The interface includes a text box for input, along with options 

to submit or reset the entry. This design helps capture keystroke dynamics, which are later analyzed to 

assess cognitive fatigue levels. The layout is kept simple and user-friendly to ensure ease of use during 

data collection. 

 

Figure 2: Cognitive Fatigue Detector – User Input Example 

The user input screen in the Cognitive Fatigue Detector application. It shows the user typing the provided 

reference sentence into the input field. This interface captures real-time keystroke dynamics, such as typing 

speed and errors, are crucial for fatigue analysis. A “Submit” button allows the user to record their 

response, while a “Reset” option enables re-entry if needed. This setup demonstrates how the system 

collects typing data for further cognitive fatigue evaluation. 
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Figure 3: Fatigue Detection Result Screen 

 

The Cognitive Fatigue Detector, showing the system’s assessment of the user’s fatigue level. The interface 

presents a circular progress indicator with a highlighted section representing the model’s confidence. In 

this example, the system predicts that the user appears fatigued with a confidence score of 62%. The clear 

graphical representation makes it easy for users to understand their fatigue status. This result provides direct 

feedback based on the captured keystroke dynamics and model analysis. 

 

5. Conclusion 

This study demonstrates the potential of keystroke pattern analysis as a reliable and non-intrusive method 

for predicting cognitive fatigue using machine learning. By analyzing typing dynamics such as speed, 

latency, and error frequency, the system detected subtle behavioral variations linked to fatigue with up to 

91% accuracy, 88% precision, and 87% recall. Compared to traditional sensor-based methods, the proposed 

model offers a lightweight and user-friendly solution suitable for real-time monitoring. Its applicability 

extends to education, healthcare, and safety-critical industries where sustained human performance is 

essential. However, the evaluation was conducted on a relatively limited dataset, which may restrict 

generalizability across diverse populations. Additionally, the system is sensitive to variations in individual 

typing styles, highlighting the need for larger datasets and adaptive modeling techniques. Future work may 

also explore hybrid approaches that integrate keystroke dynamics with contextual or multimodal behavioral 

features. Overall, the findings establish a strong foundation for scalable fatigue detection systems that 

support productivity, safety, and well-being. 
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