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Abstract. The rising incidence of diabetes necessitates accurate and reliable continuous glucose 

monitoring (CGM) systems. This study tackles a significant challenge in CGM technology: sensor 

drift, which compromises the accuracy of blood glucose readings. We utilized a comprehensive 

dataset encompassing over 50,000 glucose readings collected from diverse patient populations over 

six months. Our methodological framework employed advanced machine learning algorithms, 

specifically Support Vector Machines and Neural Networks, to model and correct sensor drift, 

ultimately enhancing the precision of CGM devices. Quantitative evaluation metrics demonstrated a 

reduction in error rates by 25% compared to conventional calibration methods. The findings 

underscore the importance of integrating machine learning techniques in the advancement of CGM 

technology, offering a promising direction for improving diabetes management and patient 

outcomes. 

Keywords: Continuous Glucose Monitoring, Sensor Drift, Machine Learning, Support Vector 

Machines, Neural Networks, Diabetes Management, Data Analysis 

Introduction 

The global incidence of diabetes has reached alarming rates, highlighting the pressing need 

for effective monitoring solutions. Continuous glucose monitoring (CGM) has emerged as 

a vital technology in diabetes management, offering real-time insights into glucose 

fluctuations. However, a significant barrier to the efficacy of CGM systems lies in sensor 

drift, where glucose readings become increasingly inaccurate over time due to various 

factors, including chemical degradation and environmental conditions. Recent estimates 

suggest that over 30% of users experience clinically significant sensor drift, complicating 

their management strategies and risking adverse health outcomes. Despite advancements in 



 

 

CGM technology, prior research has largely overlooked the integration of machine learning 

algorithms to address the issue of sensor drift. Studies have primarily focused on hardware 

improvements or traditional calibration techniques, which often fall short of providing 

lasting solutions. Furthermore, previous literature fails to consider the impact of diverse 

patient demographics on sensor performance and drift, thus limiting the applicability of 

proposed solutions. Our research aims to fill these critical gaps by formulating the 

following questions: How can machine learning algorithms optimize the reliability of CGM 

readings? What data collection methods are most effective in capturing the variances in 

sensor performance across patient populations? We hypothesize that by employing 

advanced computational techniques, we can mitigate sensor drift and enhance the accuracy 

of CGM devices. The structure of this paper is as follows: we will first outline our 

methodology, followed by an in-depth analysis of results and discussions surrounding the 

implications of our findings. 

This is a preliminary version. To read the full version of the article, please purchase a 

subscription. 

Methodology 

This study employed a rigorous empirical framework to address sensor drift in CGM 

systems. We collected data from 50,000 glucose readings across 200 diabetes patients over 

a six-month period using a standardized smartphone application developed in Python 3.8, 

which interfaced with various CGM devices. The data collection process incorporated key 

parameters, including time of reading, patient demographics, and environmental conditions, 

to ensure a comprehensive dataset. For data preprocessing, we utilized the Pandas library 

(version 1.2.4) to clean and standardize the dataset, addressing missing values and outliers. 

We then implemented machine learning models using Scikit-learn (version 0.24.2) and 

TensorFlow (version 2.5.0). Our primary analytical approach involved Support Vector 

Machines (SVM) to correct sensor drift, complemented by deep learning Neural Networks 

for enhanced predictive accuracy. The SVM model was trained on 70% of the dataset, 

while the remaining 30% served as a test set, ensuring robust model validation. The training 

process included hyperparameter tuning, employing grid search techniques to optimize the 

models. The performance metrics included mean absolute error (MAE), root mean square 

error (RMSE), and R-squared values. A series of cross-validation iterations validated the 

models, with final evaluations conducted against conventional baseline calibration 

methods. Additionally, we performed sensitivity analyses to assess model robustness across 

diverse patient profiles and environmental factors, thus ensuring the generalizability of our 

findings. 

Results and Discussion 

The application of machine learning algorithms yielded significant improvements in the 

accuracy of CGM readings. Our SVM model demonstrated a mean absolute error reduction 

of 25%, achieving an MAE of 10 mg/dL compared to the 13.5 mg/dL of conventional 



 

 

calibration techniques. Furthermore, the Neural Network approach outperformed the SVM 

in terms of predictive accuracy, achieving an R-squared value of 0.92, reflecting a high 

degree of correlation between predicted and actual glucose levels. Statistical significance 

was confirmed through p-values, with results indicating p < 0.001 in comparisons between 

our proposed methods and traditional calibration techniques. Latency in sensor reading 

adjustments was reduced by 15%, enhancing real-time responsiveness for patients. These 

results underscore the potential for machine learning methodologies to revolutionize CGM 

technology, offering pathways for improved diabetes management practices. Moreover, our 

findings suggest a paradigm shift in the approach to sensor calibration, emphasizing the 

necessity for integrating machine learning frameworks in clinical settings. This study not 

only addresses the immediate practical challenges faced by patients but also reinforces the 

theoretical foundations for future research into adaptive CGM systems. 

Conclusions 

In conclusion, our study presents a significant advancement in addressing sensor drift in 

continuous glucose monitoring systems through the application of machine learning 

algorithms. The core contribution lies in demonstrating that integrating advanced 

computational techniques can greatly enhance the accuracy and reliability of glucose 

readings, ultimately improving patient outcomes in diabetes management. Policy 

implications include the recommendation for healthcare providers to adopt such 

technologies for real-time monitoring, thereby facilitating proactive interventions. Future 

research avenues may explore the adaptation of these models for other chronic health 

conditions, further expanding the utility of machine learning in medical technology. 
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