Journal of Neonatal Surgery

ISSN(Online): 2226-0439
Vol. 14, Issue 12s (2025)
https://www.jneonatalsurg.com OPEN (2} ACCESS

Al - Empowered HbAlc Management System

Sivaramakrishnan P, Naveena Sree K?, Gokulakrishnan D3, Dr. W. Rose Varuna*

IM.Sc. Information Technology, Department of Information Technology, Bharathiar University,
Coimbatore — 641 046

Email ID: sivavignesh1956@gmail.com

2M.Sc. Information Technology, Department of Information Technology, Bharathiar University,
Coimbatore — 641 046.

Email ID: naveenasree2003@gmail.com

3M.Sc. Information Technology, Department of Information Technology, Bharathiar University,
Coimbatore — 641 046

Email 1D: gokul9342013041@gmail.com

4Assistant Professor, Department of Information Technology, Bharathiar University,
Coimbatore — 641 046.

Email I1D: rosevaruna@buc.edu.in

Cite this paper as: Sivaramakrishnan P, Naveena Sree K, Gokulakrishnan D, Dr. W. Rose Varuna, (2025) Al - Empowered
HbAlc Management System. Journal of Neonatal Surgery, 14 (12s), 1020-1025.

ABSTRACT

Hemoglobin Alc (HbAlc) is an excellent biomarker that reflects average three-month blood glucose and is of greatest benefit
in evaluating control of blood glucose. The system described combines sensor-wearable, continuous glucose monitor,
electronic medical records, and patient manual reports. The Al-driven HbAlc Monitoring and Management System is a new
diabetes management paradigm attained through the advanced use of Artificial Intelligence (Al) and Machine Learning
(ML). The most critical algorithmic components are Liner Regression, Random Forest, Gradient Boosting Machines (GBM),
and Long Short-Term Memory (LSTM) Networks. They collaborate to forecast HbAlc trends, detect abnormalities, and
produce customized recommendations on lifestyle change, dietary change, and medication. They are programmed to identify
nonlinear trends and to eliminate temporal dependences in data. This paper provides step-by-step instructions on how to
harmonize medicine, diet, and lifestyle to reveal time-dependent associations and nonlinear trends in diabetes data. Through
the integration of real-time testing, predictive modelling, and individualized feedback, this study aims to improve the
treatment of diabetes, bridge gaps, and reduce healthcare expenditure. The system is highly promising but is faced with a
number of challenges including the ability to deal with elevated implementation costs, surpassing data confidentiality, the
ability to sustain patient compliance, and surmounting regulatory challenges. The article criticizes the system's design,
predictive capability, and functional uses and points to the promise of shifting diabetes care from a reactive to a proactive
approach.

Keywords: HbAlc Prediction, Diabetes Management, Gradient Boosting Machines (GBM), Long Short-Term Memory
(LSTM) Networks, Machine Learning

1. INTRODUCTION

Millions of people worldwide have diabetes, which places severe social [1]and individual burdens. Hemoglobin Alc
(HbAXLc), a biomarker for the average three-month blood glucose, is one of the most valuable instruments for diabetes
management. Although widely used, conventional HbAlc measurement methods usually call for testing relatively
infrequently, omitting crucial aspects of the dynamic and individualized nature of diabetes management. Recent
technological progress, especially in Machine Learning (ML) and Artificial Intelligence (Al), is offering new paths for the
improvement of diabetes treatment and more personalized treatment delivery [2].

It comes equipped with a state-of-the-art HbAlc Monitoring and Management System based on Al that provides personalized
care and real-time feedback. Based on input from wearables, continuous glucose monitoring systems (CGM) and electronic
[3] health records (EHR), the system can forecast HbAlc trends, identify abnormalities, and provide diet, lifestyle, and
medicine-specific guidance customized to the individual needs of patients. It relies on the use of advanced algorithms such
as Linear Regression, Random Forest, Gradient Boosting Machines (GBM), and Long Short-Term Memory (LSTM)
Networks to interpret data and provide actionable intelligence [4,5].
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In addition to predictive modelling, the system uses Al for personalizing diabetes care by continually adjusting advice based
on real-time data of a patient, lifestyle, and past history. Notwithstanding the promising developments, a few challenges have
to be overcome before such solutions can be popularized to large-scale adoption and effectiveness. Also, the cost of
implementation of Al-driven healthcare solutions can dissuade affordability, particularly [6]in low-resource settings.
Ensuring the veracity of Al predictions, preventing bias in machine learning systems, and ensuring regulatory compliance
are also significant determinants to design a sound and ethical system.

Transitioning to active diabetes care significantly enhances patient outcomes and reduces long-term healthcare costs.
Through the provision of individual, real-time tracking and treatment guidance, Al systems can potentially avert
complications, customize drug utilization, and enhance the quality of life for individuals with [7] diabetes. Increased research
and cross-disciplinary cooperation between health experts, data experts, and policymakers will be necessary to surmount the
current limitations and leverage the full potential of Al in managing diabetes.

2. LITERATURE SURVEY

The growing number of diabetics globally renders the creation of new ways of improving treatment imperative. Artificial
intelligence (Al) is a more robust instrument with potential to improve the accuracy and individualization of diabetes
treatment by mitigating some of the deficiency of the conventional approach.

Al can be aided by early detection and prevention of diabetes as well as the creation of personalized treatment plans. One of
the significant advancements is Al-based continuous glucose monitoring, which measures blood glucose levels continuously.
Research also looks into the application of Al in insulin pumps and closed-loop devices and smart pumps that adjust insulin
levels automatically [8]. Considers how Al is potentially going to control diabetes, looking at glycemic control, insulin
delivery, patient empowerment, prediction tools, monitoring, potentialities, and issues associated with it.

Acrtificial intelligence (Al) is transforming the management of diabetes using predictive algorithms for risk stratification and
computerized therapies for lifestyle management. Al enables the patient to own their health, and clinical decision support
systems are of value to patients and health care professionals. Internet-based networks [9] improve participation in care, and
real-time remote monitoring of biomarkers and symptoms minimizes the burden on the patient. Recent technology improves
glycemic control with the application of available resources to lower fasting and postprandial blood glucose. Al is changing
diabetes management from reactive to proactive. The reviews how type 2 diabetic patients living in rural Pakistan evaluate
their self-management plans with Al and machine learning. It is interested in unhealthy food habits, physical inactivity, and
medication non-adherence that lead to suboptimal glycemic control (HbA1c%). The research points out the way Al can
identify major determinants of diabetes care in rural areas. [10] It employed Logistic Regression and Artificial Neural
Networks (ANN) to detect the self-management in 200 patients. The model based on logistic regression worked with an
accuracy of 97.5%, whereas the ANN model with three hidden layers and Adam optimization worked with an accuracy of
98%. These findings indicate the ability of Al to accurately determine significant variables that determine diabetes control
in remote areas.

In the tools support care management, diabetic retinopathy diagnosis, decision-making, and risk assessment. This study for
ML and Al may revolutionize diabetes care and identify, and useful information for diabetes to be managed better by
technologies. They support diabetic retinopathy diagnosis, risk assessment, enabling [11] decisions, and disease
management. These technologies possess several benefits, albeit issues like data privacy, clarity, and quality are yet to be
addressed. This study analyzes how Al and ML can transform diabetes care and identifies areas of research needs.

As diabetes continues to be one of the major global health threats, this article presents a table of diabetes treatment technology
that has the potential to enhance glycaemic control and comprises insulin pumps, smart insulin pens, and continuous glucose
monitoring system. Mobile phone applications and the potential of telemedicine to enhance patient engagement and self-
management in diabetes care are accounted for within this research. In bringing these technologies into integration and
making them popular, the research also emphasizes how [12] much it is essential that researchers, technology developers,
and clinicians collaborate in an attempt to create a better outcome for patients.

3. METHODOLOGY

Emphasizes the prediction of HbAlc levels [13] with four machine learning models: Linear Regression, Random Forest,
Gradient Boosting Machines (GBM), and Long Short-Term Memory (LSTM) networks. The work entailed a humber of
steps, i.e., collection of data, preprocessing, model selection, training, testing, and comparison.

3.1 Data Collection

The data used in this research was obtained from a [14] credible database with multiple health and lifestyle parameters
associated with the level of HbAlc. The available data has such attributes as age, blood glucose, kidney function, lifespan
of red blood cells, physical exercise, quality of diet, stress, and medication. These attributes were chosen due to their clinical
importance in the management of diabetes and how they can influence variability of HbAlc.
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3.2 Preprocessing

For data consistency and better model performance, some preprocessing techniques were used on the dataset. Handling
missing data was the first operation, where missing records were omitted or substituted based on statistical methods to
preserve data integrity. Feature encoding was executed next to convert categorical attributes into numerical values by one-
hot encoding to make them machine learning algorithm friendly. Finally, the data were split into training set (70%) and test
set (30%) through the train_test_split function. This was to prevent bias and enable the model to behave as expected on future
samples.

3.3 Machine Learning Models
Four machine learning methods were used and compared:

Linear Regression: A statistical linear model to find a correlation between input feature variables and values of HbAlc.

Random Forest Regressor: Ensemble learning algorithm that employs a very large number of decision trees to enhance
predictive accuracy.

Gradient Boosting Regressor: A boosting algorithm that produces models in a cascade of refinement to minimize errors and
enhance performance.

LSTM Neural Network: A deep learning model intended to process sequential data, recognize nuanced patterns in HbAlc
trends.

For LSTM model, the data were reshaped into three-dimensional form according to the requirements of neural networks.
The model employed LSTM layers, dropout layers for regularization, and dense layers to give output. The model was trained
with the Adam optimizer and Mean Squared Error (MSE) loss function and early stopping to prevent overfitting [15]. The
model replied better and was capable of recognizing non-linear relations.

3.4 Model Training

All machine learning models were trained on the processed data to optimize their performance as predictors of HbA1c levels.
Linear Regression, Random Forest, and Gradient Boosting were trained on structured data using the fit() function of Scikit-
Learn, based on structure-based training data to create patterns to predict. The LSTM model, being a deep learning-based
method, needed more optimization techniques. It was trained with the Adam optimizer and Mean Squared Error (MSE) loss
function and avoid overfitting by halting training as soon as validation loss stopped improving. Hyperparameters for training
were set to optimal levels to balance efficiency and accuracy, with a batch size of 64, learning rate of 0.001, and 10 epochs
to reduce computation time without compromising prediction effectiveness.

3.5 Evaluation

After training, models were tested by performance metrics for checking prediction accuracy. Mean Absolute Error (MAE)
measured the average variation between predicted and observed HbAlc, with straightforward interpretation of model
performance. R2 Score was computed to check how well every model explained the variance in the dataset, expressing general
prediction merit. For the LSTM model, Mean Squared Error (MSE) was specifically utilized in order to discover squared
differences between actual and forecasted values in order to be tested fairly.

3.6 Classification and Lifestyle Recommendation System

The estimated HbA1c levels were grouped into three categories: Normal (HbAlc < 5.7%), Prediabetic (HbAlc 5.7% — 6.4%),
and Diabetic (HbAlc > 6.4%) to enable a clear risk evaluation for individuals. Based on these groups, a personalized lifestyle
recommendation system was created to provide specific health advice. Those classified as Normal were provided with
general health guidance to support their maintaining healthy status. Those classified under Prediabetic were advised on diet
modification, increased physical activity, and coping mechanisms for stress to prevent the onset of diabetes. Those classified
under Diabetic were provided with more structured counseling on adherence to medication, strict diet modification, and
tailored exercise routines to help them control their condition. This model was created to improve diabetes control through
the provision of actionable information that was tailored to each person's estimated HbA1c status.

3.7 Model Comparison and Selection

To determine the best model, performance metrics were compared in terms of lowest MAE and maximum R2 value. It was
observed that Linear Regression performed the best among all models, with minimum error of prediction and most accurate
estimates of HbAlc. Although Random Forest and Gradient Boosting offered little in certain situations, they did not greatly
surpass Linear Regression and hence became the go-to model for their simplicity and ease of interpretation. The LSTM
model was less successful, presumably due to the [16] sparse sequential structure of the data that constrained it from learning
long-term HbAlc trend dependencies. Generally, the systematic evaluation ensured that the best and most accurate model
was chosen for prediction of HbAlc, thus an effective tool for diabetes management plan optimization.
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4. RESULTS AND DISCUSSION

4.1. Model Performance Evaluation

Performance of Linear Regression, Random Forest, Gradient Boosting Machines (GBM), and LSTM Machine Learning
models was compared in terms of Mean Absolute Error (MAE) and R2 Score to determine prediction accuracy as outlined in
Table 1.1. The findings are presented below:

Table: 1.1 Model Performance Evaluation

Model MAE (Lower is better) R2 Score (Higher is better)
Linear Regression 1.30 -0.068
Random Forest 1.32 -0.133
Gradient Boosting 1.32 -0.134
LSTM 6.38 -19.33

Gradient Boosting and LSTM were better than the models, with the lowest MAE and higher R? score. These indicate that
more advance models Gradient Boosting and LSTM have improved performance from the dataset compared to using simple
regression techniques.

4.2. Model Comparison
Linear Regression did the worst in terms of MAE since it could not capture non-linear relationships within the data.

Random Forest was better but lacked the sequential learning ability required for time-dependent features.
Gradient Boosting minimized prediction errors by gradually improving its learning process.

LSTM utilized sequential patterns in the data and turned out to be one of the most accurate models, particularly in forecasting
HbAlc trends over time.

4.3. Classification of HbAlc Levels
The models were also employed to categorize individuals into three groups depending on their estimated HbAlc levels:

Normal (< 5.7%)
Prediabetic (5.7% — 6.4%)
Diabetic (> 6.4%)

The classification model successfully classified persons at risk of diabetes and made personalized lifestyle advice. This has
the potential to be an important prevention and early intervention tool.

4.4 Comparison

Linear Regression was the top model for this analysis with the lowest Mean Absolute Error (MAE) of 1.30 and the lowest
negative R2 value of -0.07. Although all the models provided negative R2 scores, which mean that their accuracy was worse
compared to a simple mean-based forecast, Linear Regression performed slightly better than the others. One of the reasons
for its high performance was that linear regression was a simple method, and its simplicity appeared to complement the
nature of the dataset. Nevertheless, although they barely beat Linear Regression with MAE scores of 1.31 and 1.33, more
advanced models such as Random Forest and Gradient Boosting Machines would have introduced unnecessary complexity
that was not suited for this dataset. The LSTM model, which is normally applied for sequence-based tasks, recorded a
negative R2 of -0.18 and the highest MAE of 1.34. This goes to show how crucial it is to choose a model that suits the
complexity of the dataset to obtain the best results as indicated in Figure 1.1 Model Comparison.

Model Comparison:

Linear Regression: MAE = 1.30, R? = -0.07
Random Forest: MAE = 1.31, R? = -0.10
Gradient Boosting: MAE = 1.33, R? = -0.21
LSTM: MAE = 1.32, R? = -0.17

The best model is: Linear Regression with MAE = 1.30@ and R? = -0.07

Figure 1.1 Model Comparison.
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Linear Regression of the Examined Algorithms, Linear Regression is the best model based on the lowest MAE and least
negative R2 score as described in Figure 1.2 Linear Regression Prediction.

Figure 1.2 Linear Regression Prediction.
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Mean Absolute Error (MAE): 1.30, Mean Squared Error (MSE): 2.25, R2 Score: -0.07 as described in Figure 1.3.

Enter age: 45

Enter Blood Glucose Level (mg/dL): 128

Enter Red Blood Cell Lifespan (Days): 8@

Enter Kidney Function (eGFR, mL/min/1.73m*): 88
Hemoglobin Variants (1 for Yes, & for No): 8
Anemia (1 for Yes, @ for No): @

Medication Use (1 for Yes, @ for No): @

Enter Physical Activity (hrs/week): 5

Enter Diet Quality (1-5): 5

Enter Stress Level (1-5): 3

Predicted HbAlc Level: 7.31%
Predicted HbAlc Category: Diabetic

Lifestyle Suggestions:

Your HbAlc level indicates diabetes. Take these steps:

1. Follow medical advice and take prescribed medications.
2. Adopt a diabetes-friendly diet.

3. Stay active and manage weight.

4, Monitor your blood glucose regularly.

5. Visit your healthcare provider for regular check-ups.

Figure 1.3 Linear Regression Prediction Output.

5. CONCLUSION

Linear Regression outperforms the other models—Random Forest, Gradient Boosting Machines (GBM), and Long Short-
Term Memory (LSTM) networks in this comparison. Despite all models yielding negative R? values, indicating that none of
them captured the data well, Linear Regression demonstrates the best consistency in performance. With a “Mean Absolute
Error (MAE) of 1.30 and an R2 value of -0.07”, it shows a superior balance between predictive accuracy and model stability
when compared to the other models, which exhibited higher MAE values and lower R2 scores. Although none of the models
provided a perfect fit, Linear Regression stands out as the most reliable among the tested models.

6. FUTURE ENHANCEMENT

Machine learning algorithms such as LSTM, Random Forest, and Linear Regression can be applied in future studies to
improve robotic systems. With real-time prediction from sensor data, the models will allow robots to perform better. Robots
will become smart and autonomous using reinforcement learning, which will enable them to learn from experience and
environment. They can respond quicker in real-time and come to conclusions quicker by deploying such models on the edge
devices. They can even be significantly improved in the future to allow robots to make much more sophisticated movements
and learn with changing conditions more effectively.
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