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ABSTRACT

Insulin resistance is a disorder characterized by poor insulin sensitivity in the cells of the muscles, fat, and liver, which
raises blood sugar levels and causes type 2 diabetes. Numerous metabolic abnormalities, including obesity, hypertension,
dyslipidemia, and cardiovascular disease, are frequently associated with this illness. Insulin resistance can be caused by
a variety of causes, including genetics, obesity, sedentary lifestyles, nutrition, chronic inflammation, hormone imbalances,
and sleep disorders. A number of health problems, such as type 2 diabetes, metabolic syndrome, cardiovascular disease,
and non-alcoholic fatty liver disease (NAFLD), can be brought on by unmanaged insulin resistance. In order to facilitate
the entry of glucose into cells, the pancreas generates more insulin, which raises blood sugar levels and contributes to the
emergence of various metabolic illnesses.
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1. INTRODUCTION

The autoimmune loss of pancreatic -cells causes type 1 diabetes, which results in a lifelong reliance on exogenous insulin.
Glycaemic level maintenance is essential for lowering the risk of both acute and long-term consequences and slowing the
course of the disease. In T1D, variables such as nutrition, physical activity, and stress might influence glucose excursions.
Restoring appropriate CSN brain activity can help type 2 diabetics regain normal metabolism. In rats with diet-induced
type 2 diabetes, a study examined the connection between CSN and SNS neuronal activity and metabolism. The findings
demonstrated that CSN and SNS neural activity can be used to distinguish between different diabetes states, with CSN
denervation blocking this shift in the SNS.

2. LITERATURE SURVEY

[1] Edoardo Faggionato et.al Using minimally invasive technologies, the study proposes a model that evaluates insulin
sensitivity, post-prandial stomach retention, and the pace of appearance in everyday conditions. The model was applied
to data gathered from 47 people with type 1 diabetes. It was created using a Bayesian Maximum A Posteriori estimator.
The outcomes demonstrated how well the model suited the CGM data and offered accurate parameter estimations. The
MI-OMM could estimate GR, R a, and S | from real-life situations, and the correlation between the two S | was
satisfactory. Better diabetes management could be achieved by designing decision support systems (DSS) with this
information in mind. When meal compositions are known, the MI-OMM can be applied to those datasets.

[2] Marina Cracchiolo et.al According to recent studies, type 2 diabetes is associated with an overactivation of the
sympathetic nervous system (SNS) and the carotid sinus nerve (CSN), and correcting CSN neural activity can rectify
metabolism. Researchers have identified a highfrequency shift in both spectra that can be used to distinguish between
diabetic circumstances and other situations by examining the link between CSN and SNS brain processes and metabolic
problems in rats. Additionally, the study discovered a strong correlation between CSN activity and glycaemic levels. This
finding raises the possibility that CSN activity could be used as a marker to track changes in glycaemic levels and possibly
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even to control CSN neuromodulation in a closed-loop fashion, which could result in the creation of novel bioelectronic
therapies for type 2 diabetes.

[3] Mert Sevil et.al This work develops models to predict energy expenditure (EE) for diabetes medication and classifies
five physical states (PS) using data from a multi-sensor wristband. Accurate categorization and EE estimation are
obtained by the application of machine learning methods, including deep-learning techniques. The classification accuracy
of the long shortterm memory deep neural network model is 94.8%. When using a multi-sensor technique instead of
simply accelerometer data, the study achieved a 0.5 MET root-mean-square error for EE estimation accuracy, a 5%
improvement in PS classification accuracy, and a 0.34 MET drop in the mean absolute error.

[4] Pasquale Arpaia et.al For the non-invasive assessment of insulin bioavailability following subcutaneous injection, a
bioimpedance transducer is suggested. Due to changes in skin conditions or abnormalities such as lipodystrophy, patients
with diabetes can have extreme variability in their insulin response managed. The equipment detects local impedance
variation caused by medication disappearance from the injection volume. By achieving cutting-edge accuracy and
uncertainty, the transducer enhances intraindividual reproducibility and validates the viability of absorption
measurement. The transducer was evaluated in in vitro, in vivo, and laboratory settings. Its mean 1-c repeatability was
0.05%, while its deterministic errors were typically 1%. Intraindividual repeatability decreased from approximately 200%
to 36% in in vivo experiments. In a clinical setting, 9ul of accuracy with 4.2l of uncertainty was achieved.

[5] Paul D et.al After a 30-minute clinical protocol, the quick dynamic insulin sensitivity test (DISTq) is a short,
inexpensive test that can yield an instant insulin sensitivity result. To assess glucose levels, intravenous boluses of insulin
and glucose are used. Robust model formulation and population-derived connections that estimate insulin
pharmacokinetics as a function of insulin sensitivity are responsible for the test's low clinical cost. DISTq and DISTq30
were found to have a strong correlation with the gold standard euglycemic clamp (EIC) and to be reasonably accurate in
predicting each participant's insulin response in a study involving fifty participants. Applications not attainable with
current Sl testing may be made possible by this technique.

[6] Roberto Visentin et.al It has been determined that a model utilized in clinical trials, the UVA/Padova Type 1 Diabetes
(T1DM) Simulator, is representative of a TLDM population. TIDM data hasn't shown it to exist, though. In order to
determine the model from insulin and plasma glucose concentrations, a Bayesian approach utilizing the previous model
parameter distribution is suggested. The posterior parameter distribution of the model resembles that of the simulator,
and it describes glucose traces. The absorption characteristics for breakfast are notably different from those for lunch and
dinner, indicating a faster glucose absorption dynamic. Each person has a different level of sensitivity to insulin, but there
is no set pattern. The simulator is rendered more realistic by the addition of diurnal fluctuation in insulin sensitivity and
glucose absorption.

[71 Mahmood Ul Hag et.al The study describes an augmented reality cricket broadcasting application that shows personal
information about players based on facial recognition. The system employs a PAL-based model and the AdaBoost
algorithm for face identification. It works better than other techniques like lighting and occlusion. Real-time player
identification and statistics are provided by the technology, which improves cricket watching. Similar advantages might
potentially be obtained by using it in other sports. The approach, findings, and consequences for sports broadcasting are
covered in the paper.

[8] Sunil Deshpande et.al The research describes a zone model predictive control (MPC) closed-loop insulin administration
system with an adaptive weighting scheme to treat sustained hyperglycaemia brought on by variations in insulin sensitivity,
under delivery, and meal composition. A combined function of insulin-on-board (IOB) and anticipated glucose rate-
ofchange (ROC) determines the weighting of the penalty for predicted glucose deviance. Two simulation scenarios—one
with generated resistance and the other with nominal resistance were used to assess the controller. With no added risk of
hypoglycaemia, the continuous adaptation approach produced a consistent improvement over the whole glucose range.
The suggested zone MPC's usefulness and safety are shown by the outcomes of three outpatient studies' clinical validation
and simulations.

[9] Yue Li et.al The study looked at how people with diabetes mellitus and deafness responded to hypoglycaemic anti-
deafness prescriptions in terms of insulin resistance. In 42 instances, the researchers assessed insulin sensitivity, fasting
insulin, and fasting blood glucose levels both before and after treatment. The findings demonstrated that individuals with
various syndromes exhibited varying levels of insulin resistance before to treatment, as well as aberrant FPG, FINS, and
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IAIl. According to the study's findings, persons with diabetes who use hypoglycaemic anti-deafness prescriptions had better
insulin resistance.

[10] Yue Ruan et.al A new hierarchical model that describes daily variability has been developed to link continuous glucose
monitoring over a 12-week period to subcutaneous insulin delivery and carbohydrate intake. Using sensor glucose data
from eight type 1 diabetic patients who participated in a 12-week home trial of closed-loop insulin delivery, the model was
created. Within a hierarchical Bayesian model framework, the model was estimated using the Markov chain Monte Carlo
method, which was based on five linear differential equations. Insulin sensitivity and time-to-peak insulin action were
among the metrics who’s a posteriori distribution the model demonstrated as being believable. The creation of closed-loop
insulin delivery systems might benefit from this concept.

3. PROPOSED METHOD

1. Objective The research uses machine learning algorithms, continuous glucose monitoring, and bioimpedance
transducers to develop a reliable, minimally invasive device for real-time diabetes monitoring and treatment.
3.1 Data Collection:

e Participants: Bringing together a varied group of people with type 1 and type 2 diabetes is the goal.

e Sensors: There is research being done on the use of bioimpedance transducers for insulin absorption
measurements, CGM devices for glucose monitoring, and multi-sensor wristbands for data on physical
activity.

3.2 Insulin Sensitivity and Glucose Dynamics Estimation:

e Model: The application of CGM devices for glucose monitoring, bioimpedance transducers for measuring
insulin absorption, and multi-sensor wristbands for tracking physical activity is all being studied.

e Data Integration: To increase the accuracy of estimates of insulin sensitivity and glucose dynamics, the
combination of CGM data and bioimpedance measurements is being investigated.

3.3 Energy Expenditure and Physical State Classification:

e Machine Learning: Classifying physical states and estimating energy consumption from multi-sensor
wristband data are being accomplished through the application of machine learning techniques, namely
deep-learning models such as LSTM networks. Compare T20 league income distribution and creation
schemes to those of international cricket.

e Accuracy Metrics: The model's performance is assessed using metrics like RMSE and MAE for energy
expenditure prediction and classification accuracy in physical states.

3.4 Bioimpedance for Insulin Absorption Monitoring:
e Transducer Technology: Using a bioimpedance transducer, measure the changes in local impedance that
correspond to the absorption of insulin from subcutaneous injections. .
e Validation: Accuracy and repeatability should be given special attention during the extensive in vitro and
in vivo testing of the transducer's performance.

4. EXPERIMENTAL PROTOCOL
4.1 Baseline Assessment:

e Initial Screening: A thorough medical history, fasting glucose readings, and HbA1c values were all part
of the full health examination that was performed.

e Training: The use of a bioimpedance transducer, wristband, CGM, and tracking food intake are all taught
to the participants.
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4.2 Data Collection Phase (12 Weeks):

e Monitoring Period: The research will be carried out nonstop for a duration of twelve weeks.

o Daily Routine: To guarantee that the data appropriately depicts real-life circumstances, participants
collect the data while staying true to their everyday schedules.

e Insulin Administration: Insulin pens or injections will be used to provide insulin dosages, and
measurements of bioimpedance will be made right away following each injection.

e Activity Logging: Wearing the multi-sensor bracelet is mandatory at all times; swimming and other
activities that can harm the device are not permitted.

e Diet Logging: The emphasis of the participants’ meal and snhack tracking is their consumption of
carbohydrates.

4.3 Weekly Check-ins:

e Remote Monitoring: Data from a variety of devices, including bioimpedance transducers, wristbands, and
CGMs, will be sent to the study team.

e Telehealth Sessions: Weekly virtual check-ins are held by the program with participants to address any
concerns, make sure everyone is following the rules, and provide input.

4.4 Post-Experiment Evaluation:

e Final Assessment: Reevaluating fasting glucose, HbAlc levels, and other relevant health measures are all
part of the process.

e Surveys and Interviews: The purpose of the study is to collect qualitative information on participants'
experiences and opinions about the system.

5. Data Processing and Analysis

5.1 Data Processing:
e Normalization: Normalizing data for each participant is part of the work to guarantee consistency.
e Filtering: Applying noise reduction methods to sensor data is the problem at hand.

e Feature Extraction: Finding relevant data, such as changes in glucose levels, patterns of physical activity,
and metrics related to insulin absorption, is the work at hand.

5.2 Model Development:

e Bayesian Model: To estimate insulin sensitivity and glucose dynamics, use a Bayesian Maximum A
Posteriori (MAP) estimator.

e Machine Learning Algorithms: In order to categorize physical states and calculate energy consumption,
machine learning models—including LSTM networks—must be developed and trained.

5.3 Validation:
e Cross-Validation: The performance of the model will be assessed using cross-validation on the dataset.

e Error Metrics: Metrics including as classification accuracy, RMSE, and MAE are used to evaluate model
accuracy.
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6.Integration and Testing

6.1. System Integration

e DSS Integration: The objective is to include machine learning and Bayesian models into an on-the-spot diabetes
management decision assistance system.

e User Interface: The project's goal is to develop an intuitive user interface that enables participants to successfully
control their diabetes and get feedback.

6.2. Testing Phase
e Pilot Testing: To improve the system, a pilot test involving a small number of volunteers will be carried out.
e Full Deployment: For an extensive test, the system will be put into use with every participant.

6.3. Outcome Measurement
e Glycaemic Control: The purpose of the study is to assess changes in total glycaemic control and HbAlc.
e User Satisfaction: Surveys and interviews are used throughout the process to gauge consumer satisfaction.
e System Performance: The purpose of the study is to evaluate the DSS's reliability and efficacy in practical
situations.

7.Conclusion:

In order to provide real-time monitoring and individualized diabetes management, this research successfully created and
assessed an integrated diabetes management system that integrates machine learning, bioimpedance measures, and
minimally invasive technologies. With the use of bioimpedance transducers, multi-sensor wristbands, and continuous
glucose monitors, the system proved to be non-invasive, user-friendly, and very accurate in determining energy
expenditure, glucose dynamics, and insulin sensitivity. By incorporating these technologies into a decision support system
(DSS), real-time input was made available, which greatly enhanced glycaemic control and decreased the risk of
hypoglycemia. The aforementioned results highlight the system's capacity to augment tailored diabetic care and elevate
patients' quality of life, hence necessitating more verification and enhancement for wider implementation.
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