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Abstract

More than 500 million individuals in the world have diabetes today, with an estimated
number of 783 million by 2045. Monitoring of Blood Glucose (BQG) is an essential activity,
particularly in individuals with Type 1 diabetes (T1D), who need exogenous insulin to
manage the condition. Frequent BG monitoring is possible with Continuous blood Glucose
Monitoring; however, it relies on invasive blood sampling, which can be painful and prone
to infection. The existing CGM systems use only the current BG level to compute insulin
bolus doses, without accounting for variation in carbohydrate intake during meals. This
condition, in most cases, causes T1D patients to have hypoglycaemic and hyperglycaemic
episodes. Otherwise, uncontrolled elevated BG leads to severe complications, including eye
disease, neuropathy, nephropathy, and cardiovascular disease. In general, good glycaemic
control in the management of diabetes has been a great challenge. To address these issues,
this study focuses on developing a non-invasive CGM device that measures BG, predicts
future BG levels, and calculates insulin boluses based on these predictions to improve

glycaemic control.

The proposed Continuous Blood Glucose Monitoring system involves a non-invasive,
single-sensor device operating at 940 nm to obtain physiological signals and produce a
structured dataset. The dataset is used with the Shapley additive explanations method to
identify key features in the estimation of blood glucose. A distributed architecture provides
lightweight machine learning-based continuous estimation of BG levels, and a forecasting
architecture predicts future BG levels with a 60-minute horizon. Bolus insulin doses are
calculated using the forecasted BQG, carbohydrate intake, and subject-specific
characteristics. Intermittent insulin boluses are tested across 10 virtual adult cohorts in the

UVA/Padova T1D simulator under different meal and insulin conditions.

The analysis indicates that the proposed system estimates BG levels with a mean absolute
difference (MAD) of 1.79 mg/dL and a RMSE of 6.08 mg/dL. In CGM, a deep learning-
based hybrid architecture is also proposed for BG forecasting. This architecture
demonstrates improved performance, achieving RMSE values of 3.42, 6.45, and 17.73
mg/dL for 15-, 30-, and 60-minute prediction horizons (PHs), respectively, and 12.57,
20.72, and 34.41 mg/dL for real cohorts. Additionally, the Mean Absolute Error (MAE) for



15-, 30-, and 60-minute PHs is 2.11, 4.47, and 11.78 mg/dL for virtual cohorts, respectively,
and 7.9, 14.13, and 25.5 mg/dL for real cohorts. The proposed approach improves glycaemic
stability, with 98.86% of time in the euglycemic range (70-180 mg/dL), and reduces the risk
of hyperglycaemia and hypoglycaemia, as indicated by mean values of the High BG Index
(HBGI) at 0.46, Low BG Index (LBGI) at 1.27, and BG Risk Index (BGRI) at 7.49. Control-
Variability Grid Analysis (CVGA) confirms the clinical applicability, showing that all

virtual patients’ BG levels are within zones A and B.

The proposed Continuous Blood Glucose Monitoring system offers a convenient and non-
invasive solution for managing T1D. This system enhances glycaemic control by using
forecasting to make insulin dosing decisions. It holds significant potential for future use in

intelligent, personalized diabetes care systems.

Keywords: Machine learning, Continuous glucose monitoring, Blood Glucose, non-

invasive measurement, Multiple daily injection, Insulin bolus, Glycaemic control
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Continuous Blood Glucose monitoring

Chapter 1

Introduction

1.1 Continuous Blood Glucose monitoring

Diabetes is a long-term disorder that occurs when the body fails to balance Blood Glucose
(BG) levels. The pancreas secretes the hormone insulin, which is vital for regulating BG
levels, which cells use as a source of energy. Abnormalities in insulin secretion create
diabetes. Type 1 Diabetes (T1D) and Type 2 Diabetes (T2D) are the two broad types of
diabetes. In T1D, the immune system of individuals attacks and destroys the insulin-
producing cells of the pancreas. Consequently, such individuals generate low or no insulin.
These people have to take insulin regularly to survive. Conversely, the pancreas of people
with T2D does not produce sufficient insulin to maintain BG within the euglycemic range
(70-180 mg/dL). T2D is more prevalent and usually develops in adulthood. T1D patients
have serious difficulties, as they should inject insulin several times or use insulin pumps to
measure their blood sugar level regularly, and sometimes consult medical specialists.
Diabetes is a significant burden on the world and is expected to continue increasing over the
next few decades [1].

Continuous Blood Glucose Monitoring aids in diabetes management by continuously
tracking BG levels in real time throughout both day and night [2]. It is particularly useful
for people with diabetes who use several insulin injections or insulin pumps daily, including
people with T1D. It may also be beneficial to a few individuals with T2D. In CGM, BG
levels can be measured by invasive or non-invasive methods. The invasive technique
involves penetrating the skin or fingertip to test BG levels. The fact that the process of using
CGM is uncomfortable and inconvenient is due to the necessity to conduct several BG
readings daily. A more viable solution is provided by CGM sensors that non-invasively

measure BG levels without puncturing the fingertips [3].

1.2 Motivation

The increasing burden of diabetes worldwide, together with the need for continuous and
accurate BG monitoring, underscores the imperative to develop a CGM system. Even

though CGM technologies have greatly enhanced diabetes management through real-time
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glucose data, several challenges limit their utility and use among a broad audience. The
existing systems are often associated with sensor noise, calibration requirements, low
sensitivity to rapid glucose variations, and invasive or semi-invasive sensing methods,
which may lead to discomfort and poor patient compliance. Also, most CGM-based
decision-making methods currently in use are reactive and rely on current glucose levels
rather than predictive insights. They therefore cannot effectively prevent impending
hypoglycaemic or hyperglycaemic episodes. Non-invasive CGM devices have not yet
reached clinical-level accuracy, despite their potential. These limitations, as well as the
necessity to provide inexpensive, easy-to-use, and very accurate monitoring systems, drive
further development of CGM systems. In particular, there is an urgent need to develop an
advanced, credible, and predictive CGM system that enables proactive diabetes treatment,

enhances patient comfort, and enables real-time monitoring.

1.3 Definition of the Problem

Although there have been tremendous technological improvements in diabetes
management, the lack of reliable, comfortable, and smart CGM systems that are non-
invasive and enable proactive glucose control remains a problem. CGM systems mostly use
an invasive approach to estimate glucose levels and compute insulin doses based on those
levels. It is a method that offers a few benefits for predicting future glucose changes, but it
often makes insulin dosage decisions reactive. This results in delayed interventions, high
glucose variability, and an elevated probability of hypo- and hyperglycaemic events. These
restrictions reflect the necessity of a holistic CGM model that incorporates non-invasive,
precise glucose measurements, short-term glucose projections, and optimal insulin-dose

calculations to facilitate effective, timely control of glycaemic levels.

1.4 Objective and Scope of Work
1.4.1 Objectives

To effectively manage diabetes in individuals with T1D requires precise and continuous
monitoring of BG levels to diminish the risk of severe hyperglycaemia and hypoglycaemia
events. However, the effectiveness of existing CGMs is limited because they rely on an
invasive approach for BG estimation and calculate insulin boluses based on current BG
values. This limitation leads to decreasing patient compliance and therapeutic effectiveness.

This research aims:
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» To formulate a model for BG estimation using Machine Learning (ML) techniques
that utilizes a non-invasive approach, is computationally efficient, and accurately
measures BG levels in real time.

» To find the key input parameters the ML model uses to estimate BG levels.

» To develop a computationally efficient multivariate forecasting model that
effectively forecasts the BG level with higher accuracy in real time.

» The research aims to accomplish subsequent precise objectives by developing this
predictive capability:

o Compute the optimal insulin bolus dosage using the developed system for
T1D individuals.
o Investigate a CGM system that proactively helps to design bolus insulin

therapy to improve glycaemic control throughout the day.

1.4.2 Scope of work

The research aims to develop a new ML-based CGM and control system that effectively and
non-invasively measures BG levels. The research is based on the development of a
structured dataset from a single-sensor, non-invasive device operating at 940 nm. Another
important aspect of the research is to identify valuable features for estimating BG. It also
involves designing a computationally efficient, lightweight, and distributed ML model to

estimate continuous BG levels.

Another part of the research will be the development of a short-term BG forecasting model
that predicts glucose levels up to 60 minutes in advance. This model will aid in predicting
future glucose trends. Using these predicted glucose values, a model for calculating insulin
bolus doses is adopted to improve glucose management during meals under intermittent
insulin therapy. Lastly, the proposed method is evaluated using various metrics to assess its
efficiency in improving glycaemic control and minimizing glucose variability. The research
does not consider fully automated, Closed-Loop (CL) insulin delivery devices and focuses

on intermittent insulin therapy.

1.5 Original Contribution of the Thesis

» This thesis proposes a non-invasive CGM system that incorporates machine-

learning-based BG measurement, BG forecasting, and intermittent insulin bolus
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(IIB) calculation to improve glycaemic control relative to daily carbohydrate (CHO)
variation across meals.

This thesis introduces a non-invasive single-sensor instrument for continuous BG
level measurement. To test the efficiency of this continuous BG measurement
device, a new database was developed for this research using data from 784
individuals. Additionally, Shapley additive explanations are used to extract 13
significant features from the collected data, thereby enhancing BG estimation
performance.

This thesis presents a lightweight two-level distributed system based on a random
forest model that calculates BG levels with higher accuracy. The proposed
architecture achieves better performance in estimating BG levels than the state-of-
the-art, with a Root Mean Square Error (RMSE) of 6.08 mg/dL, a Mean Absolute
Deviation (MAD) of 1.79 mg/dL, and a mean Absolute Relative Deviation (mARD)
of 1.5%. Also, the effectiveness of this architecture is proven by Clarke Error Grid
Analysis (CEGA).

In this thesis, a hybrid architecture, DCRNet, is proposed to forecast BG, combining
a Dilated Convolutional Neural Network (DCNN) and a Long Short-Term Memory
(LSTM) network. The DCNN is advantageous because it has a larger receptive field,
which can improve its ability to capture multidimensional information in time-series
data. At the same time, the LSTM efficiently captures long-term temporal
relationships in multivariate time-series data. The effectiveness of the proposed
hybrid architecture is assessed using a virtual dataset generated from 11 virtual T1D
subjects in the UVA/Padova T1D Mellitus (UVA/Padova T1DM) simulator. This
architecture uses time-series BG data and carbohydrate intake from 1,344 meal
scenarios created by the UVA/Padova T1DM simulator. The effectiveness of the
proposed architecture is also evaluated on the OhioT1DM dataset, which contains
time-series data from 12 real subjects.

In this thesis, a proposed IIB therapy utilizes forecasted glucose levels generated by
a predictive model, replacing the conventional practice of using current BG values
to calculate bolus insulin doses.

The proposed IIB therapy surpasses the conventional Multiple Daily Injection
(MDI) system and the Artificial Pancreas (AP) system, achieving a remarkable 99%
of time with BG levels within 70-180 mg/dL across 10 virtual adult cohorts. This

therapy also reduces the incidence of both hyperglycaemia and hypoglycaemia,
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while enhancing overall glycaemic control throughout the day. The proposed
therapy is safe and improves BG control, as the BG levels of all virtual patients fall
within Zones A and B on the Control-Variability Grid Analysis (CVGA).

» The proposed CGM system offers optimal glycaemic control with just three insulin
doses per day. This approach gives patients more freedom from being tethered to
external devices or relying on an insulin pump, compared to traditional automated

insulin delivery systems.

1.6 Thesis Organization

This thesis is divided into chapters, each discussing a detail of CGM, prediction, and insulin

delivery using ML methods. The thesis is presented in the following way:

Chapter 2 reviews the existing literature on CGM and prediction. Recent CGM systems and
a range of invasive and non-invasive methods for measuring BG are discussed. Explainable
Al (XAI) techniques for feature importance analysis, hybrid forecasting models, and ML
and Deep Learning (DL) approaches for glucose prediction are also discussed in the

chapter.

Chapter 3 describes how a dataset can be generated for estimating BG levels using non-
invasive sensors. It describes the use of a device containing three non-invasive sensors and
a single-sensor data-gathering device. Moreover, the chapter describes the data

preprocessing to remove outliers from the collected data.

Chapter 4 describes feature extraction and XAl methods for determining the most important
features affecting BG prediction. It introduces a machine learning-based approach to BG
measurement with a lightweight, distributed architecture that aims to improve robustness
through data augmentation/normalization. Accuracy, Fl-score, precision, recall, RMSE,
mARD, and MAD are all utilized as performance metrics. It also includes CEGA and a

comparison with current non-invasive methods.

Chapter 5 focuses on a DL method for predicting BG levels and details preprocessing steps
such as segmentation and normalization. It discusses the datasets used, including clinical
and in silico data, and introduces the DCRNet architecture, which integrates an LSTM

network with a DCNN network. The model is tested using standard performance measures,
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compared with state-of-the-art methods, and then evaluated further using statistical

measures.

Chapter 6 describes an [IB therapy based on forecasting, intended to enhance glycaemic
control in people with T1D. The proposed IIB therapy is evaluated using several simulated
scenarios, along with an explanation of the mechanism for calculating an insulin bolus based
on forecasted BG levels. Additionally, a Graphical User Interface (GUI) for calculating
meal-based insulin boluses is provided. Several evaluation metrics, including Time in Range
(TIR), Time Above Range (TAR), Time Below Range (TBR), High BG Index (HBGI), Low
BG Index (LBGI), BG Risk Index (BGRI), and CVGA, are used to assess the efficacy of
the proposed IIB therapy.

Chapter 7 presents the architecture and operation of the proposed CGM system. It describes
the general structure, data-collection procedure, and system components used for glucose
monitoring, prediction, and BG control. The advantages and usefulness of the proposed

CGM system are also discussed in comparison with existing systems.

Chapter 8 concludes the major discoveries and contributions of the research presented in the
thesis. It highlights the effectiveness of the proposed approaches for glucose monitoring,
forecasting, and insulin therapy. The chapter concludes by discussing potential future

research directions to improve the proposed CGM system.
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Chapter 2

Literature Review

2.1 Introduction

Diabetes is a persistent metabolic illness that causes high BG levels, which may result from
insufficient or absent insulin production. Figure 2.1 shows the global diabetes indices

produced by the International Diabetes Federation (IDF).

200 400 600 800 1000
DIABETIC POPULATION (MILLIONS)

Figure 2.1: Global diabetes indices forecasted by IDF [1]

IDF estimates that 589 million people worldwide currently have diabetes. By 2030, there
will be 643 million people with diabetes worldwide, and 783 million by 2045 [1]. In recent
decades, diabetes cases have significantly increased worldwide, and it has become a
significant global health issue. BG levels should be appropriately checked in order to
prevent severe outcomes, such as hypoglycaemia, hyperglycaemia, cardiovascular diseases,
and renal failure. BG has traditionally been measured with self-monitoring devices that
involve finger pricks. However, these techniques can only provide discrete data and cannot

show continuous variation in glucose levels.

A CGM system makes a significant contribution to the effective management of diabetes
[2]. CGM systems provide real-time glucose monitoring, making it easier to decide on
insulin therapy by continuously measuring BG levels in interstitial fluid. With increasing
access to CGM data, ML algorithms have been widely used to analyse glucose trends and

forecast future BG levels.
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The chapter provides an in-depth literature review of BG measurement techniques, ML
methods for estimating BG levels, BG forecasting, XAl-based feature extraction, and
current BG control methods. The shortcomings of existing approaches and the research

gaps that drive the current study are also discussed in the chapter.

2.2 Blood Glucose Monitoring

Maintaining the BG levels within the recommended range is essential to getting rid of the
long-term effects associated with diabetes. BG monitoring is also imperative for controlling
diabetes, allowing patients to adjust insulin dosage, food intake, and physical exercise.
Traditional BG monitoring involves glucometers that measure intermittent fingerstick
readings. These methods cannot record dynamic changes in BG levels throughout the day.
For this reason, hypoglycaemic or hyperglycaemic episodes may be missed between
readings. CGM systems overcome these disadvantages and enhance the understanding of

glucose patterns and fluctuations by providing frequent glucose levels.

2.3 BG measurement methods

Individuals can effectively manage diabetes by regularly monitoring their BG levels.
Depending on the method used to measure glucose, BG estimation technology can be
characterized into three types: invasive, minimally invasive, and non-invasive. Each of these
methods has its own advantages and disadvantages in terms of cost, convenience, and

accuracy.

2.3.1 Invasive BG Measurement methods

Invasive glucose-monitoring methods use blood samples to measure BG. For measuring
glucose, these techniques usually require puncturing the skin to draw a tiny amount of blood.
Self-Monitoring of BG with portable glucometers is the most popular invasive technique.

Figure 2.2 illustrates invasive glucose measurement using a glucometer.

Figure 2.2: Invasive glucose measurement using glucometer [2]
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Invasive methods have several drawbacks despite yielding consistent results:

e Repeated finger pricks cause pain and suffering
e Infection risk
e A limited number of measurements daily
e Inability to record continuous fluctuations in glucose
These restrictions prevent invasive monitoring techniques from providing comprehensive

data on glucose trends throughout the day.

2.3.2 Minimally Invasive BG Measurement methods

Minimally invasive techniques involve implanting small sensors underneath the skin to
estimate BG levels. Figure 2.3 illustrates a minimally invasive glucose measurement

technique.

Figure 2.3: Minimally invasive glucose measurement [4]

The sensor sends data to a receiver or a smartphone app while continuously measuring BG
levels. These technologies enable identification of glucose trends and fluctuations and
provide glucose readings every few minutes. Devices from Dexcom and Abbott

Laboratories are among the most popular CGM systems available [4].

Minimally invasive monitoring offers several advantages, including:

e Continuous monitoring of glucose levels

e The ability to recognize patterns and tendencies in BG levels

o Early alerts for high and low blood sugar levels

e Improved management and control of diabetes
However, CGM devices also have some disadvantages, such as sensor noise, the need for
calibration, and physiological delays between BG levels and interstitial glucose

measurements.
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2.3.3 Non-Invasive BG Measurement methods

Non-invasive BG monitoring techniques estimate glucose levels without penetrating the
skin or drawing blood. These technologies are the subject of active research because they
promise painless, convenient glucose monitoring. Various sensing approaches have been
proposed, including biofluid analysis, physiological signal measurement, and optical

sensing technologies.

2.3.3.1 Bio-Fluid Based methods

Biological fluids, such as saliva, are one approach to non-invasive glucose monitoring. The
glucose content in saliva samples can be detected using optical biosensors and
electrochemical sensors [5], [6], [7]. These sensors measure BG levels by monitoring
glucose metabolism and detecting its products. Though saliva-based sensing does not
involve a blood sample, the correlation between saliva glucose concentration and BG levels
may vary among individuals. Variations in saliva composition, hydration levels, and

environmental conditions may impact the accuracy of BG estimation.

2.3.3.2 Physiological Signal-Based methods

Non-invasive glucose monitoring may include measuring physiological parameters and
electrophysiological features of tissues. Methods such as impedance spectroscopy measure
changes in tissue electrical impedance to estimate BG levels [8], [9]. On the same note,
terahertz time-domain spectroscopy measures the interaction of electromagnetic waves with
biological tissues to determine glucose concentration [10]. Advanced sensing systems have
been designed to enhance glucose estimation the accuracy by incorporating physiological

parameters, such as skin temperature, pressure sensors, and radio-frequency sensors [11].

To maintain continuous patient monitoring, these multivariate sensing systems are typically
integrated with intelligent healthcare systems and Internet of Medical Things (IoMT)
platforms [12], [13]. Besides, a wearable-based methodology has been investigated for non-
invasive glucose estimation using signal processing and ML methods [14]. It proposes a
time-frequency analysis-based approach that averages and fuses features, resulting in more

accurate predictions by effectively localising the complex nature of physiological signals.

10
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2.3.3.3 Optical methods

Non-invasive glucose monitoring with optical sensing techniques is the most commonly
used approach because it enables examination of light interactions with living tissues. The
estimation of BG by Photoacoustic spectroscopy is investigated. It involved two pulsed laser
diodes and a multifaceted apparatus to estimate BG. Other methods, such as Raman
spectroscopy [15] and Near-Infrared (NIR) spectroscopy, have been discussed to identify
glucose molecules. In NIR spectroscopy, infrared light that passes through the tissue is used
at specific wavelengths where glucose absorbs. Glucose concentration can be estimated
using computational models based on signal differences [16], which have led to several
NIRs-based sensor prototypes with better precision [17], [18]. Also, smart devices with
multiple infrared sensors and ML algorithms are being developed to monitor BG with
greater accuracy in smart health care systems [19], [20]. In addition, photoacoustic
spectroscopy is also studied to enhance the precision of glucose detection. Two-wavelength
photoacoustic spectroscopy and a kernel-based calibration method are proposed and
demonstrated as a superior alternative to conventional one-wavelength techniques [21].
Pirnstill et al. used dual-wavelength polarimetry to compensate for corneal birefringence
and motion artefacts for in vivo glucose monitoring [22]. In addition, the analysis of optical
pulse signals using photoplethysmography (PPG) and ML has proven feasible for estimating
BG [23], [24]. Microwave-based non-invasive methods monitor variations in the dielectric
properties of the glucose mixture, using dual-frequency resonators and wearable antenna
sensors [25], [26] to estimate glucose concentration, and optimising a dual-channel NIR
sensor via Monte Carlo simulations [27] to improve optical sensitivity. However, such
methods have limited accuracy and have not been fully tested in clinical settings on a large
scale because they are only validated in a simulation environment or in small clinical
cohorts, are prone to motion artefacts and physiological variability, have complex sensor

alignment requirements, and have not been fully tested in large clinical settings.

2.3.3.4 Limitations of non-invasive methods

Even after extensive research, non-invasive BG monitoring methods still face several
challenges. These techniques are influenced by physiological factors, such as skin thickness,
saliva characteristics, sweat composition, and ambient variables, which in turn affect their
accuracy. Moreover, many optical sensing systems require complex equipment and

calibration, which limits their mobility and applicability for real-time CGM.
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Table 2.1 illustrates the literature survey of non-invasive BG measurement methods. It
comprises the sensing modality, operating wavelength, algorithm, dataset size, performance
metrics, and reported limitations. It explains how traditional and emerging artificial
intelligence (Al)-based multimodal sensing systems have replaced spectroscopic and

microwave sensing techniques. It outlines the challenges that remain to be overcome to

realise accurate, clinically viable non-invasive glucose monitoring.

Table 2.1: Literature review of state-of-the-art non-invasive BG measurement methods

Sensing . Dataset | Performance Key
Ref. Modality Wavelength | Algorithm Size Metrics Limitations
Bioimpedance
Dai et Electrical affected by
al. Bioimpedance impedance Statistical i Correlation tissue
2009 spectroscopy p estimation analysis hydration and
spectrum
[8] electrode
placement
Small subject
population;
Ridge Evaluated
linear mainly under
Monte- regression, controlled
Red and o .
Moreno FCN, coefficients of conditions;
Infrared 410 N
et al. PPG PPG (dual support subiects determination | Performance
2011 wavelengthy | VeCtOr ) (R?), CEGA | affected by
[24] & machines, motion
random artifacts and
forests individual
physiological
variability
Requires
precise optical
alignment;
Corneal
o In vivo birefringence
Pirnstil Dual- 532 nm and animal and eye
1 et al. Linear . mARD, naeye
wavelength 635 nm . (rabbit) motion remain
2012 . regression . CEGA .
Polarimetry lasers experim- challenging
[22] .
ents despite dual-
wavelength
compensation;
Not validated
in humans
Song et Bioimpedance Small dataset;
g + multi- 850 nm, 950 Subject-
al. wavelength and 1300 - 10 mARD, specific
2015 & subjects CEGA pecthi
9] NIRs nm calibration
(m-NIRs) required
Weak Raman
Shih et Transcutaneous signal;
al. Raman Raman laser i ) RMSE, Expensive
2015 Spectrosco (830 nm) CEGA instrumentati-
[15] P py on; Motion
sensitive
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Malik
et al.
2016
[6]
Cherka
s0;i1 et Terahertz
2016 spectroscopy
[10]

Electrochemical
saliva sensing

Haxha
et al.
2016
[17]

NIRs

Ali et
al.
2017
[16]

Visible laser
transmittance/
refraction

Prasad
et al.
2018

[7]

Electrochemical
nanoparticle
electrode

Pai et
al.

2018

[21]

Dual-
wavelength
photoacoustic
spectroscopy

940 nm and
1300 nm

Singh
et al.

2019
[5]

Optical saliva

. 590 nm
biosensor

Jain et
al.
2019
[18]

NIRs 940 nm and

1300 nm

Habbu
et al.
2019
[23]

Infrared
LED (940
nm)

PPG

Joshi et
al.
2020
[12]

m-NIRs 940 nm and

1300 nm

regression,

Terahertz
(0.1-10
THz)

940 nm

Visible laser
(650 nm)

Deep
Neural
Network
(DNN)

BG measurement methods

Logistic accuracy,
precision,
sensitivity, F1
score

175 saliva
samples

Saliva affected
by oral
conditions; No
CGM

ANN,
SVM

High water
absorption;
Laboratory
setup only

Spectral
analysis

6 subjects

Ambient light
and skin
thickness
affect
accuracy;
Prototype only
Sensitive to
finger
alignment;
Limited
clinical
validation
Laboratory
sensor; Not
suitable for
wearable/non-
invasive
monitoring
Complex
instrumentati-

) Prototype

. Error analysis
evaluation

45

Correlation,
subjects

Mean Error

Sensitivity,
Detection
limit

saliva
samples

Kernel-
based
calibration

RMSE, on; Acoustic
- mARD, noise
MAD, CEGA sensitivity;
Limited
validation.
Weak saliva-
BG
correlation;
Limited
clinical
applicability
Physiological
parameters not
considered;
Regression
model limits
nonlinear
learning
Small clinical
dataset;
Affected by
skin
properties,
Peripheral
perfusion, and
motion
artifacts

None LOD

Huber

200
model

subjects

mARD,
MAD,
RMSE, AvgE

611
subjects

FCN R?, CEGA

Average
Error (AvgE),
mARD,
CEGA

74 Limited
subjects

dataset
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Jain et
al.
2020
[19]

Althob
aiti et
al.
2021
[27]

Joshi et
al.
2022
[13]

Moham
madi et
al.
2023
[25]
Kiruba
karan
et al.
2023
[26]

Sun et
al.
2023
[11]

Jain et
al.
2024
[20]

940 nm and
m-NIRs 1300 nm
NIRSs 1200-1900
nm
940 nm and
m-NIRs 1300 nm
Dual-frequency
microwave Microwave
resonator
Microwave
active sensor Microwave
antenna
1370 nm
m-NIRs and
1640 nm
940 nm and
m-NIRs 1300 nm

FCN

Deep
Neural
Network
(DNN)

Random
Forest

DNN

2.4 Machine Learning in healthcare

Machine Learning in healthcare

mARD
93 MAD
subjects RMSE
AvgE
- SNR
4 subjects -
Aqueous
glucose Sensitivity
samples
150
subjects,
410 Accuracy
samples
RMSE,
5 subjects mARD,
CEGA
116 mARD
subjects AvgE, R?

Limited
dataset;
Capillary
glucose only;
no
physiological
parameters
Simulation
only; No
experimental
or clinical
validation
Focused on
security;
Limited
physiological
parameter
integration

Only aqueous
glucose tested;
No human
validation

Motion
artifacts;
Prototype
evaluation; No
ML
Requires
multimodal
hardware;
Limited
external
validation
Small dataset;
Only Blood
Pressure and
body
temperature
considered

Machine learning (ML) has arisen as a key tool in disease diagnosis, enabling computational

models to learn from patient data that support diagnostic decision-making and predictive

analysis. Healthcare has extensively utilized ML techniques for predictive modelling,

patient monitoring, medical image analysis, and disease diagnosis. Large amounts of CGM

data can be analysed using ML algorithms to identify patterns in glucose changes for

diabetes management. Predictive models that forecast future BG levels from past

measurements and other physiological variables can be created using these methods.
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Traditional ML and DL are the two main classes of ML approaches. With differing degrees

of effectiveness, both strategies have been used to solve glucose prediction problems.

2.5 Machine Learning Techniques used for BG estimation

Several ML techniques are applied to CGM data to predict BG levels. Usually, these

techniques depend on statistical correlations between input variables and glucose results.

Typical conventional ML techniques consist of:
e K nearest neighbour
e Support vector machine
e Decision Tree
e Random Forest
e Multiple Linear regression

e Support Vector Regression

2.5.1 K- nearest neighbour

The simplest ML technique is k-nearest neighbour (k-NN) [28]. The method uses labeled

examples to memorize the features and labels associated with a dataset.

k-NN Algorithm steps:

Select the number of neighbours (k) to take into account.
e Determine the target point's Euclidean distance (d) from every other point in the
collection. Equation 2.1 calculates the Euclidean distance (d) in two-dimensional

space between A (x;, y1) and B (x5, ¥,).

d =0t —x2)2 + (V1 — ¥2)? 2.1)

The formula can be generalized to multi-dimensional inputs, respectively.
e Choose the k data points with the smallest distances to the target point.

o Among the k-NN, the class label that occurs most often should be assigned.

2.5.2 Support vector machine

Support Vector Machine (SVM) [28], [29] is frequently used in many different applications

and is especially useful for high-dimensional datasets. Finding a hyperplane that optimizes
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the margin between each class is the main objective of SVM (Figure 2.4). This gives the
classes a strong division. Equation 2.2 represents the hyperplane equation:

WTx+by=0 (2.2)

Where x = vector of input feature, by= bias, W = weight vector.

Support vectors

wl X +by>+1

wl. X+by=0 wl. X4+by< -1

Figure 2.4: SVM classification with space of multidimensional feature. Rectangular boxes and stars

represent classes [28]

The separation between the support vectors and the hyperplane is referred to as the margin

(Equation 2.3).

in= —— 2.3
Margin Wi (2.3)

[|W]| should be minimized to maximize margin subject to the constraint that all training
samples satisfy a correct classification condition, expressed as y;(wT.x; + by) = 1, where
y; is the class label. Support vectors are the data points closest to the separating hyperplane

in each class, and they are important in determining the decision boundary.

2.5.3 Decision Tree

Decision Tree [30] is structured as a tree, where the branches denote the decision rules, the
internal nodes denote the features or qualities, and the leaf nodes denote the results or
desired values. Regression and classification tasks are both performed using a Decision

Tree.
Methods for constructing a decision tree:

e Determine which characteristic best divides or categorizes the data.
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o Usually, this is accomplished by computing metrics for each feature. The

Gini Index is used for classification, and variance is used for regression.

c
Gini index(S) =1 — Z p; 2.4)
i=1

Is|

Variance (S) = % Z(yi - ¥)? 2.5)
i=1

where S denotes the current set, y; denotes the i data point target value, ¥ denotes
the target values’ mean in set S, p; denote the i™ class probability in set S.

e Based on the selected feature and its corresponding threshold, split the dataset into
subsets.
e Repeat the above procedure that creates leaf nodes for each subset. Using only the
remaining features, decide which feature in each subset is ideal for splitting.
e For classification, a class label is assigned to a leaf node; for regression, a predicted
value is assigned.
In order to come up with predictions of a new data point, you would use the decision
pathways along each root to the leaf node, depending on its feature values. The value of a
leaf node is the final prediction, which, in the case of classification, is a class label or, in

regression, is a continuous output.

2.5.4 Random Forest

Random Forest (RF) [31], [32] builds many decision trees and aggregates their predictions
to minimize overfitting. It is also utilized for regression and classification tasks. The primary

procedure for building an RF is as follows:

e To construct a bootstrap sample from the original data set, N data points are
randomly selected with replacement. Several bootstrap samples are produced by
repeating this procedure.

e For every tree, choose a subset of features at random.

e Create a DT for every feature subset and bootstrap sample.

e To build a forest of decision trees, repeat steps 1-3.

e In each classification, every tree is a prediction of a single classification job, and the

overall prediction of the trees is the most frequently predicted classification. To
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obtain a final prediction for a regression task, the mean of each tree's predictions is

taken.

2.5.5 Multiple Linear regression

Multiple Linear Regression (MLR) [33] is a statistical method that uses Equation 2.6 to

estimate the relationship between input attributes and the desired output.
Y =ay+a;x1 +azxy, + -+ ax, +¢ (2.6)

The targeted output is denoted by Y, the intercept by a,, the error term by &, and the
coefficients corresponding to the input characteristics x;, X,, ..., and x,, are denoted by a;,
ay, ..., and a,,, respectively. MLR desires to minimize the difference between the actual

targeted output ¥ and the predicted output (V) by estimating the ag , @y, ay,..., ay,.

2.5.6 Support Vector Regression

Support Vector Regression (SVR) [34] is an extension of the SVM that can be applied to
regression, where the objective is to predict continuous output values. Rather than
minimizing prediction error alone, SVR attempts to fit a function with a certain tolerance
(&), so that errors within that tolerance can be neglected. Equation 2.7 defines the hyperplane
and margin of tolerance €.

F(x) =lyi—(0"x + ap)| < € Q2.7)

Where, a,= bias, x = vector of input feature, and w” = weight vector.

Any mistakes that fall outside this tolerance are punished; those that fall within it are

forgiven. Equation 2.8 represents the loss of SVR:

Lf(y,F(x)) = max(0, |y — F(x)| — €) (2.8)

The sum of these losses, represented by Equation 2.8, is minimized using Equation 2.9.
1 N
Mty 5 W% + € Ly fC) 2.9)
i=1
Here, C represents a regularization parameter that helps the model avoid overfitting during

training. SVR finds the optimal hyperplane that satisfies the optimization problem's

requirements by adjusting the model's weights and biases throughout training.
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2.6 Deep Learning Methods used for Glucose estimation
2.6.1 Fully Connected Network

Fully Connected Network (FCN) or a dense neural network, is a type of Artificial Neural
Network (ANN) where each node of a specific layer is linked with every other node in the
following layer. The input, hidden, and output layers make up the FCN. The input layer has
a node for every feature of the incoming data. The FCN's output layer produces the final

output. The FCN's general architecture is shown in Figure 2.5.

Wl] .....

Predicted

BG value

Input layer Hidden layers Output layer

Figure 2.5: General architecture of FCN [19]
In Figure 2.5, n represents the number of neurons in the preceding layer, and x is the input
features. m and o represent the number of hidden neurons used in hidden layers. W;; is the
weight associated with each connection. Each neuron uses an activation function for its

output after a linear transformation. The output of the [t" layer, Z, is calculated as follows

(Equation 2.10):

70 = f (W(D Z(l—1)+b(l)) (2.10)

Here, Z (-1) denotes the input to layer I, W ® represents the weight matrix, b®® represents
the bias vector, and f represents the activation function. The output Z®is then passed to the

next layer.

During training, biases and weights are updated to minimize the loss using the loss function's

gradient. Cross-entropy is utilized in classification tasks, while Mean Squared Error (MSE)
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is applied for regression tasks, and the Rectified Linear Unit (ReLU) is used as the activation

function for each neuron.

N
Cross Entropy Loss = — Z yilog () (2.11)

=1

Where N, p and y are the number of classes, predicted probabilities, and actual label,

respectively.

n
1
MSE loss = EZ(yi - 3)? (2.12)
i=1

Where § and y are predicted and targeted output, respectively. n represents the total

samples.

ReLU activation function is given by Equation 2.13.

ReLU (x) = max(0, x) (2.13)
2.6.2 Convolutional Neural Network

Convolutional Neural Network (CNN) [35], [36] can learn extremely complex features from
input data due to their feed-forward architecture. It is composed of multiple processing
layers, each of which learns distinct characteristics from the input data. The first layers learn
high-level important features, whereas the deeper layers learn least-level features. CNN

offers features for sharing weights. Figure 2.6 depicts the CNN architecture.

5 8 5 9
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Figure 2.6: Generalize CNN architecture with convolutional, pooling and dense layers [35]

CNN has many convolutional and pooling layer pairs. Finally, a Fully Connected (FC) layer

is employed. Each convolutional layer contains several kernels, known as filters. A feature
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map is produced by performing a convolution operation between filters and input metrics.

Equation represents the convolution operation of each layer.

Let the input matrix be X € R”*W and the kernel (filter) be K € R/*/,

The convolution output at location (i, j) is

Y(i,)) = ZX(i+m,j+n)K(m,n)+b (2.14)
m=0

Where H and W represent height and width of input matrix, f is a size of the kernel (filter
dimension f X f), m and n are indices representing kernel positions, Y (i, ) is an output
value at position (i, j) in the feature map and b is the bias term.

At the start, each kernel is assigned a random weight during training. Each training epoch
includes extracting important features by the kernel and updating the weights. Each CNN
layer is preceded by an activation function, which provides the model with non-linearity. A

nonlinear activation function, like ReLLU, is frequently used after convolution:

A j) =a(Y(,))) (2.15)

where o (x) = max(0, x)

The pooling layer down samples features maps, reducing their size without losing the most
significant information. Max Pooling is the most commonly used pooling technique.

Equation represents pooling operation of window size f X f:
Y(i.j) =  max ; X({@+m,j+n) (2.16)

The output of the final pooling or convolutional layer is flattened and fed to the dense layers.

The dense layer operation is defined as Equation 2.17:
z=Wx+b (2.17)

After activation function:

a = O'(Z) = o(Wx + b) (218)
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where x represents Input feature vector after flattening, W represents dense layer weight
matrix, b represents bias vector, z represents linear combination of inputs, a represents

activated output, and ¢ represents activation function.

2.7 Feature extraction using Explainable AI

Explainable Al (XAI) feature extraction focuses on quantifying the interpretable
contribution of input features to a model's prediction [37]. XAl methods such as Local
Interpretable Model-agnostic Explanations (LIME) and Shapley Additive Explanations
(SHAP) provide both local and global views of feature relevance [38]. On the contrary, the
traditional feature extraction techniques are mainly based on dimensionality reduction or
transformation. Such approaches allow prioritizing characteristics by impact, making it
easier to choose the most informative features and discard the unnecessary or less important
ones. The extraction of features using XAl helps understand the influence of physiological

features on prediction results in data-driven systems such as BG estimation.

Training Data

BG Prediction Performance
Evaluation

Deployed Trained
Model

@ BG Prediction
\ XAl model Explanation of Eeatiea
— —

to interpret importan .
P P L Extraction
result features

—>

Figure 2.7: Conceptual diagram for Feature extraction using XAI [39]

Figure 2.7 shows a conceptual diagram of Feature extraction using XAI [39], which
describes how the model predicts outcomes and which features are most significant for the
prediction. Initially, training data is used to train the ML model. The trained model is then
incorporated into an XAl framework, which feeds it with new input data to make
predictions. The model uses the data to predict BG levels, and XAI analyses and explains
the expected results. Based on the outcome, the most important features contributing to the

prediction can be identified, and feature extraction is performed.
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2.7.1 Shapley Additive Explanations

After refining the dataset, the SHAP [40] method is applied to identify the features that
significantly contribute to BG estimation. SHAP calculates the Shapley values for each
feature of the complex model to determine each feature's contribution to predicting the
output [41]. Shapley value is defined in Equation 2.19 [40]. This process allows us to
eliminate the least important features, thereby simplifying the ML model.

|s|'(m—|s|-1)!
m!

Qj x) = ng{xl,xz,....,xm}\{xj,} (Ual (su {xj} - val(s))) (2.19)

Where, @;(x) presents Shapley value of feature x;, m indicates the total available features,

s represents the model’s subgroup for a given feature, and val represents the corresponding

predicted feature values.

2.7.2 Local Interpretable Model-agnostic Explanations

LIME [42] is a local explanation technique that helps networks make complex models
interpretable. LIME first builds an expanded dataset by perturbing the data. LIME then uses
the additional dataset to train an interpretable model. Lastly, the test dataset is used to

contrast the LIME interpretable model with the black-box model.

Let g be the explanatory model, and y be the initial prediction function. g is a member of
the set of explainable models represented by G. In this case, the prediction y(x) at input x
needs to be explained. First, the mapping function h, (x = h,(x")) is used to convert x to an

interpretable x". Following that, x' is perturbed, and instances are generated around x'.

A weight m, is assigned to each instance. The model complexity is measured by adding
Q(g), which assigns lower weights to examples that are far from x’ and higher weights to

instances that are close to x'.

Equation 2.20 [42] provides the explanation generated by LIME:

__argmin

£ =" 06 L0,g.m) +0) (2.20)

Using the perturbed dataset, the explanation of (x) is obtained via optimization of L.
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2.8 Methods for Blood Glucose forecasting

Controlling BG levels within the glycaemic range is vital for T1D to prevent both critical
and long-term complications. As a result, accurate forecasting of BG levels has become a
critical area of research. Advances in CL systems, such as AP technologies, have enabled
automated insulin delivery. However, challenges remain, particularly in Postprandial
Glucose Control, as it can be difficult to estimate the required insulin dose based on food
intake manually [43], [44], [45], [46]. Predictive models to improve glycaemic control and
Time in Range (TIR) have been made easier by the availability of CGM data, as well as
physiological and behavioural inputs like insulin, nutrition, and physical activity [47], [48].
However, reliable forecasting is a difficult time-series problem because BG dynamics are
intrinsically nonlinear, patient-specific, and influenced by numerous external factors [49].
As a result, numerous computational methods have been put forth, which can be roughly

divided into four main categories.

2.8.1 Classical and ML-Based Methods

The early BG prediction systems utilized various statistical and ML methods, including
Autoregressive Integrated Moving Average (ARIMA), regression models, and ANNSs.
These techniques established a fundamental framework for glucose forecasting. While
ARIMA offers interpretable time-series modelling, it has limitations in capturing the
nonlinear fluctuations of glucose levels [50]. In contrast, ANN-based algorithms improve
prediction accuracy by learning nonlinear correlations from continuous glucose monitoring
(CGM) data and artificial features [33], [51]. Nevertheless, most of these techniques
continue to rely on manual feature engineering, even with these developments. Also, they
do not adequately represent long-term temporal relationships, rendering them incapable of

adapting to the complex patterns of physiological regulation.

2.8.2 Deep Learning-Based Sequential Models

Sequential models based on DL, such as simple Recurrent Neural Networks (RNNs), Long
Short-Term Memory (LSTM) [52], [53], Gated Recurrent Unit (GRU) [54], [55], and
Bidirectional LSTM [56], have been popular in attempts to better learn temporal
dependencies in glucose dynamics. These models have produced significant improvements
in prediction accuracy across a range of Prediction Horizons (PHs) by successfully

identifying sequential patterns in the CGM data [57], [58]. Accurately estimating BG levels
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is challenging because factors beyond insulin infusions affect actual glucose levels. The use
of these characteristics as input components in BG forecasting across various PHs has been
previously studied, leading to improved forecast accuracy [59], [60]. Although other
optimization methods, such as Particle Swarm Optimization, and signal decomposition
methods, such as Variational Mode Decomposition, enhance prediction performance by
reducing noise and extracting inherent features, they are also improved by the bidirectional
learning that enhances context understanding [61], [62]. Nevertheless, these models may
continue to fail to address both long-term dependence and short-term oscillations

simultaneously, particularly when glucose levels vary rapidly.

2.8.3 Hybrid and Ensemble Models

Some proposals have been made to combine the strengths of different models using hybrid
and ensemble models. Convolutional Recurrent Neural Network (CRNN), CNN-GRU, and
CNN-LSTM are hybrid models that combine convolutional features with sequential-based
learning, enabling the use of more global and local temporal BG patterns [63], [64], [65].
Ensemble methods enhance the strength and predictive power by aggregating the results of
multiple learners [66]. These methods involve stacking models that have been enhanced
using methods such as Grey Wolf Optimization. It also incorporates feature engineering and
signal transformation techniques to convert event-based inputs into continuous
representations, thereby enhancing model performance [58]. Adaptation of risk-conscious
groups improves safety-critical forecasting [67]. These models are, however, typically
computationally expensive, hard to interpret, and not necessarily suitable for real-time or

resource-constrained operation.

2.8.4 Advanced and Emerging Approaches

Recent research has increasingly explored advanced approaches, including transformer-
based models, Neural Architecture Search (NAS), personalized learning frameworks, and
Large Language Model (LLM)-based predictors. Transformer designs are more effective
than traditional recurrent models at handling long-range dependencies and multi-horizon
dynamics in glucose [56], [68], [69]. To optimize model performance, NAS methods
automatically design architectures and optimize hyperparameter search [70]. Incrementally
trained LSTM models and multimodal frameworks that incorporate glucose, insulin, meal,
and physical activity data enhance individual-specific prediction accuracy [71], [72], [73].

Also, with reduced inter-patient variability, LLM-based models have demonstrated
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promising results with long PHs [74]. However, the applicability of these models in real-
time and edge-device applications is limited, as they often have high data requirements and

are computationally intensive.

2.8.5 Limitations of current BG forecasting models

Even though significant progress has been made across all categories, several challenges
remain. Many models have a poor ability to capture both long-term glucose dynamics and
short-term variability, particularly during severe hyperglycaemia. In addition, the issues of
small sample size, limited generalizability, sensor noise, and patient heterogeneity continue
to affect the model's robustness. Very accurate models, especially hybrid and transformer-
based ones, are not well-suited for practice due to their computational complexity and
limited interpretability. Such shortcomings highlight the need for powerful, scalable, and
understandable BG forecasting models that can capture multiscale temporal variations while

remaining applicable in real time.

2.9 Existing methods for Blood Glucose control

Maintaining BG levels within the euglycemic range (70-180 mg/dL) is key to preventing
the acute and chronic health effects of T1D, including cardiovascular disease, kidney
disease, and retinopathy [75]. Over the past decades, several BG control techniques have
been proposed, starting from traditional open-loop approaches such as MDI therapy to
advanced automated systems, such as CL and AP technologies. In traditional techniques,
insulin dosing decisions are entirely patient-driven and often supported by CGM. In
contrast, modern systems integrate sensing, actuation, and control algorithms to automate
insulin delivery [76]. Clinical and real-world research has demonstrated that these strategies
can lower the risk of hypoglycaemia and improve glycaemic outcomes, especially Time in
Range (TIR) [77], [78], [79]. However, the majority of existing insulin dosing methods rely
exclusively on current BG levels and fail to leverage projected data, which is essential for

proactive glucose management.

2.9.1 Multiple Daily Injection Based Control Methods

The vast majority of T1D individuals worldwide rely on MDI therapy to manage BG levels,
in which they receive exogenous insulin to supplement endogenous insulin production [80].
In this therapy, postprandial glucose is controlled using rapid-acting insulin to keep it within

the recommended range. Insulin dosage is usually calculated using standard bolus formulas
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based on current BG, CHO intake, insulin sensitivity, and correction factor [81]. According
to the research, MDI has the potential to improve glycaemic control and is a feasible and
acceptable option when combined with CGM, systematic education, and frequent self-
management strategies [82], [83]. Theoretical models have also been used to model insulin
delivery as impulsive control inputs, demonstrating consistent glucose regulation in the
ideal case [84]. In addition to conventional formula-based approaches, ML-based bolus
optimization has been proposed to enhance dosing accuracy [85]. Moreover, CGM-aided
MDI can improve glycaemic awareness and reduce HbAlc, but only slightly, in
observational and multicentre studies [86], [87]. With these advantages, CGM-based
decisions are largely reactive, as insulin doses are typically based on current glucose levels

rather than projected future glucose levels.

2.9.2 Insulin Pump Methods

An insulin pump delivers insulin continually with adjustable basal and bolus doses, offering
an alternative to MDI. CGM sensors integrated into insulin pump systems improve glucose
monitoring and support insulin dosing decisions. Clinical trials, including multicentre
randomized studies, show that transitioning from MDI to insulin pump therapy improves
glycaemic control and reduces HbAic levels in both adult and paediatric populations [88],
[89]. Although direct comparisons are limited by variations in research design and patient
selection, real-world registry analyses also suggest better glycaemic control with pump

therapy compared with MDI and sensor-augmented methods [90].

2.9.3 Closed-Loop BG Control Systems

CL systems, also known as AP systems, represent a substantial development in BG control
by combining CGM, insulin pumps, and control algorithms to automate insulin delivery
[91]. Advanced Hybrid CL (AHCL) systems and tubeless insulin delivery technologies
considerably improve glycaemic outcomes, including increased TIR and reduced
hypoglycaemia across a variety of groups, according to multicentre randomized trials and
real-world research [78], [79], [92], [93], [94]. Improved hyperglycaemia control without
increased risk of severe hypoglycaemia is confirmed by a pooled analysis of Control-1Q
studies [95], [96]. According to systematic evaluations, integrated AP systems that combine
CGM, insulin infusion, and predictive algorithms consistently outperform traditional
therapy[76]. Dual-hormone systems that include both glucagon and insulin improve safety

by minimizing hypoglycaemic occurrences, especially during exercise and at night [97].
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Emerging techniques, including intermittent CL systems for MDI users and innovative
insulin delivery technologies, show improved glycaemic control without requiring complete
automation [98], [99], [100], [101]. Even in these systems, PHs are often short, and

management actions are rarely explicitly optimized for medium-term anticipated BG values.

2.9.4 Limitations of Existing BG Control Methods

Nevertheless, despite significant development, existing BG management systems have
significant shortcomings. Innovative systems, including insulin pumps and CL technology,
are typically associated with high prices, technical complexity, and the need to use the
devices continuously, limiting their availability in resource-limited settings. A significant
drawback of insulin pump and AP systems is that patients must wear external devices all
day, which can be uncomfortable and inconvenient, and may reduce long-term compliance.
Open-loop methods, e.g., MDI, rely on patient knowledge and manual calculations, as well
as compliance, which can lead to unpredictable glycaemic outcomes. Most current systems
are not sensitive to dynamic physiological variables, such as the unpredictability of meals,
physical activity, and stress. Also, sensor issues, lack of personalization, and inability to

respond to rapid glycaemic fluctuations reduce overall performance.

2.10 Summary

The chapter summarizes existing methods for managing diabetes, with a focus on BG
monitoring, estimation, prediction, and control. It discusses various BG measurement
methods, including invasive, minimally invasive, and non-invasive approaches,
highlighting the importance of specific CGM systems. Particular attention is given to the
limitations of invasive and minimally invasive methods that require skin penetration for BG
sampling. These approaches carry a risk of infection for patients. Additionally, traditional
invasive methods are unsuitable for CGM because they require multiple readings throughout
the day, and the practice of repeatedly pricking a finger can be painful. Non-invasive
methods are more appropriate for CGM. Researchers have reported prediction accuracies
with an RMSE of 12.7 mg/dL, a MAD of 8.3 mg/dL, and a mARD of 5.34% for BG

measurement using only sensor values.

Furthermore, prediction accuracy can improve by incorporating both sensor data and the
patient’s physiological parameters. This chapter discusses the use of XAI strategies for

feature extraction and considers the roles of ML and DL in glucose estimation. However,
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Summary

the BG forecasting models discussed are less accurate and often fail to effectively capture
both short- and long- term dependencies, especially when glucose levels fluctuate rapidly.
Additionally, the chapter reviews BG control methods, including MDI, insulin pumps, and
CL devices. Current BG control methods struggle to maintain stable BG levels throughout
the day, particularly amid variable meal-related CHO intake, which can lead to
hyperglycaemic or hypoglycaemic events. In summary, the chapter emphasizes the need for
predictive, accurate, and user-friendly technologies for monitoring and controlling glucose

levels, while outlining the main barriers to achieving these goals.
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Chapter 3
Experimental Dataset collection for Blood Glucose

Estimation

3.1 Introduction

This chapter presents the establishment of a reliable dataset for non-invasive BG estimation.
The chapter begins with an idea of a three-sensor non-invasive device and intelligent
Glucometer (iGLU) data. The chapter also describes the use of XAI methodologies to
identify the most important wavelengths for BG estimation. It also explains how to create
datasets with a non-invasive, single-sensor device. The use of the inter-quartile range (IQR)
methodology for outlier detection and data refinement to increase model accuracy and

robustness is among the data preprocessing techniques presented.

3.2 Three sensor non-invasive device for BG estimation

An NIR spectroscopy-based an Intelligent Glucose Meter (iGLU) was developed using three
sensors [19]. This device employs 940 nm for absorption and reflectance, and 1300 nm for
absorption to detect glucose molecules in finger blood. Figure 3.1 demonstrates the

fundamental diagram for BG estimation utilizing 3-sensor non-invasive device.

Channel 1 Channel 2 Channel 3
IR Detector IR Detector
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2 2 : o
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Absorption 1300 nm | Absorption 940 nm Reflectance 940 nm
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Output 1 Output 3
———————>» A/D Converter €——
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A 4
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Figure 3.1: Fundamental diagram for BG estimation utilizing 3-sensor non-invasive device [19]
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Three fingers are placed in the respective sensors, which generate corresponding voltages
based on the concentration of glucose molecules. Figure 3.2 illustrates a 3-sensor non-

invasive device worn on the fingers.

Figure 3.2: Illustration of a 3-sensor non-invasive device worn on fingers [19]

An FCN model with 10 layers and 10 hidden neurons per layer was implemented and
validated using data collected from 96 participants who used the device [19]. Table 3.1
summarizes the participants' gender, age and diabetic related information. The collected
dataset includes data from the three sensors (channels 1, 2, and 3), capillary glucose, along
with information on gender, age, and weight. This dataset is referred to as the iGLU dataset

in the thesis.

Table 3.1: Gender, age and diabetic information of participants of iGLU dataset [19]

Prediabetic Diabetic Healthy
Gender Male Female Male Female Male Female
No of
16 16 28 22 9 5
subjects
Age range
24-68 26-65 30-68 30-73 23-67 35-62
(Years)

3.3 Identification of important wavelength for BG estimation using

iGLU dataset

An FCN and a CNN are implemented to assess the performance of these networks with

respect to participants’ specific characteristics, as [19] relied solely on data from the three
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sensors for BG estimation. We also aim to determine which specific sensor wavelength
contributes most to BG estimation among the three sensor wavelengths. Table 3.2 and Table
3.3 contain the detailed layer-wise configurations of the FCN. The computation of learnable

parameters in a dense layer is:

Learnable parameters of dense layer = (input x neurons)-+bias 3.1

Table 3.2: FCN architecture with layer-wise detailed configuration

Implementation of FCN

Layer Neurons Learnable parameters
Dense 1 Input features: 6, neurons: 10 70
Dense 2 10 110
Dense 3 10 110
Dense 4 10 110
Dense 5 10 110
Dense 6 10 110
Dense 7 10 110
Dense 8 10 110
Dense 9 10 110

Dense 10 10 110
Output 1 11
Total 1,071

Table 3.3 contains the detailed layer-wise configurations of the CNN. The computation of

learnable parameters in a convolution layer is:

Learnable parameters of convolution layer = (k x i x f) + £, (3.2)

Where, k =kernel size, i = input channel, f =number of filters applied in convolution layer,

and f,= number of biases. Our data is one dimensional. Therefore, i =1 for FCN.
The ReLU activation function is used in both networks (Equation 3.3).

Relu (x) = max(0, x) (3.3)
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Table 3.3: CNN architecture with layer-wise detailed configuration

Implementation of CNN

Layer Filter size/ Neurons Output shape Learnable
parameters
Convolution 1 f=6,k=2i=1 (6, 6) 18
Pooling 1 Max pooling, size: 2 (3, 6) 0
Convolution 2 f=16,k=2,i=6 (3, 16) 208
Pooling 2 Max pooling, size: 2 (2,16) 0
Dense layer 1 128 neurons 128 4,224
Dense layer 2 64 neurons 64 8,256
Output 1 neuron 1 65
Total 12,771

We have used two sets of inputs, with and without scaling, to train the FCN and CNN. In
the first method, we used raw, unscaled inputs. The FCN and CNN are trained on the same
dataset using the Min-Max scaler, which scales each input to the range [0, 1]. The min-max
scaler [102] is represented by Equation 3.4.

X - Xmin

MinMax scaler, X' = (3.9

Xmax - Xmin

Where X is the actual value of input feature, and X,,,, and X,,;, are the maximum and
minimum values of the input feature in the training dataset, respectively. The normalized
output, X', is adjusted to a range of [0, 1] for training the model.

3.3.1 Performance evaluation metrics

3.3.1.1 Root Mean Square Error (RMSE)

RMSE measures the difference between the target values and the model-predicted BG
values [53].

RMSE = (3.5)
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Where, M is the total predictions, y, and ¥, are targeted and model-predicted BG outputs,
respectively.

3.3.1.2 Mean Absolute Relative Difference (mARD)

mARD measures the model's performance by averaging the absolute differences between
the target values and the model-predicted BG values. It is estimated according to Equation
3.6. When the mARD is lower, the predicted value is closer to the actual value. An mARD

below 10 percent is usually taken to indicate that a model or device is performing well.
1N v — 7l
mARD = —Z Dk~ Vid (3.6)
M& i

Where, M is the total predictions, y, and Y, are targeted and model-predicted BG outputs,

respectively.

3.3.1.3 Mean Absolute Deviation (MAD)

The MAD metric shows the mean absolute difference between each BG predicted value by
the model and the mean predicted value. It displays the distribution of the predicted values.

Equation 3.7 is used to determine MAD.

M
1
MAD = MZ@” -5 (3.7)

Where, M is the number of predictions, ¥, is the predicted value, ¥ is the mean of y,,.

3.3.2 Performance analysis of implemented FCN and CNN

Table 3.4 compares the performance evaluation of the implemented FCN and CNN with
prior work [19]. After analysing the results, Table 3.4 demonstrates that both models
outperform prior work. When trained on scaled data, the FCN model has an mARD of 1.7,
a MAD of 3.45 mg/dL, and an RMSE of 6.27 mg/dL.

In comparison, the CNN trained on scaled data demonstrates significantly better
performance, with an mARD of 0.05%, a MAD of 0.06 mg/dl, and an RMSE of 0.12 mg/dl.
The results demonstrate that the CNN model outperforms the FCN and previous studies.
The findings indicate that the performance of the ML models can be enhanced by

incorporating individuals' physiological parameters.
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Table 3.4: Performance evaluation of the implemented models with prior work

Model name Features mARD (%) MAD (mg/dL) RMSE (mg/dL)
FCN [19] 3 Sensor data 7.32 9.89 11.56
FCN without Gender, Age, Height,
2.6 5.07 8.76
scaling (Our work) 3 sensor data
FCN with scaling | Gender, Age, Height,
1.7 345 6.27
(Our work) 3 sensor data
CNN without Gender, Age, Height,
0.09 0.12 0.24
scaling (Our work) 3 sensor data
CNN with scaling | Gender, Age, Height,
0.05 0.057 0.12

(Our work) 3 sensor data

3.3.3 Feature importance using Explainable Al

In this study, XAl is used to understand the contributions of the different sensors in the
iGLU dataset, rather than to select the most relevant wavelengths. The goal is to determine
the relative importance of the three sensors and to explore whether a single sensor could
provide sufficient information to accurately estimate the BG level, thereby reducing

hardware complexity, costs, and power consumption.

0 10 20 30 40 50 60 70
mean(|SHAP value|) (average impact on model output magnitude)

Weight
Sex
Age
0 5 10 15 20 % 30 35
mean(|SHAP value|) (average impact on model output magnitude)
(b)

Figure 3.3: Feature importance calculating using SHAP (a) for FCN and (b) for CNN
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The wavelengths used in the original iGLU dataset are physiologically relevant, and no
changes in the sensors' wavelengths are made during this research. Based on the XAI
analysis, the most informative sensor is selected for the next steps in developing the

proposed single-sensor non-invasive BG measurement device.

Among the different XAI methods, we have used the SHAP approach to predict the
individual contributions of three sensors and various features to BG estimation. Figure 3.3
shows the feature intensities used in the prediction process, indicating that channel 2 (940
nm absorption) is the largest contributor to BG estimation. This insight facilitates the
development of a single, non-invasive BG-measuring device that leverages this sensor

characteristic, thereby eliminating the need for multiple sensors.

3.4 Experimental Dataset collection for BG estimation using single
sensor non-invasive device

Section 3.3.3 indicates that a single sensor having a wavelength of 940 nm is sufficient for
BG estimation. Therefore, a single-sensor non-invasive device is developed using a 940 nm
wavelength to estimate BG level. This device avoids using of three sensors for BG
estimation. BG estimation data are collected using this instrument, which utilises NIR
absorption spectroscopy at 940 nm. This method measures the amount of NIR radiation
absorbed by molecules to detect glucose in blood. A single infrared (IR) sensor operating at
940 nm, with the detector located on the opposite side, is used to measure BG non-
invasively. Figure 3.4 demonstrates the fundamental diagram of the BG estimation

procedure using a single sensor.

IR source
L A/D
¥ = Fr .
converter
Detector .

Estimate

BG level

Traincd ML modcl

Figure 3.4: Fundamental diagram illustrating the BG estimation process using single sensor
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When an IR source and the detector are placed between a finger, the IR waves are absorbed
by the glucose molecules present in the blood. The detector then measures the remaining
unabsorbed waves. The glucose molecules absorb waves based on the difference between
the total released waves and those that remain unabsorbed. The device produces an electrical
signal proportional to the BG level. The microcontroller's Analog-to-Digital Converter
(ADC) then converts this signal into digital data. The BG level is represented as a five-digit
number (approximately 0-25,000) by the ADC.

3.4.1 Hardware description: Single sensor non-invasive device for BG measurement

A single-sensor non-invasive device for BG data collection was designed and developed
under the guidance of Dr Amit Joshi from MNIT, Jaipur. The same device was used to
collect BG data in this work. Figure 3.5 illustrates the actual device used for BG data
collection. The BG measurement system comprises a single sensor operating at 940 nm, a

data acquisition module with a microcontroller, and a data logging interface to a computer.

(b)

Figure 3.5: Actual hardware used for BG data collection (a) Front view (b) Top view
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The sensor continuously collects the participant's physiological signal non-invasively and
produces an analogue output proportional to the measured physiological parameter. The
microcontroller then receives the signal via its ADC, which converts and formats the signal
for transmission. Arduino Nano is used in the hardware implementation. The data are
transmitted serially to a laptop via a USB serial port, enabling reliable, continuous data
transfer. A custom data logging program is used on the computer to capture the serial data
stream and automatically store each measurement in a Microsoft Excel spreadsheet for
further pre-processing, analysis and ML model building. This hardware architecture offers
a simple, portable, low-cost, and efficient solution for non-invasive BG data acquisition. It
enables accurate synchronisation between the sensor's BG data and the reference BG data

during clinical data collection.

3.4.2 Experimental Dataset Collection Protocol

From August-2023 to November-2023, a device was installed at the Shreenath Clinical
Laboratory in Valsad, Gujarat, India, to collect BG data along with other relevant
information. Written consent was obtained from all participants for data collection. The data
were collected in a controlled laboratory environment using the developed non-invasive BG

measurement device to minimize the effects of external variables.

The participants were seated in chairs to minimize motion artefacts during data acquisition
and to ensure the sensors were positioned correctly. The finger was cleaned before the data
was taken. The laboratory technician took a blood sample to measure serum glucose levels,
while a simultaneous reading was obtained using a developed non-invasive device. This
device took multiple consecutive readings to indirectly estimate the body's BG levels. The
readings were saved in an Excel sheet for each participant using a laptop. Laboratory

glucose (serum glucose) was used as the reference value (Targeted value).

Figure 3.6 illustrates the laboratory setup for a single-sensor non-invasive device, showing
the positions of the finger and sensor. To reduce physiological variation in BG
concentration, readings were taken using a non-invasive device, and a blood sample was
collected in a laboratory within about 1-2 minutes of one another. All the measurements
were taken at room temperature (24 - 27 °C) under normal laboratory conditions. BG was
measured at various times (fasting, postprandial, and random) depending on participant

availability. The total measurement procedure for each participant took about 3—4 minutes.
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Figure 3.6: Illustration of a laboratory setup with single-sensor non-invasive device

The participants had a range of physiological properties, but the influences of different skin
types (e.g., skin tone and thickness), and temperature and humidity were not examined
separately. These factors could affect the sensor's operation in real-world applications. They
will be explored systematically in future work to further evaluate the robustness and

feasibility of the proposed device in clinical settings.

Written consent was obtained from all participants for data collection. Refer to Annexure-
I for the participant's consent and data collection forms. Participants who voluntarily
provided informed consent and satisfied the study requirements were included. At the same
time, individuals with incomplete records, poor sensor measurements, or conditions that

could interfere with reliable data acquisition were excluded.

Data were collected in two phases: 623 from August to October 2023 and 161 in November
2023. In this study, data were collected from 784 participants, including their BG levels and
other relevant information. The details gathered included gender, age, systolic blood
pressure (Sys. BP), diastolic blood pressure (Dia. BP), weight, heart rate, height, duration
of diabetes, diabetes history, daily walking steps, sleep duration, sleep quality, smoking
habits, alcohol consumption, and serum BG levels. This dataset is referred to as the Single-

sensor dataset in the thesis.

Table 3.5 presents participants' gender information for the dataset generated using a single-
sensor non-invasive device, grouped by age. Age groups are older adults (> 60 years), adults

(19-59 years), and adolescents (13-18 years).
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device

Table 3.5: Participants’ gender information for the dataset generated using a single-sensor non-

invasive device, grouped by age

Age Group (Years) Gender Wise Samples
Male: - 21-85 Male: - 462
Female: - 14-80 Female: - 322
Adolescent (13-18 Years)
Male: - - Male: - 0
Female: - 14-18 Female: - 5
Adult (19-59 Years)
Male: - 21-59 Male: - 294
Female: - 20-59 Female: - 194
Older Adult (>60 years)
Male: - 60-85 Male: - 168
Female: - 60-80 Female: - 123

Table 3.6 presents the descriptive statistics of the dataset comprising 784 participants. For

each parameter, the statistical metrics include the standard deviation (SD), mean, minimum

(Min.), and maximum (Max.). These statistical analyses provide insights into the dataset's

distribution, central tendency, and variability, which are used for additional modelling,

outlier detection, and machine-learning-based prediction.

Table 3.6: Statistical distribution of recorded parameters of participants in Single-sensor dataset

Parameters Unit Min. Max. Mean SD
Age Years 14 85 53.67 12.91
Weight Kilogram 25 124.4 67.36 13.12
Height Centimeter 53 185.42 164.84 9.56
Sys. BP mmHg 69 221 134.51 20.24
Dia. BP mmHg 25 158 87.89 14.14
Duration of diabetes Years 0 45 3.90 6.13
Heart rate Bits/minute 40 150 85.39 13.76
Diabetes history Years 0 5 0.47 0.99
Sleep time Hours 3 10 6.81 0.93
Blood Glucose mg/dL 57 464 135.06 58.18
Sensor value - 4079 25197 14802.59 3728.19
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Table 3.7 summarizes the distribution of categorical variables, including gender, slip
quality, smoking status, and alcohol consumption. The values are represented as counts and
corresponding percentages. This representation helps understand the dataset's composition

and identify class imbalances that may influence model performance.

Table 3.7: Distribution of categorical parameters of participants in Single-sensor dataset

Parameters Category Count Percentage (%)
Male 463 58.93
Gender
Female 322 41.07
Good 585 74.62
Slip Quality Normal 174 22.19
Bad 25 3.19
No habit 771 98.34
Smoking Current 11 1.4
former 2 0.26
No 743 94.77
Alcohol consumption Regular 24 3.06
Occasionally 17 2.17

3.5 Data preprocessing

In the data preprocessing phase, inaccurate sensor data arising from practical measurement
constraints are excluded from the study. Two kinds of invalid measurements were found.
The first is that if the participant's finger is not in the correct position, or if the finger size is
too large or too small for the device's finger holder, the sensor output is below 7000,
indicating an invalid measurement. Samples of this type are excluded in this work. Second,
in practice, the sensor output saturates when the blood glucose level exceeds 230 mg/dL and
yields virtually the same reading regardless of the actual glucose level. All samples are
excluded from this work if the reference blood glucose exceeds 230 mg/dL, as this does not

yield reliable data for model development.

Additionally, some HbAlc data are included in the dataset but are later excluded from the
research. HbAlc represents the average glucose level of patients attached to their
haemoglobin over the past two to three months. However, we were targeting current BG
level measurements, so we excluded those readings from the research. When the BG data

for subjects are recorded, multiple data points per subject are stored in an Excel file. Upon
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reviewing, it is discovered that some readings fell outside a specific range. These outside
data points are treated as outliers and should be removed. Figure 3.7 shows the recorded BG
values in Excel for participants 8 and 26. Orange dots represent the outliers within the
recorded data. These outlier data points are identified and removed using the IQR approach
[103], [104]. The average of all remaining readings is then calculated to determine an
analogous BG level for each individual after the outliers are excluded. Additional missing
data points are found among the parameters recorded during participants' laboratory visits.

The missing values are imputed using the parameter's mean.

Outliers recorded in participant's 8 data Outliers recorded in participant's 26 data
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Figure 3.7: Visualization of recorded BG values for (a) Participant no. 8 and (b) Participant no. 26,

highlighting the occurrence of outliers in the recorded data

Consequently, after data preprocessing, 552 cleaned participants’ data are retained for
further experimentation. The final set of 15 parameters used to estimate BG levels include
device readings, gender, age, and Sys. BP, Dia. BP, weight, heart rate, height, duration of
diabetes, diabetes history, daily walking steps, sleep duration, sleep quality, smoking habits,
and alcohol consumption. The target values are the BG levels measured by laboratory

personnel (serum glucose).

3.5.1 Inter-quartile range

The IQR is a method for identifying outliers in normally distributed data [103] . The IQR
method is a robust statistical approach that accounts for the spread of the middle 50% of the
data to detect and eliminate outliers. The primary benefit of this is that it is easy, requires
less computation, and is less sensitive to extreme values than the mean or standard deviation

(SD) approaches. Figure 3.8 illustrates the construction of a box plot for IQR. The first (Q1),
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second (Q2), and third quartiles (Q3) are the separated ranges. IQR = Q3 — QI is the
difference between the first and third quartiles. The IQR, which is technically an H-spread,
is sometimes referred to as midspread or middle 50%. IQR can be used to create a boxplot,
a straightforward graphical depiction of the interquartile range, and to divide the points into

25% intervals. This method divides the dataset into four equal sections, or quartiles.

IQR
| |
[ |
QI1-(1.5 *IQR) Ql Q2 Q3 Q3+ (1.5 *IQR)
Lowcr Boundary Medium Upper Boundary

Figure 3.8: Illustration the construction of a box plot for IQR

The algorithm for outlier detection and removal using IQR is detailed in Algorithm 3.1.

Algorithm 3.1 Outlier detection and removal using IQR

Input:
Data = {xi, X2, X3, ..., Xn} // Input dataset

Output:
Clean Data // Dataset after removing outliers
Outliers // Set of detected outliers

1: Sort the dataset in ascending order

2: Data sorted < sort (Data)

3: Compute quartiles

4: Q1 « 25" percentile of Data sorted

5: Q2 « 50" percentile (median) of Data sorted
6: Q3 « 75" percentile of Data sorted

7: Compute Interquartile Range

8 IQR+<—Q3-Ql

9: Compute bounds for outlier detection

10: Lower Boundary < Q1 — (1.5 x IQR)

11:  Upper Boundary < Q3 + (1.5 x IQR)

12: Initialize empty set

13:  Clean Data < @

14:  Outliers < @

15: for each data point xi in Data sorted do

16: if (xi < Lower Boundary) OR (xi > Upper Boundary) then

17: add x; to Outliers
18: else

19: add xj to Clean Data
20: end if

21: end for

22: Return Clean Data, Outliers
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3.5.2 Data visualization after outlier removal using IQR

Figure 3.9 illustrates the visualization of recorded BG values after applying IQR for
Participant no. 8 and Participant no. 26. Blue dots represent cleaned data after applying IQR.
Figure 3.9 demonstrates that the IQR outlier removal method successfully removes outliers
from the recorded data of all participants while preserving the most important BG level data
points. This method also ensures that important data points are not removed when cleaning
outliers for all participants. The average of all remaining readings is then calculated to

determine an analogous BG level for each individual after the outliers are excluded.
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Figure 3.9: Visualization of recorded BG values after applying IQR for (a) Participant no. 8 and (b)
Participant no. 26, blue dots highlighting the data points after outliers’ removal.
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3.6 Summary

This chapter focuses on generating and preparing a dataset for accurate BG estimation using
non-invasive sensing approaches. It describes the design and construction of a one-sensor
data-acquisition instrument. A single-sensor device is easier to implement, less complex,
and more convenient for patients than a three-sensor device, since only one sensor is used.
The state-of-the-art non-invasive device uses capillary glucose as a targeted BG, but we
have used serum glucose because it is considered an accurate reading by physicians. The
chapter also presents XAl techniques to identify key wavelengths relevant to BG estimation
using the iGLU dataset. Finally, the IQR method, a vital data preprocessing technique, is
applied to improve data quality and the consistency of BG prediction models. This chapter
also shows that a single sensor dataset includes 15 physiological parameters of participants,
including sensor values used to estimate BG levels. This dataset includes serum glucose,

which can be used as a targeted BG level with ML models.
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Chapter 4
Blood Glucose measurement using Machine

Learning techniques

4.1 Introduction

This chapter introduces the use of ML techniques for precise, continuous estimation of BG
from a non-invasive sensor. Conventional BG monitoring systems, especially invasive ones,
are commonly associated with discomfort and limited capacity for continuous monitoring.
To overcome these shortcomings, this study examines a data-driven methodology that uses
physiological and sensor-based characteristics to develop predictive models for BG
estimation. The chapter is devoted to selecting relevant input features, preprocessing the
collected data, and applying ML models to BG prediction. Moreover, a Distributed
Architecture is designed by splitting the dataset into clinically significant BG ranges,
enabling range-specific learning and improved prediction. To address limited data and range
variability, statistical data augmentation based on the average SD is applied to enhance the
dataset's variability and strength. The effectiveness of the non-invasive BG estimation
architecture is assessed using standard metrics, and its performance is compared with that

of state-of-the-art models.

4.2 Performance Enhancement of Blood Glucose measurement using
Range-Based Data Segmentation

As discussed in section 3.4, Data for this study were collected in two phases: 623 samples
were gathered from August to October 2023, and an additional 161 samples were collected
in November 2023. The data from the first phase were processed using the IQR method, as

described in section 3.5, resulting in 491 cleaned data points.

The experimentation started with the implementation of two DL models for BG estimation:
an FCN and a CNN. an FCN and a CNN. Both models were trained and tested on the cleaned
data from 491 participants. A total of 15 important features is used to train the models. These

features include device readings, gender, age, Sys. BP, Dia. BP, weight, heart rate, height,
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duration of diabetes, diabetes history, daily walking steps, sleep duration, sleep quality,
smoking habits, and alcohol consumption. Table 4.1 and Table 4.2 contain the detailed

layer-wise configurations of the FCN and CNN, respectively.
Table 4.1: FCN architecture with layer-wise detailed configuration

Implementation of FCN

Layer Neurons Learnable parameters
Dense 1 Input features: 15, neurons: 10 160
Dense 2 10 110
Dense 3 10 110
Dense 4 10 110
Dense 5 10 110
Dense 6 10 110
Dense 7 10 110
Dense 8 10 110
Dense 9 10 110
Dense 10 10 110
Output 1 11

Total 1,161

ReLU is used as an activation function in both models. Table 4.3 shows the performance
analysis of the FCN and CNN on the single-sensor dataset. The results indicate that both
models performed poorly, with RMSEs of 46.99 and 59.34 mg/dL, respectively.

Table 4.4 shows the performance assessment of FCN and CNN on a single sensor dataset
trained using range-based data segmentation. The experimental findings show that BG
estimation performance is much enhanced by range-based data segmentation. Both FC and
CNN models exhibit similar accuracy across 90—125 mg/dL, with the CNN performing
marginally better in RMSE and mARD. Both models function similarly in the range 126—
160 mg/dL, with FC exhibiting somewhat higher relative accuracy. However, CNN
performs much better than FC in the BG range 161-250 mg/dL, greatly reducing RMSE,
mARD, and MAD owing to its capability to capture complex nonlinear relationships.

Overall, the results validate the efficacy of the distributed framework by confirming that
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training distinct models on BG range-specific subsets improves prediction accuracy,
especially in high-variability zones. Consequently, further research is conducted using a
Distributed Architecture [105] to enhance the predictive performance of ML models for BG
estimation. However, performance improvements for models are limited due to the small,

less diverse dataset. This issue can be addressed by augmenting the data to increase its

diversity and size.

Table 4.2: CNN architecture with layer-wise detailed configuration

Implementation of CNN
Layer Filter size/ Neurons Output shape Learnable
parameters
Convolution 1 f=6,k=2,i=1 (15, 6) 18
Pooling 1 Max pooling, size: 2 (7, 6) 0
Convolution 2 f=16,k=2,i=6 (7, 16) 208
Pooling 2 Max pooling, size: 2 (3, 16) 0
Convolution 3 f=32,k=2,i=16 (3,32) 1056
Pooling 3 Max pooling, size: 2 (1,32) 0
Dense layer 1 256 neurons 256 8448
Drop Out 1 30 % 256 0
Dense layer 2 128 neurons 128 32896
Drop Out 2 30 % 128 0
Dense layer 3 64 neurons 64 8256
Drop Out 3 30 % 64 0
Dense layer 4 32 neurons 32 2080
Drop Out 4 30 % 32 0
Output 1 neuron 1 33
Total 52,995

Table 4.3: Performance evaluation of FCN and CNN using Single-sensor dataset

Model Data Sample Training Testing RMSE (mg/dL)
FC 491 393 98 46.99
CNN 491 393 98 59.34
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Table 4.4: Performance evaluation of FCN and CNN using Range-Based Data Segmentation

Training Testing
Model | Data Sample RMSE (mg/dL) | mARD% | MAD (mg/dL)
samples samples
BG range: 90-125 mg/dL
FC 242 193 49 13.95 11.49 5.80
CNN 242 193 49 13.59 10.48 6.15

BG range: 126-160 mg/dL

FC 98 78 20 14.93 7.8 7.13
CNN 98 78 20 14.95 8.6 7.09

BG range: 161-250 mg/dL

FC 72 57 15 30.69 12.3 13.03
CNN 72 57 15 19.72 7.66 7.10

4.3 Feature extraction for Blood Glucose estimation

Further research is conducted using the SHAP method to specify the contributions of the 15
features used for BG estimation in training an FCN and a CNN. The SHAP method is
applied to both the FCN and CNN to identify which features are the most and least important
for BG estimation. Figure 4.1 and Figure 4.2 illustrate the feature importance as determined

by SHAP analysis for the FCN and the CNN, respectively.
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Figure 4.1: Feature importance visualization of the FCN obtained using SHAP, highlighting each input

feature's contribution to the model’s predictions
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Figure 4.2: Feature importance visualization of the CNN obtained using SHAP, highlighting each input

feature's contribution to the model’s predictions

The results indicate that the features related to smoking and alcohol have minimal
importance and can be excluded from the BG prediction model. Consequently, these two
features are removed, and both the FCN and CNN are retrained using the remaining 13

features, maintaining a similar implementation setup as depicted in Section 4.2

Table 4.5: Performance evaluation of FCN and CNN using Range-Based Data Segmentation trained

with 13 features

Training Testing
Model | Data Sample RMSE (mg/dL) | mARD% | MAD (mg/dL)
samples samples
BG range: 90-125 mg/dL
FC 242 193 49 13.8 10.8 5.88
CNN 242 193 49 11.1 8.85 4.87

BG range: 126-160 mg/dL

FC 98 78 20 13.45 7.4 5.94
CNN 98 78 20 13.98 7.5 7.18

BG range: 161-250 mg/dL
FC 72 57 15 33.37 12.3 17.1
CNN 72 57 15 32 12.9 12.75

As the performance comparisons in Table 4.4 and Table 4.5 show, reducing the number of

input features has an insignificant effect on the model's accuracy across all BG levels.
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Although the CNN achieves higher accuracy with 13 features in the BG range (90-125
mg/dL) (as evidenced by lower RMSE, mARD, and MAD), the FCN model shows no
significant improvement in accuracy. Both models have very similar performance with
slight differences in the BG range 126-160 mg/dL. Performance differences are slightly
more pronounced in the BG range 161-250 mg/dL, although overall trends remain the same,

with CNN still performing better than FC.

These findings indicate that the essential predictive information is retained despite feature
reduction. Thus, since both sets of features yield similar outcomes, the 13 features can be
selected to reduce the model's complexity and computational cost. Therefore, for further
research, smoking habits and alcohol consumption are dropped, and 13 important features
are finalized. The features, which are used to train the BG estimation model, include age,
gender, weight, Sys. BP, Dia. BP, height, heart rate, diabetes history, duration of diabetes,
sleep duration, sleep quality, daily walking steps, and device readings. The serum BG

collected from laboratory tests serves as the target value.

4.4 Data Augmentation

As discussed in Section 3.5, after data pre-processing, 552 records are used for further
research. However, this dataset is limited to training a distributed architecture, which may
have contributed to underfitting and lowered the model's effectiveness. To address these
issues, a data augmentation stage is incorporated into the architecture to enhance the model's
performance. Data augmentation increases the diversity of the dataset and improves the
generalisation capability of the ML models. A statistical analysis is performed on the dataset
to apply data augmentation to the tabular data properly. The augmented samples are
obtained by adding slight variations to each feature, consistent with the observed statistical
variability. The perturbations are kept within physiologically realistic ranges to maintain the

relationship between the BG reference measurements and the sensor measurements.

Tables 4.6 and 4.7 present a comprehensive statistical analysis of the collected dataset, BG-
range-wise, including distributions (minimum and maximum) and central tendency (mean
+ standard deviation) for all selected features. The dataset is divided into eight BG intervals
(70-90 to 211-230 mg/dL), with an uneven distribution of records, higher concentrations in
the lower and mid ranges, and significantly fewer samples in the higher BG ranges. Table

4.6 indicates that all physiological and demographic parameters, such as age, Sys. BP, Dia.
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BP, weight, heart rate, and sensor readings are within realistic and clinically acceptable

limits across all BG ranges; therefore, the data are reliable.

Table 4.6: BG range wise statistical analysis of recorded features of participants (Min. and max.)

o S & @ = S = &

BG range = = - - - - a N
= ! — — — — — —

(mg/dL) = = — e 72) ~ & —
e i - - v (o]

~
W
W
(o)
(95
[\S]
—_
o
—_
N

Records Count 82 183 113

Min. | 21 18 24 26 25 35 30 14
Max. | 79 85 79 76 71 74 7 63
Weight | Min. | 30 38 46 52 4 52 52 25
(kg) Max. | 102 | 113 | 103 97 95 124 92 82
Height | Min. | 145 | 142 | 53 147 | 147 | 135 | 150 | 150
(cm) Max. | 180 | 185 | 185 | 185 | 180 | 185 | 180 | 178
Sys.BP | Min. | 88 80 106 | 82 69 115 | 120 @ 87
(mmHg) | Max. | 202 | 221 | 188 | 184 | 190 | 180 | 187 | 147
Dia.Bp | Min. | 64 50 64 25 41 67 66 62
(mmHg) | Max. | 123 | 131 | 127 | 132 | 117 | 120 | 116 | 108
HR Min. | 58 47 58 40 68 69 65 63
(Bits/min.) | npay 125 | 131 | 139 | 111 | 117 | 107 | 133 | 112
Walking | Min. | 1000 | 200 | 1000 | 500 | 2000 = 1000 | 1000 2500
(steps) | Max. | 9000 | 10000 = 9000 | 8000 | 8000 = 5000 | 8000 = 6500

Age (yrs)

Dur:ftlon Min. 0 0 0 0 0 0 0 0
diabetes Max. 30 22 30 45 23 23 15 11
(yrs)
Diabetes Min. 0 0 0 0 0 0 ° ’
history Max. 5 5 4 5 5 5 5 3
Sleep time | M | 6 3 3 ° ! * * °
(rs) | Max. |8 10 9 8 8 8 8 8
. Min. | 1 0 0 0 0 0 1 0
eep
quality Max. 2 2 2 2 2 2 2 2

Min. | 7262 | 7641 | 7421 | 7434 | 7160 | 7246 | 8910 | 11638

Sensor
Max. | 19990 | 23552 | 21762 | 24353 | 25200 | 21048 | 24400 | 23736

BG Min. 72 91 111 131 151 172 191 212

(mg/dL) |\ 90 110 | 130 | 150 | 170 | 190 | 210 | 230
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Data Augmentation

Table 4.7 shows stable average values across ranges, while moderate variability in standard
deviations for features such as walking steps and sensor readings reflects participant
diversity and dataset representativeness. Imbalanced record distribution and small sample
sizes in higher BG ranges can negatively impact the performance of range-specific models
in a distributed architecture. The SD measures the variability of the observed data across
features. To successfully address this, the statistical measures obtained from this analysis
are directly applied to the data augmentation process.

Specifically, the SD of each feature for each BG range is used as a reference to generate
synthetic samples centred on the mean. This methodology ensures that the augmented
information does not destroy the inherent variability of the original data, but instead mimics
the existing samples. Therefore, average SD-based augmentation increases data variety,
preserves the distribution, and enhances the robustness and generalizability of the BG
estimation model across all glucose levels. Algorithm 4.1 presents the data augmentation

process using SD on the pre-processed dataset.

Algorithm 4.1 Data augmentation using SD

Input:

Pre-processed dataset D
Output:

Augmented dataset D gy gmented

1: Load the pre-processed dataset D
2: Divide the dataset into n equal-sized subsets, each subset indicating particular characteristics of the
BG range (n =8).
3: Compute Average SD (aa,,emge) for each feature
4: For each record in dataset:
a. Generate k random numbers for the given range using 6 sperage
b. For each feature:
New value = Actual value + Random number
c. Create new augmented record
d: Repeat steps a to ¢ such that the total number of data records after data augmentation becomes
equal
5: Repeat for all features and all records
6: Append all augmented records to original dataset
D gugmentea = D + Augmented Data
7: end

Table 4.8 provides an outline of the total number of participants and the division of the
training and testing data after data augmentation. It presents the distribution of BG data
across various BG ranges used to train the architecture. It displays the number of training

and testing records at each BG interval between 70 and 230 mg/dL. The nearly equal
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numbers of training and testing samples in each BG range indicate that the models will have
the opportunity to learn from data across all ranges, minimising the risk of biased results for
any specific range. The training and testing samples contain 14,318 and 3,580 records,
respectively, for a total of 17,898 records. The data is fairly well-balanced across all BG

ranges, ensuring balanced model learning and assessment.
Table 4.8: BG range wise of dataset after augmentation with training and testing records

Sr.no | BG range (mg/dL) @ Training records | Testing records

1 70-90 1690 462
2 91-110 1817 440
3 111-130 1788 451
4 131-150 1801 441
5 151-170 1798 450
6 171-190 1830 428
7 191-210 1780 467
8 211-230 1814 441

14318 3580

Total 17898 records

4.5 Proposed Lightweight Distributed Architecture for BG measurement

As discussed in Section 4.2, a Distributed Architecture is used to increase the predictive
accuracy of ML models for BG estimation, and a total of 13 features from section 4.3 are
used as inputs to the proposed architecture. Figure 4.3 presents the proposed Distributed

Architecture for BG estimation.

The dataset mentioned in Section 3.5 is used, and data augmentation (section 4.4) is applied.
After augmentation, all data points are normalized to the range [0, 1] using the Min-Max
scaler (Equation 3.2). The new augmented dataset is divided into eight subsets. The first
subset contains data from individuals with BG levels between 70 and 90 mg/dL. Subsequent
subsets are 91-110 mg/dL, 111-130 mg/dL....., and 211-230 mg/dL, respectively. Eight

regression models are trained and tested separately on these subsets, with each model
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focused on a single subset. RMp to RM7 in Figure 4.3 represent regression models trained
separately on different BG-range subsets. After that, a pre-classifier is implemented to
classify the input data for BG ranges from 70 to 230 mg/dL into eight classes. The subsets

represent an eight-class set used to train and test the pre-classifier.

Pre-classifier Regression models
Dataset: —>» Class 0
552 records RMj (70-90 mg/dL)
gy RM, (91-110 mg/dL)
X P> é B>
Data augmentation: 2
17,898 records @
l —¥| Class7 RM;(211-230 mg/dL)
Normalization
P e
v
Class 0 » RM)(70-90 mg/dL) £
Training set: b=
H =
Lt g Class 1 » RM, (91-110 mg/dL) s
records =] 5
5 -
kS g
S :
Testing set: &
3580
—»| Class 7 » RMj7 (211-230 mg/dL)
records

Trained Distributed model

Figure 4.3: Proposed Distributed architecture for BG estimation

When new data enters the proposed architecture, it is first processed by the pre-trained pre-
classifier stage, and the most suitable regression model among the eight is identified. The
new data is then directed to its selected regression model for BG estimation. Using
classification and regression models to estimate BG levels is the newness of the proposed
architecture. Several regression and classification models have been implemented and
trained for BG estimation. Rigorous experiments are conducted with various ML models to

identify the best-suited one for BG estimation.
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4.6 Evaluation metrics
4.6.1 Evaluation metrics for pre-classifier
4.6.1.1 Accuracy

Accuracy is one of the measures of the model's overall performance. It is the proportion of

correct predictions (positive and negative) of all the predictions.

A = TP+ TN x 100% 4.1)
CCUrasy = TPy FP+ TN + FN 0 '

FP= False Positive, TP= True Positive, FN= False Negative, TN= True Negative

4.6.1.2 Precision

Precision is defined as the number of correctly predicted positive cases divided by the total

number of predicted positive cases. Low precision implies reduced false positives.

TP
ision = ———— 4.2
Precision TP T TP 4.2)

4.6.1.3 Recall

Recall refers to the fraction of actual positive cases that are correctly detected. High recall

implies fewer false negatives.

TP
= 4.3
Recall TP FN 4.3)

4.6.1.4 Fl-score

The harmonic mean of recall and precision is known as the F1-score. It balances accuracy
and recall, especially when the data is skewed.
Recall X RPrecision

F1 =2X 4.4
score Recall + Precision (44)

4.6.2 Evaluation metrics for Regression model

The regression models' performance is measured using RMSE, MAD, and mARD. (Refer

to section 3.3.1).
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4.7 Performance evaluation and result analysis of Distributed
Architecture

MLR, SVR, DT, RF, and FCN are applied to the regression task in this research. RMSE and
mARD are measures of regression model performance, along with MAD. Table 4.9

summarizes the regression model results.

Table 4.9: Performance analysis of regression models for BG estimation-direct analysis. Bold highlights

the best test results for each model

Metrics Regression models
MLR SVR DT RF FCN
mARD (%) 2.22 1.95 1.26 1.01 3.72
MAD (mg/dL) 1.56 1.56 1.17 0.77 1.03
RMSE (mg/dL) 3.38 32 2.1 1.78 2.35

K-NN, DT, SVM, FCN, and RF are used as pre-classifiers. These are measured using
accuracy, recall, precision, and F1 score to determine the most appropriate architecture. The

evaluation results of the pre-classifiers are given in Table 4.10.

Table 4.10: Performance analysis of the pre-classification models of Distributed Architecture (Bold

letters in table highlights the best test results for each model)

Metrics Pre-classifier
KNN SVM DT FCN RF
Accuracy (%) 74.77 80.9 94.7 97.05 97.9
Precision 0.74 0.81 0.95 0.97 0.98
Recall 0.75 0.81 0.95 0.97 0.98
F1 score 0.73 0.8 0.95 0.97 0.98

Table 4.9 and Table 4.10 provide the individual performance analyses of regression and
classification models to determine the most appropriate models for a distributed
architecture. Tables 4.9 and 4.10 indicate that the RF model achieves high accuracy on the
dataset. For the performance evaluation of the proposed distributed architecture, the RF

model is used for pre-classification and the regression stage.
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Table 4.11: Performance evaluation of proposed distributed architecture using RF model

mARD (%) MAD (mg/dL) RMSE (mg/dL)

Distributed architecture 1.51 1.79 6.08

The test data is processed using a pre-trained RF classifier that classifies it into 8 classes.
These classified data are then subjected to their respective pre-trained RF regression models
for BG estimation. Table 4.11 presents the performance analysis results of this distributed
architecture, highlighting the effectiveness of using RF for both pre-classification and
regression tasks. The comparison of the results presented in Table 4.3 and Table 4.11
indicates that training the range-based model enhances the effectiveness of the learning
models and surpasses a single end-to-end regression model that is trained on the entire
glucose range. Additionally, when comparing the results presented in Tables 4.11 and 4.5,
the impact of data augmentation is clearly evident. The results indicate that data
augmentation reduced the risk of model overfitting and improved the robustness of the

developed model by exposing it to a wider range of feature variations.

The proposed distributed architecture uses a pre-classifier to decide which BG range to use
for the regression. If the range assignment is incorrect and the error propagates to the
regression stage, it will affect the final BG estimate. However, the error will be naturally
limited by the design of the proposed framework. In particular, the pre-classifier sorts the
BG values into contiguous intervals of about 20 mg/dL, such as 70-90, 91-110, 111-130,...,
211-230 mg/dL. This means that classification errors will likely be found within the
relatively narrow glucose intervals, and not across large intervals. Therefore, the propagated
estimation error is typically £20 mg/dL, which helps reduce the effect of pre-classification
error on the total estimation error. Moreover, the pre-classifier achieves high classification
accuracy, reducing the misclassification rate and making the proposed distributed

architecture more robust.

However, the developed non-invasive BG measurement device was tested in a controlled
laboratory environment to minimize the effects of external variables. The participants had a
range of physiological properties, but the influences of motion artefacts, different skin types
(e.g., skin tone and thickness), and temperature and humidity were not examined separately.

These factors could affect the sensor's operation in real-world applications. They will be
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explored systematically in future work to further evaluate the robustness and feasibility of

the proposed device in clinical settings.

4.8 Clarke Error Grid Analysis

The Clarke Error Grid Analysis (CEGA) assesses the predictive performance of different
models of BG levels [106]. Zone A refers to the predicted values of the BG that do not
exceed the reference value by more than 20 percent. The zone is applied to describe the
model, with a separation of predicted and targeted BG levels across five zones: A to E. In
Zone B, a predicted BG value is within 20 percent of the target value and does not lead to
many inaccurate predictions. The BG range is 70-180 mg/dL, which is within Zone C, but
the expected result falls outside this range. Zone E describes instances where the expected
result is either above or below 70 mg/dL, depending on whether the targeted value exceeds
180 mg/dL or falls below it. For the model to be beneficial in clinical practice, all anticipated

outcomes must fall within Zones A and B.

Figure 4.4 demonstrates the CEGA of Distribution Architecture with an RF pre-classifier
and various regression models. It shows that all prediction points lie in Zone A across all
models. The analysis demonstrates the clinical applicability of the proposed architecture and

the other implemented models.

Among the models evaluated, the RF-based model has the most points near the reference
line, indicating the greatest clinical accuracy and the lowest prediction error. The DT and
FCN models also exhibit good clinical performance; SVR and MLR have relatively larger
deviations from the reference line because of their limited capability to capture nonlinear

BG variations.

Importantly, there are no clinically relevant prediction errors in Zones D and E, suggesting
a distributed architecture that avoids them. The improvement is believed to be due to the RF
pre-classifier, which classifies samples by BG range (20 mg/dL), allowing each regression
model to learn BG patterns within that range. The prediction deviation is also limited even
if the pre-classifier assigns the wrong neighbouring BG range, thereby ensuring a clinically
safe prediction of the BG value. Overall, CEGA results show that the proposed distributed

architecture achieves high prediction accuracy and clinical safety for BG estimation.
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Figure 4.4: CEGA of Distribution Architecture with RF pre-classifier and various regression models (a)

MLR (b) SVR (c) DT (d) RF (e) FCN

4.9 Performance analysis of Distributed Architecture with state-of-the-
art non-invasive approaches

Table 4.12 presents the performance analysis of Distributed Architecture with state-of-the-

art non-invasive approaches. The distributed nature of our architecture allows for localized
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data preprocessing. On the contrary, traditional ML methods often fail to account for the
physiological noise in human blood samples. With an MAD of 1.79 mg/dL, our model
shows an average difference between the predicted glucose values and the actual laboratory
reference of less than 2 units. Such a level of accuracy greatly reduces the noise from non-
invasive sensors, resulting in high consistency and clinical reliability in the output. This
distributed architecture is also effective, as the CEGA indicates that all model outputs are

entirely in Zone A, the most accurate clinical result.

Table 4.12: Performance analysis and statistical evaluation of the proposed distributed architecture and

state-of-the-art non-invasive approaches

mARD | MAD RMSE CEG Data Measurement
Research works
(%) | (mg/dL) | (mg/dL) Analysis records sample
Dai et al. 2009 [8] 5.99 - - - in-vivo blood
Song et al. 2015 [9] 8.3 - - Zone A & B | Human blood
Haxha et al. 2016 [17] - - 33.49 Zone A & B | Human blood
Pai et al. 2018 [21] 3.09 11.5 15.65 Zone A & B | in-vivo blood
Joshi et al. 2020 [12] 4.86 9.42 13.57 Zone A Human blood
Jain et al. 2020 [19] 6.65 12.67 21.95 | Zone A & B | Human blood
Joshi et al. 2022 [13] 5.34 8.3 12.7 Zone A Human | Capillary & Serum
Sun et al. 2023 [11] 7.31 - 21.06 Zone A & B | Human blood
Wei et al.2023 [14] 11.33 Zone A & B | Human blood
Jain et al. 2024 [20] 12.5 - - Zone A & B | Human blood
Proposed work 1.51 1.79 6.08 Zone A Human blood

In summary, the proposed distributed architecture achieves better measurement accuracy
across all major criteria than earlier studies. This significant improvement can be attributed
to the integrated design, in which the pre-classifier and regression models work in tandem

to efficiently refine the raw data before producing the final estimate.

4.10 Summary

This chapter introduces an ML-based model of non-invasive BG estimation. This model

uses data collected by a non-invasive single-sensor device, along with 12 physiological
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features, to estimate BG levels. ML-based model enhances prediction performance through
range-based data segmentation and efficient feature extraction. A data augmentation stage
is included in the architecture to enhance the model's efficacy and robustness. One of the
contributions is the lightweight distributed architecture, in which a pre-classifier determines
the BG range, and a regression model is used for estimation. To evaluate the system,
standard classification and regression measures, along with the CEGA, are used to ensure
clinical accuracy. The proposed method demonstrates reliable performance and
outperforms existing non-invasive methods, making it suitable for real-time BG
monitoring. However, the BG estimation range is observed to 70-230 mg/dL using a single
non-invasive sensor, compared with a three-sensor device.

Additionally, statistically defined limits are used to generate augmented samples, but these
may not capture the full physiological range observed in a larger clinical population. Thus,
slight errors can creep into the learned distributed architecture. Future studies could
overcome this limitation by acquiring a larger, more varied experimental dataset from

multiple clinical centres, thereby reducing reliance on data augmentation.
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Chapter 5
Blood Glucose forecasting using various learning

models

5.1 Introduction

The control of T1D Mellitus (T1DM) depends on proper estimation of BG levels. This
chapter details our research on accurate forecasting of future glucose levels, enabling early
detection of the risk of hypoglycaemia and hyperglycaemia, which is later used to develop
better intelligent decision-support systems for insulin delivery. Achieving precise
predictions requires thorough data preprocessing and the use of suitable time-series

modelling, as BG measurements are sequential and can vary significantly.

In this chapter, a hybrid Deep Convolutional Recurrent Neural Network (DCRNet) model
is outlined, in which the CNN captures local patterns and the LSTM models long-range
temporal relationships for precise BG forecasting. To enhance model robustness and
convergence, extensive data preprocessing is performed first, including time-series data
preparation and standardization. Our results include experiments using both virtual and real
patient data. Virtual patient data generated by the UVA/Padova T1D Mellitus simulator
(UVA/Padova TIDM) [107], [108] is utilized to train and assess the proposed architecture,
along with real patient data from the OhioT1DM dataset [109].

This chapter provides specifics on the architecture design, hyperparameter setup, and
training process. To evaluate the performance of the proposed DCRNet, RMSE and Mean
Absolute Error (MAE) metrics are used. CEGA is also performed to validate the clinical
applicability of forecasting models. Additionally, the efficacy and robustness of the
proposed hybrid model for BG forecasting are confirmed through statistical analysis and

comparisons with state-of-the-art baseline models.
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5.2 Dataset for BG forecasting
5.2.1 In-silico data

The UVA/Padova T1D Simulator [107], [108] is a physiologically realistic glucose/insulin
model that captures glucose and insulin dynamics across a broad spectrum of meal and
insulin scenarios that are clinically difficult, expensive and ethically problematic to
replicate. It enables the creation of a variety of glucose profiles for developing and testing
forecasting algorithms under controlled conditions. Eleven simulated subjects in the
UVA/Padova TIDM simulator are selected to create a broad dataset for analysing BG

forecasting.

The subjects are provided with four meals per day, including breakfast, lunch, snacks, and
dinner, each having a baseline CHO value of 35 g, 45 g, 0 g, and 50 g, respectively [110].
To introduce some variation and capture real-world eating habits, the CHO content of each
meal is increased by 10 g increments. Breakfast, lunch, snacks, and dinner are set at upper
limits of 85 g, 105 g, 30 g, and 120 g, respectively [110]. Each scenario is associated with a
time series of 1,440 BG points of one adult during the day. By systematically generating
heterogeneous and homogeneous virtual patient data across all meals, 1,344 unique meal
condensations are generated and modelled in 11 in silico adult subjects over 24 hours. In
addition to BG values, data on corresponding CHO intake and insulin delivery are recorded,

enabling the creation of powerful ML models.

Among the eleven subjects, eight are allocated to training and the remaining to testing, so
that the models are not tested inappropriately. The importance of the induced scenarios is
that they highlight changes in meal composition in the real world, which can vary from low-
to high-CHO intake at different meal times. This systematic approach improves on limited
or fixed-meal datasets, which expose the model to a wide range of physiological responses,
thereby enabling greater generalization. The proposed scenarios introduce variety and
exhaustive combinations of meals and are therefore well-suited to representing both normal
and extreme conditions; thus, they are most suitable for deriving reliable, clinically pertinent

BG prediction models.

5.2.2 Clinical data

To assess clinical applicability, the OhioT1DM (2020 version) [109] dataset is used to

evaluate the efficacy of BG forecasting models, which contains CGM data over time from
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patients with T1D living their daily lives. This dataset was generated from an 8-week record
of 12 participants with TID. The sample includes information on 5 females and 7 males
aged 20-60 years. For 8 weeks, Medtronic Enlite CGM sensors and Medtronic 630G or

530G insulin pumps were used to collect data.

All participants provided data on daily events using a smartphone application and a fitness
band. The data consist of insulin doses (both bolus and basal), CGM BG levels every 5
minutes, BG levels after self-monitoring with fingerstick, CHO amounts, sleep, exercise,
stress, work, and disease. The dataset also contains heart rate, step count, Galvanic Skin
Response, air temperature, and skin temperature, measured every 5-minute interval. The

OhioT1DM dataset includes separate training and test records for 12 participants.

Detailed information on the number of training and test records is shown in Table 5.1 [109].
The models have been validated on this independent dataset, thereby demonstrating their

ability to generalize to conditions not simulated.

Table 5.1: Detailed information regarding the training and test records of each participant [109]

Sr no. | Participant ID | Gender | Training samples | Test samples

1 540 Male 11947 2884
2 544 Male 10623 2704
3 552 Male 9080 2352
4 567 Female 10858 2377
5 584 Male 12150 2653
6 596 Male 10877 2731
7 559 Female 10796 2514
8 563 Male 12124 2570
9 570 Male 10982 2745
10 575 Female 11866 2590
11 588 Female 12640 2791
12 591 Female 10847 2760
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5.3 Data preprocessing
5.3.1 Feature normalization

Time-series data is normalized and time-aligned during data preprocessing. This change
stops higher-value input features from taking centre stage, since each feature is scaled to the

identical numerical range.

Let:
X = [X4,Xy, ..., X7], X; ER® (5.1)

X is a multivariate time series, as defined by Equation 5.1, where n is the number of
characteristics, and 7 is the time series length. All input variables (BG, insulin, and CHO

consumption) are first scaled using Min-Max normalization (Equation 3.2).

5.3.2 Segmentation and Windowing

The normalized time-series data is converted into a representation of the targeted outputs
and inputs. This data preparation involves creating multiple segments from the time-series
data, each paired with its intended output. The 30 minutes of recent data (i.e., six previous
samples) are utilized as input to the architecture for PHs of 15, 30, and 60 minutes. This is
based on the continuous time series, which is sampled every 5 minutes. The value of BG at
time ¢ is referred as y;, where ¢ = the most recent time index. X represents the structure of

a given training sample, as illustrated in Equation 5.2 [70].
Xt = [X¢-5, Xe—10, Xt-15, Xt—20, X¢—25, Xt-30] (5.2)
where x;_; = [BG;_;, CHO,_;, BOLUS,_;] is the vector of input features at time t — i.
Targeted BG values for different PH are expressed in Equation 5.3 [51]:
Ye+pu = BGeipu (5.3)
Where PH € {15,30,60} minutes. y;, py and BG;, py are the forecasted BG value for PH.

In this way, the mapping of all PHs is learned by the architecture, which can be expressed

as shown in Equation 5.4 [51]:

[ Xt 2 Yesn (5.4)
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The dataset is segmented using a sliding-window approach with a stride of s =1 (overlapping
windows) to ensure optimal utilization of the temporal data. The time-series dataset can be
segmented and prepared for the proposed architecture using the sliding-window technique,
as shown in Figure 5.1. For learning, this approach generates input data by aggregating 6
samples (window size, w = 6). From the time series data, the BG samples at the 3rd, 6th, or
12th positions are considered the targeted BG for PHs of 15, 30, or 60 minutes, respectively.
In Figure 5.1, red boxes represent the most recent 30 minutes of input data used by the
architecture to forecast BG levels for PH 15 and 30, shown as blue and green boxes,
respectively. In this study, BG readings captured every 5 minutes are used for architecture
training. Note that Figure 5.1 does not include the section for the 60-minute PH.

30 minutes data (6 samples) are used Targeted BG for Targeted BG for
as an input 15 minutes PH 30 minutes PH

| T

L w=6 F PH=3
| 1
—

I I I 1 [ ]

H=6
Ee—r—— —
——r—r—r—T1— — —
— =m
—r—r—r—r—— — —

Figure 5.1: Segmentation of time-series data for constructing training and testing datasets

corresponding to PH of 15 and 30 minutes

5.4 Proposed DCRNet architecture

For BG-level forecasting, a hybrid DL architecture, DCRNet, has been proposed. The
proposed hybrid architecture combines Dilated Convolutional layers to analyze local
patterns with an LSTM layer to capture global temporal relationships. DCRNet is evaluated
using clinical data from the OhioTIDM dataset and in silico data generated by the
UVA/Padova T1DM simulator. DCRNet comprises preprocessing and data preparation, as
well as Dilated CNN (DCNN) and LSTM.

The detailed architecture of DCRNet is illustrated in Figure 5.2. G, I, and C depict BG,
insulin, and CHO intake in the food. The time-series data is first temporally aligned and

then scaled using min—max normalization. The normalized information is fed into the first
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layer of DCNN. We have used a 3-layer DCNN. The output from the third layer of the
DCNN is fed into an LSTM network, which in turn links to the two dense layers.

r A G

s B ey (e

C
Time alignment = a = Forecasted
L L L S o) < BG
I — M a e | V & —> £ 2
> > z [75] L L
. . =} =} =] ] o =
G NOl'l“ZlIlZathn 8 8 3

— L W W

\ Yy € Y,

Dilated CNN Recurrent Layer Dense Layer

Data Pre-
Processing

Figure 5.2: Proposed DCRNet architecture includes data preprocessing, three DCNN layers, LSTM

layer, and two dense layers

5.4.1 Dilated CNN

In our proposed architecture, Dilated CNN (DCNN) is utilized as it offers a larger effective
receptive field, enabling the model to learn more about temporal and spatial patterns in BG.
At the same time, a conventional CNN is constrained by smaller receptive fields due to the
kernel size and pooling. DCNNs offer deeper, stacked layers (or dilated convolutions) and
can gradually increase the receptive field without substantial loss of resolution. This enables
more thorough feature extraction from CGM data, thereby enhancing predictive accuracy
for complex glucose dynamics. The feature extraction method for DCNN layers is described

by Equation 5.5 [102].
K-1 “n
h® = ¢ (2 (Wk(”wl,k X+ b(’))) (5.5)
k=0

where, hgl) is the output feature map of the layer [, Wk(l)and b® is the weights and biases
of the kernel, W\, is the weights of the convolution kernels, r is the dilation rate (1, 2, or

4), k is size of the kernel, and @ (-) is the activation function ReLU.
@(x) = ReLU (x) = max(0, x) (5.6)

R is the effective receptive field of each layer, which increases with layer number (e.g., 1,

2, 4), as shown in Equation 5.7 [111].
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o~

-1 1
R=1+K-1)- 7, (5.7)
l =0

J

Il
=)

where 7; denotes an increasing dilation rate across layers, and K denotes a constant kernel
size. Therefore, deeper, more dilated layers capture mid-range structures, whereas local
filters in early layers capture fast changes (high-frequency). A small kernel, like a 3x3, is
slid over the input in a typical convolution. Adding gaps (zeros) between kernel elements in
a DCNN increases the receptive field without increasing computing cost. The dilation rate
() determines the spacing of the gap. In standard convolution, the dilation rate is constant

across layers, e.g., {l,1,1,1...}, whereas in DCNN it increases exponentially, e.g.,
{1,2,4,8,...}.

The 3 x 3 convolution operation, with dilation factors (r) of 1 and 2, are demonstrated in
Figure 5.3 [53]. When the dilation rate (7) is set to 1, the dilated convolution reverts to a
standard convolution, as shown in Figure 5.3. In Figure 5.3 (a), the receptive field is 3 x 3

(r =1), whereas in Figure 5.3 (b), the receptive field expands to 5 x 5 (r = 2).

Input data ] Input data i
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(a)

(b)

Figure 5.3: DCNN expansion of the receptive field (a) DCNN with r =1 (b) DCNN with r =2 [53]

5.4.2 Long Short-Term Memory

Dilated convolutions are effective at extracting local spatial-temporal context; however,
they cannot directly replicate long-term sequential dynamics. The DCNN output is fed into
an LSTM network to generate a sequence of features simulating global temporal
dependencies. An LSTM has three key parts: the input gate, the forget gate, and the output
gate. The amount of information stored in the LSTM cell depends on the input gate. The

forget gate decides which information to forget, and the output gate integrates and retrieves
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information from the input gate, the forget gate, and the present input. The transformed data

from this process is then used as input for the following time step.

The LSTM architecture is depicted in Figure 5.4 [112]. hgh) represents the hidden state
input. it(h) and hgi_l)l combine in forget gate and produces f;, and this result is passed through
the sigmoid (o) function. The forget gate controls which information in the LSTM cell is
retained or discarded. The input gate utilizes g; and S; to generate new data that is stored in
the LSTM cell. The new cell state, S;, is created by adding the product of S;_; and f; to the

product of g; and S;. Finally, the hidden state, hgh), is calculated as y; * Tanh (S;).

Forget gate A,

g

|
|
|
|
+
|
|
|
|
|
|
|
|
|
|
|
|
|
\

£ Input gate Output gate

Figure 5.4: The architecture of LSTM for identifying long-range temporal dependencies in time-series

data [112]

The LSTM receives the multi-dimensional feature map produced by the last layer of dilated

convolutions, {hg”}{:r This level captures long-term relationships in the time series data.

At each ¢ time step, the LSTM cell’s output is computed using Equations 5.8 to 5.13 [62].

S¢ = g¢* S * Sy (5.8)
g =0 (W | o™y + 1] +by) (5.9)
fo= 0 (We [ +i]+by) (5.10)
Sc=tanh (W [n{",+i{"|+b,) (5.11)
h™ =y, * (tanh S,) (5.12)
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o= o O (Kb 13

Bias is represented by by, by, bs, by,; weights are represented by Wy, Wr, Ws, W,,; and the
Hadamard product is represented by *. To combine features and produce task-specific
output, the LSTM output is fed into dense layers.

5.4.3 Dense (Fully Connected) layer

Dense layers use temporal characteristics to produce a final representation suitable for the
output task. These layers enable a nonlinear mapping of the LSTM feature space to the
output space. Equations 5.14 [51] and 5.15 [51] represent the dense layer, z,, and the output

layer (last dense layer) for the regression task, ¥, respectively.
zn = $(Wph” + b, (5.14)

y = lp(Wn+1Zn+1 + bn+1) (5-15)

Where, h(Th) denotes the combined LSTM and DCNN outputs, ¢ (-) and y (-) are the ReLU
and linear activation function, respectively, and by, b;,+1, W, W,, 4, are trainable biases/

weights.

The output of DCRNet, ¥, is illustrated as Equation (5.16):

9= f(X';0) = YWy ¢ Wnss LSTM(Conv? o -0 Convy) (X)) + by) +

bn+1)

(5.16)

where X' represents the pre-processed multivariate sequence of input, and © is the trainable

parameters.

5.4.4 Optimization and training

The model is optimized by tuning its parameters to achieve the lowest possible loss and
better predictive performance. The aim is to identify the best parameter set ® = {W, b} that

maps the target outputs to the given input data.

In regression problems, the loss function is typically the MSE, as shown in Equation 5.17

[33]:
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M
1
MSE == (0= 9 (5.17)
i=1

Where, y; is the original target value for the i" sample, 9; is the forecasted value for the i*"

sample, and M denotes the sample size of the dataset.

The optimization is performed using the Adam optimizer, an adaptive method that
dynamically adjusts the learning rate for each parameter during training. The formulas for

the parameter update rule are Equations 5.18 through 5.21 [35]:

my = pime_1 + (1= B1)ge (5.18)
Ve = BaVeoq + (1= Br)gf (5.19)
. me VU
mt_l_ flvt_l_ﬁg (520)

Opsr = 0 — 1 — (5.21)
Jor+e

where g; = Vo, MSE is the gradient at iteration ¢, 1, 8, and € are hyperparameters of

Adam, and 7 is the learning rate. These equations are used to train the network from the

beginning to convergence.

5.5 Modelling Local and Global Dependencies in Glucose Dynamics

A key benefit of the DCRNet architecture is that it combines the strength of DCNN and
LSTM modules to model both short-term and long-term time dependencies effectively.
Whereas local dependencies show short-term changes in glucose as a result of meals or
insulin events, global dependencies show long-term changes as a result of physiological

patterns. As seen in Equation 5.22, dilated convolutional layers extract local features using

limited receptive fields focused on time t, producing localized feature maps h,EL):

W = foun(eere) (5.22)

where the effective temporal receptive field, represented by 7, is modulated by the dilation

rate r;. These feature maps represent short-term relationships and measure multiscale
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temporal variations in the input signal. Equation 5.23 illustrates how the LSTM simulates

long-term dependencies by integrating the CNN feature sequence {h{", ..., n{")} across time.

Z = fLSTM(h%t) ) (5.23)

Here, z; represents the LSTM output, which retains information over distant time steps and

captures the overall temporal context.

5.6 Complete architecture of DCRNet for BG forecasting

The overall process carried out by the algorithm, beginning with the input of multivariate

features, and ending with the forecasting, is represented in Equation 5.24:

frre fenw gy Tismv frense (5.24)

X1t = X1 = Hif = Lie =

The time-series input is used as a multivariate with n features (CHO intake, glucose, and

insulin), is represented by X;.; € RT*™. The normalized input is denoted as Xj.;.

Algorithm 5.1 Proposed DCRNet (DCNN-LSTM) Based BG Forecasting
Input:

Multivariate time-series data X
Output:
Forecasted BG value ¥y,
Steps:
1: Initialize model parameters 0
2: Preprocessing
3: for each feature x in X4.; do
4 Compute x_min and x_max
5: Normalize, X' — (x — x_min) / (x_max — x_min)
6: end for
7: Normalize input data, X7,
8: Short-term Temporal Feature Extraction using DCNN
9: Hi) — CNN (Xi,)
10: Long-term Dependency Capture using LSTM
11: Ly, — LST™M (H)
12: ., Dense (Lq.;)
13: Model Training
14: while stopping criterion not met do
15: Compute loss:
16: Loss «— (y; —¥:)?
17: Update 6 using Adam optimizer
18: end while
19: return ¥,
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The result of the last layer of the DCNN is represented by Hl(:Lt),

while the output from the
LSTM network is denoted as L,.,. The final output of the proposed DCRNet is represented
by ;. This illustration shows the hierarchical process for normalizing multivariate input
data and predicting final glucose levels using a DCNN, LSTM, and dense layers. The
proposed generalized BG forecasting, DCRNet, as previously described, is summarized as

in Algorithm 5.1.

5.7 Architectural design for models used in BG forecasting

Algorithm 5.2 illustrates the DCRNet algorithm we implemented for BG forecasting. The
proposed DCRNet uses insulin, meal CHO intake, and CGM readings as inputs to ensure a
fair comparison with existing models. The recent six samples of CGM readings are used to
forecast BG. First, the input sequence is normalized using Min-Max normalization to

enhance training stability.

Algorithm 5.2 Our implemented DCRNet
Input:

Input sequence Xy.,
Output:
Forecasted BG value ¥,

Initialize training data X,
Calculate normalized input:
Compute X_min,., and X_max,., for input features
X1 — (X1 — X_ming,) / (X_maxy, — X_miny,)

Layer 1 = Dilated Conv1D (X}, filters=8, r = 1)
Layer 2 = Dilated Conv1D (Layer 1, filters=16, 1 =2)
Layer 3 = Dilated Conv1D (Layer 2, filters=32, r =4)
L., = LSTM (Layer 3, cells=64)
Dense 1 = Dense (L1, units=128)

: Drop 1 = Dropout (Dense 1, rate=0.30)

: Dense 2 = Dense (Drop 1, units=64)

: Drop 2 = Dropout (Dense 2, rate=0.30)

: ¥, = Dense (Drop 2, units=1) // Final regression output

: Compute Loss = MSE (¥, y¢)

. Apply Adam Optimizer to minimize Loss

. Update network weights via backpropagation

: Return ¥,

WXL R

—_ —
—_ O

—_— = = = =
~N N L bW

In the first step, the input sequence is normalized to improve training stability using Min-
Max normalization. The normalized data is then fed into 3 Dilated Conv1D layers with 8,
16, and 32 filters and dilation rates of 1, 2, and 4, respectively, to learn multi-scale temporal

features. These learned features are then fed into an LSTM layer with 64 memory cells
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designed to capture the long-term temporal relationships in the glucose sequence. The
LSTM output is flattened and fed into two FC layers with 128 and 64 neurons, respectively,
with 30% dropout after each dense layer to prevent overfitting. Lastly, there is a single-
neuron output layer with a linear activation function that predicts the next BG reading. It is
trained with the MSE loss function and the Adam optimizer, which helps the model learn

efficiently and make accurate BG predictions.

In addition to the DCRNet, MLR, RF, DT, XGBoost, AdaBoost, FCN, CNN, DCNN,
Simple RNN, and LSTM are implemented to enable better performance analysis. The
corresponding hyperparameter configurations of the implemented models are provided in
Table 5.2. No specific hyperparameter adjustment is necessary for the MLR model. The
Gini index serves as the splitting criterion for the DT to assess the quality of the partition.
Ten estimators and the Gini index are utilized for split evaluation in the RF model. To
provide more precise and stable learning, XGBoost is configured with 100 estimators and a
lower learning rate of 0.1, whereas the AdaBoost model uses a learning rate of 1 with 50

estimators.

The learning rate is a hyperparameter that controls the magnitude of parameter updates
(weights) during each training iteration. It determines the step size used during the
minimization of the loss function. The learning rate controls the trade-off between

convergence speed and model accuracy. For all DL models, 0.001 is used as a learning rate.

Table 5.2: Hyperparameter configurations for MLR, RF, DT, XGBoost and AdaBoost

Hyperparameter Models
MLR DT RF AdaBoost XGBoost
Gini index used - Yes Yes - -
Learning rate - - - 1 0.1
Estimators - - 10 50 100

Table 5.3 shows the layer-wise configuration of the FCN. It contains the layer name, the
number of neurons (), and the number of learnable parameters for each layer. The FCN
takes in a sequence of 6-time steps and 3 features, and is initially trained with a dense layer
of 10 neurons to represent the nonlinear transformation of the input features. Five more

dense layers follow, each with 10 neurons, progressively extracting higher-level feature
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representations. To avoid overfitting and increase the model's generalisation capability,
dropout layers are alternatively placed after every 20% and 30% of the dense layer neurons.
Finally, a single-neuron output layer with a linear activation function yields the predicted
BG value. The total number of trainable parameters in the complete FCN architecture is

631, making it lightweight and computationally efficient.
Table 5.3: FCN architecture with layer-wise detailed configuration

Implementation of FCN

Layer Neurons Learnable parameters
Dense 1 Time step: 6, neurons: 10 70
Drop Out 1 20% -
Dense 2 10 110
Drop Out 2 30% -
Dense 3 10 110
Drop Out 3 20% -
Dense 4 10 110
Drop Out 4 30% -
Dense 5 10 110
Drop Out 5 20% -
Dense 6 10 110
Drop Out 6 30% -
Output 1 11
Total 631

Table 5.4 shows the layer-wise configuration of the CNN and the Simple RNN. It contains
the layer name, number of filters (f), kernel size (k), input features (i), number of cells (c),
number of neurons (n), and the number of learnable parameters for each layer. The CNN
model consists of two Conv1D layers with 6 and 16 filters, respectively, and Max Pooling
layers to reduce the number of features and computational complexity. An FCN with 128
and 64 neurons is used to extract features, which are then passed through a dropout layer to
mitigate overfitting; the dropout rate is set to 30% after each dense layer. Finally, the output

layer, consisting of a single neuron, predicts the BG level. This architecture has 10,747
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learnable parameters. The Simple RNN model consists of two recurrent networks with 64
and 32 units, respectively, to capture temporal relationships in BG sequences. Learned
features are passed through two dense layers, each with 16 and 8 neurons, respectively, with
20 % dropout after each layer. The model has 8,129 learnable parameters. The computation

of learnable parameters in a Simple RNN layer is:

Parameters of RNN layer = ((¢ + i) X 0) + b, (5.25)

Where, ¢ =hidden cell, i = number of input features, and o = output of hidden cell.

Table 5.4: Layer-wise detailed configuration of CNN and Simple RNN architecture

Implementation of CNN and Simple RNN

CNN Simple RNN
Output | Learnable Output | Learnable
Layer flkliln Layer c/il n
shape | Parameters shape | Parameters
f: 65
Convolution Recurrent c =064,
k=2, (6,6) 42 (6,64) 4352
1 1 i=3
i=3
Max
Pooling ) Recurrent ¢ =32,
pooling, 3,6) 0 32 3104
layer 1 . 2 i =64
size: 2
f: 16’
Convolution Dense
k=2, (3,16) 208 n=16 16 528
2 layer 1
i=6
Max
Pooling
pooling, (1,16) 0 Drop out 20% 16 0
layer 2
size: 2
Dense layer Dense
n=128 128 2176 n=38§ 8 136
1 layer 2
Drop out 30% - - Drop out 20% 8 0
Dense layer
5 n =64 64 8256 Output n=1 1 9
Drop out 30% - 0 - - - -
Output n=1 1 65 - - - -
Total 10,747 Total 8,129
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Table 5.5: Layer-wise detailed configuration of DCNN and LSTM architecture

Implementation of DCNN and LSTM

DCNN LSTM
flkli/n/ | Output | Learnable Output | Learnable
Layer Layer ciln
r shape | Parameters shape | Parameters
= 8’
Convolution k=2, c=064,
(6, 8) 56 LSTM 1 (6, 64) 17408
1 i=3, i=3
r=1
f= 169
Convolution k=2, c=32,
(6, 16) 272 LSTM 2 (6, 32) 12416
2 i=8, i=64
r=2
f: 32’
Convolution k=2, c=16,
(6, 32) 1056 LSTM 3 16 3136
3 i =16, i=32
r=2
Dense Dense
n=128 128 24704 n =64 64 1088
layer 1 layer 1
Drop
Drop out 30% - - 20% - -
out
Dense Dense
n =64 64 8256 n=32 32 2080
layer 2 layer 2
Drop
Drop out 30% - - 20% - -
out
Dense
Output n=1 1 65 n=16 16 528
layer 3
Dro
- - - - P 20% - -
out
- - - - Output n=1 1 17
Total 34,409 Total 36,673

Table 5.5 shows the layer-wise detailed configuration of DCNN and LSTM. The DCNN is
composed of three dilated Conv1D layers, with 8, 16, and 32 filters, a kernel size of 2, and
dilated rates of 1, 2, and 4, respectively, to extract multi-scale temporal features from the
input sequence. The extracted features are fed into two dense layers with 128 and 64

neurons, respectively, and 30% dropout is applied after each layer. The DCNN has 34,409
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learnable parameters. The LSTM model consists of three stacked LSTM layers, each having
16, 32, and 64 memory units, which can represent both short-term and long-term temporal
dependencies in the input sequence. The learned features are passed through three dense
layers with 64, 32, and 16 neurons, respectively, and 20% dropout after each layer for better
generalisation. The LSTM architecture has 36,673 learnable parameters. Table 5.6 shows
the layer-wise detailed configuration of DCRNet and learnable parameters. In all
implementations, the Adam optimizer is utilized, and ReLU is used as the activation
function. The input dimension and the number of hidden units determine the number of
learnable parameters in an LSTM layer. Due to four gating mechanisms, the parameter count
is four times that of a standard recurrent layer, enabling the model to capture long-term

temporal dependencies effectively.
Table 5.6: Layer-wise detailed configuration of DCRNet architecture

Implementation of DCRNet

DCRNet
Layer flkliln/c/r Output shape | Learnable Parameters
Convolution 1 =8, k=2,i=3,r=1 (6, 8) 56
Convolution 2 f=16,k=2,i=8,r=2 (6, 16) 272
Convolution 3 f=32,k=2,i=16,r=2 (6, 32) 1,056
LSTM c=64,i=32 (6, 64) 24,832
Dense layer 1 n=128 128 49,280
Drop out 30% - -
Dense layer 2 n==64 64 8,256
Drop out 30% - -
Output n=1 1 65
Total 83,817

The computation of learnable parameters in a LSTM layer is:
Learnable parameters of LSTM layer = 4[((c + i) X 0) + by] (5.26)
Where, ¢ = hidden cell, i = number of input features, by = bias, and o = output of hidden

cell.
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Figure 5.5 illustrates the layer-wise architecture of the DCRNet for BG forecasting,
including the input-output shapes, dilation rates, filter sizes, activation functions, numbers

of neurons, and dropout rates.
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Figure 5.5: Layer-wise architecture of the DCRNet
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5.8 Evaluation metrics
5.8.1 Root Mean Square Error

RMSE measures the difference between the actual and predicted BG values. RMSE is

computed using Equation 3.3 [53].

5.8.2 Mean Absolute Error

The mean of the absolute errors between the predicted and actual observed outputs is
measured by the Mean Absolute Error (MAE) metric. MAE is calculated using Equation
5.27 [33],

m
1 _
MAE = EkleF" — T (5.27)

where, Fj, = Targeted output, F, = Predicted output, m = Total prediction samples.

5.9 Performance evaluation of BG forecasting models on virtual dataset
of UVA/Padova T1DM simulator

Table 5.7 shows the prediction performance of the proposed DCRNet models, along with
conventional ML and DL models, at PHs of 15, 30, and 60 minutes, measured by RMSE
(mg/dL) and MAE (mg/dL) on the virtual dataset. The reported metrics are calculated on

the full test set to assess each model's general forecasting ability.

For the 15-minute PH, MLR has the best predictive capability, with an RMSE of 3.06 mg/dL
and an MAE of 1.57 mg/dL, whereas AdaBoost has the highest prediction error, with an
RMSE of 11.09 mg/dL and an MAE of 9.85 mg/dL. LSTM (RMSE: 7.37 mg/dL, MAE:
5.44 mg/dL) outperforms CNN and Simple RNN by better learning the temporal
dependency of glucose sequences. The RMSE of 2.87 mg/dL and MAE of 2.11 mg/dL from
the DCNN demonstrate its best performance among all existing models, with its dilated
convolutions enabling it to learn multi-scale temporal features. The proposed DCRNet
achieves an RMSE of 3.42 mg/dL and an MAE of 2.11 mg/dL, which are similar to those
of DCNN and MLR. Though DCRNet is less effective than DCNN at this short prediction
time, it offers better feature representation through its hybrid architecture and remains

competitive in prediction accuracy.
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Prediction errors from conventional ML models increase with the forecasting horizon for
the 30-minute PH. The RMSE for MLR is 6.24 mg/dL, which is lower than that of other
models. XGBoost, RF, and DT record RMSE values of 6.95 mg/dL, 7.16 mg/dL, and 8.19
mg/dL, respectively, which are higher than MLR. In terms of stand-alone DL models, the
LSTM model (RMSE: 7.76 mg/dL, MAE: 5.29 mg/dL) is more effective than CNN (RMSE:
8.36 mg/dL) and Simple RNN (RMSE: 8.87 mg/dL), as it has a better ability to learn long-
term temporal dynamics. The best stand-alone performance is still achieved by DCNN, with
an RMSE of 5.54 mg/dL and an MAE of 3.19 mg/dL. The proposed DCRNet achieves an
RMSE of 6.45 mg/dL and an MAE of 4.47 mg/dL, which are slightly higher than those of
DCNN.

Table 5.7: Comparative performance analysis of BG forecasting models using in-silico subjects

Metrics
Model RMSE = MAE RMSE MAE RMSE MAE
(mg/dL) (mgdl)| (mgar) | ™AL 1 oqpy | (ML)
PH=15 minutes PH=30 minutes PH=60 minutes
MLR 3.06 1.57 6.24 401 17.55 12.25
DT 439 2.12 8.19 4.86 215 12.59
RF 3.84 176 7.16 426 19.19 11.29
AdaBoost 11.09 | 9585 17.19 15.74 31.05 27.07
XGBoost 4.07 2.72 6.95 4.64 18.11 12.93
FCN 1029 | 7.93 11.00 7.8 20.14 12.8
CNN 9.82 7.04 8.36 534 17.88 10.73
Simple RNN | 7.25 6.21 8.87 6.77 2327 17.24
LSTM 737 5.63 7.76 5.29 17.56 11.15
DCNN 2.87 2.11 5.54 3.19 17.88 11.72
( :))r ﬁ;lj:;) 3.42 211 6.45 4.47 17.73 11.78

The performance difference between models becomes even more noticeable at the 60-
minute PH. The RMSE measures prediction error, with a lower value indicating better
performance. The prediction error has been measured using RMSE, with the lowest value
for MLR at 17.55 mg/dL and the highest for AdaBoost at 31.05 mg/dL. However, the
performance of FCN (RMSE: 20.14 mg/dL) and Simple RNN (RMSE: 23.27 mg/dL) drops
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sharply as PH increases. In contrast, LSTM exhibits stable long-term forecasting
performance, with an RMSE of 17.56 mg/dL and an MAE of 11.15 mg/dL, indicating
effective memory-based sequence learning. The results for DCNN are RMSE 17.88mg/dL
and MAE 11.72mg/dL, which demonstrate that spatial feature extraction alone is
insufficient to capture long-term glucose dynamics. The proposed DCRNet achieves an
RMSE of 17.73 mg/dL and an MAE of 11.78 mg/dL, indicating that it performs slightly
better than the best standalone DL models and maintains the same performance across all

PHs.

The results of the three DL architectures suggest that the LSTM model is successful in
modelling long-term temporal dependence. In contrast, the other two models are less
efficient at extracting local patterns of glucose variation. Due to the use of dilated
convolutions, DCNN can learn local and multi-scale temporal features, yielding the smallest
prediction errors at short and medium PHs. DCRNet fuses the benefits of both architectures,
learning local temporal properties and learning long-term sequential properties
simultaneously. Although the errors of DCNN are slightly lower than at the 15-minute PH,
and the RMSE of LSTM is marginally better than DCNN at the 60-minute PH (17.56 mg/dL
vs. 17.73 mg/dL), DCRNet provides consistent performance across all three PHs.

5.10 Performance evaluation of BG forecasting models on OhioT1DM
real subjects’ dataset

The prediction accuracy of conventional ML, DL, and the proposed DCRNet models for the
OhioT1DM dataset is shown in Table 5.8, for PHs of 15, 30, and 60 minutes. To obtain
subject-independent evaluation, all training samples from the 12 subjects were pooled to
form a new training set, and the corresponding test samples were pooled to form a new test
set. This evaluation strategy provides a more valid measure of the model's generalisation

across a wide range of people.

Conventional ML models exhibit moderate predictive performance for 15-minute PH. The
RMSE values obtained by MLR and RF are 13.10 and 18.64 mg/dL, respectively, while the
RMSE value obtained by DT is 18.64 mg/dL. The ensemble models do not perform as well
as the other models, with AdaBoost achieving the highest RMSE of 32.05 mg/dL,
suggesting that the model is less effective at predicting BG levels. The standalone DL
models perform best, with an RMSE of 12.80 mg/dL and an MAE of 8.13 mg/dL for the
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DCNN model, whereas the LSTM model shows comparatively higher prediction errors. The
proposed DCRNet achieves the lowest RMSE of 12.57 mg/dL and MAE of 7.90 mg/dL,
thereby further enhancing prediction accuracy. The improvement over DCNN is small but
shows that combining dilated convolution with LSTM enables better learning of local
glucose changes and temporal dependencies, resulting in improved short-term forecasting

performance.

Table 5.8: Comparative performance analysis of BG forecasting models using the OhioT1DM dataset

Metrics
Model RMSE MAE RMSE MAE RMSE MAE
(mg/dL) | (mg/dL) (mg/dL) (mg/dL) (mg/dL) (mg/dL)
PH=15 minutes PH=30 minutes PH=60 minutes
MLR 13.1 8.42 22.19 15.60 35.84 27.03
DT 18.64 11.68 31.14 21.33 49.31 36.25
RF 13.1 8.3 21.82 15.11 35.51 26.36
AdaBoost 32.05 24.85 37.5 29.71 44.75 36.08
XGBoost 13.38 8.72 22.24 15.7 35.36 26.53
FC 26.07 19.80 36.56 26.91 37.49 28.56
CNN 38.94 37.77 33.22 25.85 40.08 31.59
Simple RNN 16.6 11.94 23.6 16.88 40.16 29.87
LSTM 14.17 9.50 21.21 14.46 35.6 26.31
DCNN 12.80 8.13 20.83 14.28 34.30 25.36
(35:(2::1) 12.57 7.9 20.72 14.13 34.41 25.50

A longer forecasting interval increases prediction errors across all models for the 30-minute
PH. The LSTM model with a standalone recurrent architecture achieves an RMSE of 21.21
mg/dL and an MAE of 14.46 mg/dL, surpassing the Simple RNN, which achieves an RMSE
0f23.60 mg/dL and an MAE of 16.88 mg/dL. The superior performance of LSTM indicates
its effectiveness in modelling the long-term temporal dependencies in glucose time-series
data. Despite the promising results, the DCNN, with an RMSE of 20.83 mg/dL and an MAE
of 14.28 mg/dL, still achieves a high level of prediction accuracy. As a result, the proposed
DCRNet achieves the highest overall performance, with an RMSE of 20.72 mg/dL and an
MAE of 14.13 mg/dL, outperforming all conventional ML and standalone DL models.
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These findings demonstrate the efficacy of the hybrid architecture in capturing both glucose

dynamics and long-term trends, thereby enhancing medium-term prediction accuracy.

The difficulty of prediction increases substantially for a 60-minute PH, and the performance
of most conventional ML and DL models also drops substantially. Compared with
conventional methods, standalone DL methods exhibit noticeable degradation, while the
other methods (MLR, RF, DT, AdaBoost, and XGBoost) show significant prediction error.
FC, CNN, Simple RNN, and LSTM achieve RMSE values of 37.49, 40.08, 40.16, and 35.60
mg/dL, respectively, with corresponding MAE values of 28.56, 31.59, 29.87, and 26.31
mg/dL. Although LSTM is more accurate than other standalone recurrent architectures at
maintaining long-term temporal information, it remains less accurate than DCNN and
DCRNet. The proposed DCRNet outperforms DCNN in terms of RMSE (25.50 mg/dL) and
MAE (25.36 mg/dL), with differences of only 0.11 mg/dL and 0.14 mg/dL, respectively.
The small difference indicates that the proposed hybrid model maintains prediction accuracy

comparable to the best standalone model while remaining stable across forecasting horizons.

The three DL architectures are clearly complementary, as seen in their comparison. LSTM
is well-suited to model long-term temporal dependencies; however, it is relatively
ineffective at modelling local glucose variation patterns, leading to higher prediction errors,
especially at shorter PHs. The use of dilated convolutions is effective at capturing local and
multi-scale temporal features and works well across all three PHs, while also being
implemented efficiently by DCNN. DCRNet combines the merits of DCNN and LSTM,
learning discriminative local features and long-term sequential dependencies
simultaneously. As a result, DCRNet achieves the best performance at 15-minute and 30-
minute prediction time horizons and is very competitive at 60-minute, with a small margin

over DCNN.

More impressively, the proposed hybrid architecture consistently outperforms the
standalone LSTM in BG prediction error across all PHs on the real OhioT1DM dataset,
demonstrating that incorporating DCNN feature extraction with recurrent temporal
modelling significantly enhances BG forecasting in an end-to-end fashion, without requiring
retraining across different PHs. This real-world dataset showed that the learned DCRNet
could generalise well across subjects, extracting essential physiological and temporal
glucose patterns, thereby making it a good candidate for practical continuous BG prediction

applications. DCRNet facilitates predicting BG levels in individuals with T1D, enabling
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timely interventions to regulate glucose and prevent complications associated with

hyperglycaemia and hypoglycaemia.

The proposed DCRNet was trained and validated by two independent experiments. The
model was trained and evaluated on the UVA/Padova simulator dataset for the first
experiment, and the OhioT1DM real-world dataset for the second experiment. Therefore,
the model is not a transfer learning model trained on simulated data and applied to clinical
data. This comparison of results from the two datasets demonstrates the robustness of the
proposed architecture in both controlled simulations and real clinical cases. Compared to
simulated data, the glucose-insulin dynamics are more complex in the real world, as
reflected in the OhioT1DM dataset, and this likely explains the relatively higher prediction
error, which is attributable to physiological variability, sensor noise, missing measurements,

more irregular daily activities, and patient-specific behavioural differences.

5.11 Clarke Error Grid Analysis for DCRNet

Multiple ML and DL models are tested in this study, including MLR, DT, RF, XGBoost,
AdaBoost, FCN, CNN, and Simple RNN. However, only LSTM, DCNN, and the proposed
DCRNet model are analysed using CEGA. The best overall forecasting performance, in
terms of RMSE and MAE, across all PHs (15, 30, and 60 minutes) is obtained with these
three architectures. However, these results do not provide the clinical applicability and
safety of these models. CEGA assesses the clinical accuracy and safety of a prediction. It is
used on the best models to determine whether they are clinically acceptable for insulin dose

decisions.

Figure 5.6 illustrates the CEGA results of LSTM, DCNN, and DCRNet for PHs 15, 30 and
60 minutes. It can be seen that for the 15-minute PH, all three models are highly clinically
accurate, with the majority of prediction points in Zone A. All models make almost all
predictions within the clinically acceptable Zones A and B: 97.22% in Zone A and 2.36%
in Zone B for DCRNet; 97.32% in Zone A and 2.27% in Zone B; 95.37% in Zone A and
4.05% in Zone B. DCRNet performed almost as well as DCNN, and much better than LSTM.

For PH 30-minute forecasting, it becomes more difficult, so the percentages in Zone A
decreased across all models. The best precision is obtained by the proposed DCRNet, which
yielded 88.97% predictions in Zone A and 9.34% in Zone B. Compared to these, DCNN
recorded an 88.55% accuracy in Zone A and 9.49% in Zone B, while LSTM recorded a
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higher drop with 82.57% in Zone A and 14.50% in Zone B. These results show that DCRNet

maintains clinically accurate predictions, outperforming LSTM and performing slightly

better than the standalone DCNN.
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Prediction uncertainty increased further for the 60-minute PH, leading to additional

decreases in Zone A's accuracy. However, the proposed DCRNet still outperforms LSTM

and is competitive with DCNN, achieving 67.55% accuracy in Zone A and 30.24% in Zone
B. For DCNN, the percentages are 69.55% and 26.30%; for LSTM, they are 66.01% and
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31.41%. It is noteworthy that at all three PHs, virtually all prediction points (97% of
predictions) fell within the clinically acceptable Zones A and B, and a small number of
points fell within the clinically undesirable Zones C, D and E. It shows that the proposed
DCRNet consistently produces clinically reliable glucose predictions suitable for insulin
therapy support, and it has been proven to be an effective fusion of the temporal learning

capability of LSTM with the local feature extraction ability of dilated convolutional layers.

5.12 Comparative analysis of DCRNet with existing models

Table 5.9 presents a comparative analysis of the DCRNet architecture against existing
models for PHs at 15, 30, and 60 minutes, evaluated using RMSE (mg/dL) and MAE
(mg/dL). To ensure a fair comparison, only studies that use 6 or 12 subjects from the
OhioT1DM dataset and report results for 30- and 60-minute PHs are considered. The given
approach is significantly more effective than state-of-the-art models, especially for

predicting glucose levels for the short PH.

Table 5.9: Comparison of proposed DCRNet architecture and existing models for 15, 30 and 60 minutes
PH

Input feature No. of

Research works PH=15 PH=30 PH=60

used subjects
RMSE | MAE | RMSE | MAE | RMSE | MAE
Dudukchu et al.
2021 [54] CGM 12 - - 21.9 15.86 | 35.10 -
Dudukchu et al.
2021 [55] CGM 12 - - 2154 | 1539 - ]
Cioppa et al. CGM, insulin
2023 [67] CHO intake 6 - - 2134 - - -
Giancotti et al.
2024 [60] CGM 6 - - 20.48 14.59 | 34.16 | 25.54
Nemat et al.
2024 [72] CGM 12 20.21 14.36 | 34.66 | 25.89
Nemat et al CGM, insulin
2024 [72] CHO intake, 12 - - 2076 | 14.56 | 3485 | 25.60
Physical activity
Proposed CGM, insulin
DCRNet CHO intake 12 12.57 7.9 20.72 | 14.13 | 3441 | 25.50

The proposed architecture demonstrates the ability to capture rapid glucose changes with
impressively low error (RMSE=12.57 mg/dL, MAE=7.90 mg/dL) at a PH of 15 minutes,

unlike previous research, which reported no results. Furthermore, for a 30-minute PH, the
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proposed DCRNet achieves the lowest MAE (14.13 mg/dL) and a competitive RMSE
(20.72 mg/dL), indicating improved short-term forecasting accuracy and enhanced overall

predictive performance.

The decreases in RMSE and MAE are noteworthy compared with those reported by
Dudukchu et al. [54] and Cioppa et al. [67]. Additionally, the performance is still in line
with the best values reported by Nemat et al. [72] and Giancotti et al. [60]. The proposed
architecture performs comparably to or slightly improves upon state-of-the-art approaches,
suggesting steady, long-term predictive capability, and the discrepancies between the

models at the 60-minute PH are negligible.

The study demonstrates that DCRNet maintains computational efficiency while
outperforming recent hybrid models. The comparison highlights how effectively dilated
convolutional layers capture features at multiple scales. It explains how LSTM is important
for modelling long-term glucose patterns, as it improves performance across a range of PHs.
These results demonstrate the proposed architecture's clinical usefulness and resilience in
predicting BG. In conclusion, DCRNet can accurately predict BG for 15-, 30-, and 60-
minute PHs in both virtual and real individuals. This facilitates the application of DCRNet

in real-world settings where accurate forecasting of proactive diabetes treatment is required.

5.13 Statistical Analysis of proposed model and baseline and Its
Significant Implications

For the 60-min PH, a statistical analysis comparing the baseline and the proposed DCRNet
is performed (Table 5.10). The comparison verifies the model's performance by identifying
computational challenges and the clinical use of BG forecasting models. The time a trained
model takes to generate a response (prediction) to a given input sample is called inference
latency. It represents the model's effectiveness in real-time and is commonly expressed in
milliseconds. The model's bias is indicated by the mean prediction error, which is the
average difference between the actual and predicted values. The t-statistic shows how far
the sample results deviate from the "null hypothesis". The p-value shows the likelihood of
obtaining the observed results assuming the null hypothesis is true. A low p-value (usually

< 0.05) indicates that the outcome is statistically significant and not due to chance.

Except for DT (p>0.005), all implemented models had p < 0.001. The proposed DCRNet

demonstrates computational efficiency and statistical robustness with an inference latency
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0f 0.054 £ 0.004 s, mean prediction error of 1.87 mg/dL (t = 9.694, p < 0.001), and 83,817
trainable parameters. Confidence tests revealed that DCRNet maintains a small but
consistent variance (< 2 mg/dL), which is statistically visible but clinically inconsequential,
whereas most baseline models showed considerable bias. CL insulin delivery's minimal
latency (<0.02% of the 5-min sampling window) and low processing requirements validate

its practicality for real-time operation.

Table 5.10: Comparative statistical analysis of the proposed and baseline models for 60-minute PH,
emphasizing inference latency, mean prediction error, results of significance tests (t-statistic and p-

value), and learnable parameters

Mean
Models Learnable
Inference (s) prediction p-value t-statistic
parameters
error (mg/dL)
MLR 0.0001 £ 0.00002 0.86 <0.001 4.372 19
DT 0.0007 + 0.0002 0.43 >0.05 1.57 9,85,271
RF 0.0041 +0.0004 0.73 <0.001 3.643 3,50,45,656
AdaBoost 0.0036 + 0.0006 15.576 <0.001 66.132 750
XGBoost 0.0004 +0.0001 1.08 <0.001 5.454 1600
FCN 0.048 £0.003 9.43 <0.001 46.319 631
CNN 0.32 +0.06 23.36 <0.001 110.270 10,747
Simple RNN 0.3+0.04 23.64 <0.001 114.12 8,129
LSTM 0.3+0.05 14.29 <0.001 68.903 36,673
DCNN 0.049 £ 0.007 2.435 <0.001 12.675 34,409
DCRNet
0.054 £+ 0.004 1.87 <0.001 9.694 83,817
(proposed)

Furthermore, the model's convolutional and recurrent design inherently lowers the impact
of transient sensor noise, and its sequence-based training makes it easier to adjust to patient-
specific glucose dynamics. Besides statistically significant accuracy, these characteristics
indicate that DCRNet is clinically and practically ready for implementation in wearable or
embedded insulin administration systems. Deployment-wise, the DCRNet model offers a
reasonable trade-off between accuracy and computational performance and can be used in
CGM systems for real-time and embedded applications. The number of learnable

parameters in the proposed DCRNet is relatively small at 83,817, compared to many modern
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deep learning models. The lightweight ConvlD and LSTM layers are used to build a
compact architecture that consumes less memory and computational overhead while
maintaining accuracy. The offline training phase for DCRNet is time-consuming but only
performed during model development. After that, only the inference stage is performed in
real-time operation, which has much lower computational and memory requirements.
Hence, the proposed DCRNet can be considered as a convenient and efficient algorithm for
real-time blood glucose prediction. The proposed approach can forecast BG in real time and
can be used in wearable or embedded devices, as it predicts each test sample in milliseconds
during inference. These characteristics indicate that the proposed model can be implemented
in practice on low-power hardware platforms used in CGM and CL insulin administration

devices.

When it comes to missing sensor data, the proposed CGM system does its best to minimize
its impact during BG measurement. The non-invasive device continuously collects the BG
Data, and then a 1-minute average of the sensor data is calculated and fed to the proposed
distributed architecture for BG estimation. This averaging process helps mitigate the effects
of occasional missing or noisy sensor measurements, leading to a more consistent estimate
of BG. The missing sensor data is therefore effectively addressed before the forecasting
stage and has a negligible effect on the performance of the DCRNet, since the estimated
current BG value is continuously fed into the DCRNet for BG forecasting. In addition,
prediction accuracy can be further improved by incorporating periodic retraining or transfer
learning across different physiological conditions. These aspects will be studied in future to

improve the practicality of the proposed system.

5.14 Summary

The proposed DCRNet can accurately forecast both short- and long-term BG levels from
CHO, glucose, and insulin data. By combining a DCNN for local feature extraction and an
LSTM for capturing long-term temporal dependencies, the model balances short-term
responsiveness with long-term stability, yielding higher predictive accuracy than current
techniques. These results indicate that it can increase real-time glucose management and
tailored therapies. Among those that are yet to be resolved is a generalization across a wide
range of physiological conditions and demographics. However, challenges remain in
ensuring robust generalization across diverse physiological conditions and patient

populations. Further, DCRNet will be validated on larger, more heterogeneous datasets,

92



Summary

optimizing the architecture for real-time use, enabling low-cost computing through
hardware-efficient implementations, and developing adaptive personalization techniques in

future studies.

93



Introduction

Chapter 6
Proposed intermittent insulin bolus therapy for

T1D patients

6.1 Introduction

Effective glycaemic control remains an important part of the treatment of T1D, but it is still
hard to obtain optimal control without elevating the risk of hypoglycaemia. Our research
presents a new Intermittent Insulin Bolus (IIB) therapy that uses advanced DL to make
proactive decisions. This component is the most innovative part of our proposed CGM
system. The main part of this method is the DCRNet, a specially designed Deep
Convolutional Recurrent Neural Network that predicts future BG levels. The approach
calculates insulin doses based on forecasted BG values rather than current BG. The
proposed therapy is assessed for clinical efficacy using evaluation metrics such as Time
Above Range (TAR), Time Below Range (TBR), and Time in Range (TIR). Furthermore,
the safety and stability of the control logic are evaluated using specialized risk indices and
the Control-Variability Grid Analysis (CVGA) to maintain a balanced approach between

patient safety and aggressive glucose correction.

6.2 Forecast -based Insulin bolus calculation

The current glucose measurement (G/) is used in the traditional insulin dosage algorithm to
calculate the bolus insulin. Equation 6.1 is used to determine the bolus insulin for mealtime

(Bls) using current glucose value [81].

CHO G,—G
il T

Bls =% CF

(6.1)

where CHO stands for the meal's carbohydrate content in grams (g), CR in gram/Unit (g/U)
and CF in mg/dL per Unit (mg/dL/U) stand for the insulin-to- carbohydrate ratio and
Correction Factor, respectively. CR and CF are the individuals’ specific characteristics, and
usually, doctors use a trial-and-error approach to adjust these two factors. The target BG

level is shown by G (mg/dL), while the current BG level is indicated by G, (mg/dL).
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Reactive control often leads to postprandial hyperglycaemia or hypoglycaemia due to the
inherent delay between insulin delivery and its peak metabolic effect, which typically occurs
45-75 minutes later. To minimize this delay, the proposed method substitutes the current
glucose value in the insulin dosing formula with a 60-minute-ahead forecast of the glucose
level. This approach enables prediction of glucose levels that coincide with peak insulin
activity, facilitating anticipatory control. The future BG concentration predicted using
DCRNet for 60-minute PH is used to calculate the insulin dose in the proposed IIB therapy.
The forecasting model with shorter PHs can also be utilised in the proposed therapy to
increase prediction accuracy, but this reduces the insulin intervention time. There is always
a trade-off between prediction accuracy and PHs. However, as per glucose-insulin
dynamics, a 60-minute PH is best suited for the proposed therapy. Equation 6.2 presents our

proposed formula for calculating insulin boluses (MBI).

CHO BG -G
4 2hereo T

6.2
CR CF (6.2)

MBI =

Where, BG, o represents output of forecasting model for PH=60 minutes.

The DCRNet was extensively tested on simulated and real data to improve safety prior to
implementation in the therapeutic framework. However, sometimes prediction errors can
lead to mis recommendation of insulin. So, the proposed therapy is a decision support tool
and has only been tested in the UVA/Padova simulator. However, in real clinical use,
additional safety features should be added, including prediction-confidence assessment, a
dose constraint, and confirmation by the current CGM measurement prior to insulin

delivery, to reduce the risk of unintended insulin dosing.

6.3 Simulation framework for IIB therapy and experimental design

A multi-factorial simulation environment is created to analyse the effectiveness and strength
of the proposed forecast-based IIB therapy. The US Food and Drug Administration (FDA)-
approved T1DM simulator is used in this research and involves 10 virtual adults. To
precisely evaluate the proposed therapy under varied physiological demands and
behavioural uncertainties, subjects are tested across combinations of CHO amounts and
insulin-injection scenarios. A continuous period of 7 days is used in each simulation

trajectory to capture both intra-day variability and inter-day glycaemic stability.
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6.3.1 Mathematical Modelling of the Scenario Space

To make the experiment reproducible and specify it unambiguously, the simulation setup is
represented as a discrete, multi-dimensional state space. The experiment can be
characterized by the following tuple: (V, C, S, €) where the elements refer to dimensions of

the study.

6.3.1.1 Virtual subject set

The set of individuals that make up the population of virtual adult cohorts in the

UVa/Padova simulator is finite:
V = {vl,vz,vg’ ..........,1710} (63)

6.3.1.2 Main Meal scenarios

Scheduled daily meals: [Breakfast, Lunch, Snack, Dinner] are represented by the meal
vector. M = {M;, My, M3, M,}7, respectively. Each meal scenario's CHO intake is specified
as a vector in grams. The set of all meal scenarios C = {c, ¢,, c3, ¢4} is defined by the

following profiles:
¢ Low CHO (c;): [35,45,10,50]"
e Moderate CHO (c,): [45, 65,15,70]7
e High CHO (c3): [55, 90, 15,90]"
e Very High CHO (c,): [65,100, 20, 100]"

Figure 6.1 illustrate the daily timeline of meal taken during a day.

[08:00] [12:00] [16:00] [20:00]
Breakfast Lunch Snack Dinner
(M) (M>) (M3) (My)

Figure 6.1: Daily timeline of meal taken during a day
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6.3.1.3 Insulin insertion Sub-Scenarios

A control matrix of each sub-scenario is defined to evaluate the impact of insulin insertion

before each meal. Let §,, be the vector for sub-scenario n € {a, b, c, .... j}, defined as:
Sn = [Aty, Aty, Ats, Aty, Mpxera]” (6.4)

Where, At,, € {0, 15, 30, No insulin} indicates the time prior (in minutes) to the meal M,,
at which the bolus is administered and Mg, € {0,20} indicates the CHO intake (in grams)
taken at 22:00 to avoid a hypoglycaemia event at midnight. Table 6.1 illustrates the complete
set of insulin insertion sub-scenarios S,,. Aty, At,, Atz, and At, represents the time of insulin

taken by subjects before breakfast, lunch, snack, and dinner, respectively.

6.3.1.4 Total Scenario Space

The product of the meal scenarios and the timing sub-scenarios is the total set of scenarios
considered for a given subject:

e=CXxS, (6.5)
The total scenario space is 40 because it has 4 meal scenarios and 10 timing sub-scenarios.
In turn, the 10 virtual subjects, with these 40 scenarios applied over the 7 days, yield 2,800

days of simulated clinical data.

Table 6.1: Illustration of different sub scenarios containing insulin insertion time before each meal

Sa Insulin taken time before meal (minutes)
Aty | AL, Aty Aty | Mgyirq
Y 0 0 0 0 0
S» 30 30 30 15 0
Sec 15 15 15 15 0
S 30 30 30 30 0
Se 30 30 30 30 20
Sr 30 30 No insulin 30 0
S 30 30 No insulin 30 20
Sh 30 30 No insulin 15 20
Si 30 15 No insulin 15 20
Sj 15 15 No insulin 15 20

97



Graphical User Interface for Meal Insulin Bolus calculation

6.3.1.5 Algorithm for simulation Setup for Forecast-Based IIB Therapy

To compute the BG trajectories in an orderly manner and assess the efficiency of the
proposed 1B therapy, the simulation is implemented using the nested loop process outlined

in Algorithm 6.1.

Algorithm 6.1 Simulation Setup for Forecast-Based IIB Therapy

Input:
e Set of V virtual subjects (V = 10)
e Set of € main meal scenarios (C = 4)
e Setof §,, timing sub-scenarios (S, = 10)
e Simulation duration, d (d = 7 days)
Output:

7-day BG traces

1: for each subject vin V do
2 for each meal sub-scenario s in S,, do

3 for each timing scenario ¢ in C do

4: Initialize the UVa/Padova simulator for 7 days
5: Select subject v

6: Set meal sizes according to vector ¢

7 Set bolus MBI calculated using equation 6.2
8

: end for
9: end for
10: end for

17: Return 7-day BG traces

6.4 Graphical User Interface for Meal Insulin Bolus calculation

A Graphical User Interface (GUI)- based bolus calculator has been developed to easily
calculate the meal-time insulin bolus using the proposed DCRNet for PH=60 minutes. To
determine the optimal insulin bolus, select a patient and enter the targeted BG level. For a
healthy individual, an ideal target BG level is 110 mg/dL [1], which is why this benchmark
is set. Next, enter six recent BG values along with CHO and insulin (Current Acting Insulin)
values. Current acting insulin (CAl) is the portion of previously administered insulin that
remains effective in the body. In just moments, this intuitive GUI will provide a precise
bolus insulin dose tailored to the selected adult patient, ensuring effective, personalized care.
In this experiment, it is considered that the previously administered insulin is not
functioning in the body. Therefore, CAl is set to zero. Figure 6.2 shows the GUI-based bolus

calculator, which demonstrates how to calculate the meal-time bolus for adult 1 and 8.
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¢ Bolus Calculator with ML Option # Bolus Calculator with ML Option

Select Patient: Adult 1 Select Patient: Adult 8
Target BG(mg/dL): 110 Target BG(mg/dL): 110
Select ML Model: DCRNet Select ML Model: DCRNet
Input Mode: © Single BG & CHO Input Mode: © Single BG & CHO
# 6 Past BG/CHO/Insulin (ML) @ 6 Past BG/CHO/Insulin (ML)
BG: BG:
CHO: CHO:
6 BG values: 123 135 137 130 132 134 6 BGvalues: [125 128 130 133 135 140
6 CHO values: 5000000 6 CHO values: (10000000
6 Insulin values: OOOOOd 6 Insulin values: 000000
Caleulate Bolus Calculate Bolus
Recommended Bolus: 3.0333 units Recommended Bolus: 12.9068 units
(a) (b)

Figure 6.2: Demonstration of GUI for calculating BG forecasting value for (a) Adult 1, and (b) Adult 8

6.5 Evaluation metrics of the proposed IIB therapy

Several glycaemic control metrics commonly used by the diabetes research community are
applied to the proposed IIB therapy. The Following metrics are used to evaluate the
proposed therapy:

6.5.1 Time in Range, Time Below Range and Time Above Range

Together with prediction accuracy measures (e.g., RMSE and MAE), clinical outcome
measures are crucial for assessing the performance of an insulin therapy system. RMSE and
MAE quantify numerical error in predicting BG but do not indicate whether BG remains
within clinically safe limits. Thus, TIR, TAR and TBR [113] are used to evaluate glycaemic
control and the safety of the proposed IIB therapy. These metrics provide a clinically
meaningful assessment by measuring how much time BG stays within, above, or below the
targeted range and are correlated with better diabetes control and lower risk of long-term

complications.

e TIR, defined as 70 < BG < 180 mg/dL (euglycemic range);
e TBR, defined as BG < 70 mg/dL, and

e TAR, defined as BG > 180 mg/dL
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6.5.2 Low BG Index and High BG Index

Additionally, the risk of hypoglycaemia and hyperglycaemia are evaluated using the LBGI
[114] and the HBGI [114], respectively. The following are the steps to compute LBGI and
HBGI.

Step 1: Transform each Glucose (G) reading using following formula:
f(G) = 1.509 X [In G198* — 5.381] if G is measured in mg/dL (6.6)
or
f(G) = 1.509 X [In(18 x G)'98* — 5.381] if G is measured in mmol/L (6.7)
Step 2: Calculate the BG risk value using following formula:
r(G) = 10 X [f(6)]? (6.8)
Step 3: Separate into hypo- and hyperglycaemia components

Low risk component (LBGI):

F(G) = {Or(G), if f(G) <0 6.9)

, otherwise

High risk component (HBGI):

r(G), if f(G)>0

rh(6) = {O, otherwise (6.10)
Step 4: Finally for n set of CGM readings G4, G, ... ... , Gy, compute the LBGI as the average
of 7/ (G) and the HBGI as the average of 74 (G) from these readings:
1 n
LBGI = —Z rl(Gy) ©6.11)
n=
1 n
HBGI = ZZ rh(BG;) 6.12)
i=1

Step 5: After calculating LBGI and HBGI, categorize these values into three levels. Table

6.2 demonstrates the three risk levels for hypoglycaemia and hyperglycaemia event.
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Table 6.2: Risk level for hypoglycaemia and hyperglycaemia event [113]

Risk level Hypoglycaemia Hyperglycaemia
Low LBGI <25 HBGI <4.5
Moderate 25<LBGI<5 4.5 <HBGI <9

High LBGI>5 HBGI> 9

6.5.3 BG Risk Index

BGRI [115], which combines the two contributions into a single risk score, is utilized to
evaluate the overall quality of glycaemic control of suggested medication. For BGRI, follow

the step 1 to 3 mention in 6.5.2. Further, calculates the BGRI as the daily average of the risk

range.
1 M
BGRI = MZ LBGI' + HBGI (6.13)
i=1
Where LBGI; = max[rl(Gli), ....,rl(Gni)] and
HBGI; = max [rh(Gli), ....,rh(Gni)] fordayi; i= 1,2,...,M.

After that, the BGRI value classifies the BG control into three groups. Table 6.3

demonstrates the three risk levels for overall glycaemic control in terms of BGRI.

Table 6.3: Risk level for overall glycaemic control [115]

Risk level overall glycaemic control
Low BGRI <20

Moderate 20 <BGRI <40
High BGRI > 40

6.5.4 Control-Variability grid analysis

A graphic representation of the lowest and maximum glucose levels in a real or virtual
patient group is called a CVGA [116]. CVGA provides an immediate visual and quantitative
insight into the overall quality of glycaemic control across the entire patient population,

whether real or virtual. The CVGA determines whether the trend in control is safe and
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desirable, and whether glucose levels are within the desired range. When assessing the
effectiveness and safety of novel insulin dosing techniques, CVGA is a useful tool. CVGA
is acquired as follows: Within the time period under consideration, a point with an X
coordinate (minimum BG) and a Y coordinate (highest BG) is displayed for each participant
(Figure 6.3). The most effective control is located in the lower-left corner of the X-axis,
where it is inverted as it moves from 110 mg/dL (left) to 50 mg/dL (right). The general plot
is a cloud of points representing multiple aspects of glycaemic control, scattered across the

X-Y plane. To classify subjects, 9 rectangular areas are outlined in Figure 6.3.

400

350
o
=
o 300
E
2
250
= Upper B-zone Lower D
=
E
% 200
=
150 4 3 0 Lower B-zone

110 100 90 80 70 &0 30
Minimum BG [mg/dL]

Figure 6.3: Visualization of control variability grid analysis

CVGA may be noise- and outlier-sensitive, as it depends on the maximum and minimum
values of noisy samples. To mitigate this, it is advised to set the lower bound at 2.5% and
the upper bound at 97.5% of the data distribution. This approach ensures that the Y-X

coordinates correspond to a 95% confidence interval, reducing the impact of outliers.

Table 6.4 presents the Zone-wise details of CVGA, including the minimum and maximum
BG ranges. Zone A, where the lowest BG is between 90 and 110 mg/dL and the highest BG
is between 110 and 180 mg/dL, indicates accurate glucose control. Zone B represents
clinically acceptable control with slight deviations, whereas the Lower B and Upper B zones
show benign deviations toward hypoglycaemia and hyperglycaemia, respectively. Zone C
indicate excessive therapeutic intervention when hyperglycaemia (Lower C) or
hypoglycaemia (Upper C) are overcorrected. Zone D indicate inadequate therapeutic control

due to either hyperglycaemia (Upper D) or hypoglycaemia (Lower D). Lastly, Zone E
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represents impaired glucose regulation, where the greatest clinical risk is indicated by a
minimum BG of less than 70 mg/dL and a maximum BG of more than 300 mg/dL.
Therefore, improved glycaemic control and overall treatment performance are indicated by
a higher percentage of observations in Zones A and B and few or no observations in Zones

C,D, and E.

Table 6.4: Zone-wise details of CVGA, including the minimum and maximum BG ranges [116]

Zone X (Min. BG mg/dL) | Y (Max. BG mg/dL) Interpretation

A 90-110 110-180 Accurate control
Lower B 70-90 110-180 Benign deviation (toward hypoglycaemia)

B 70-90 180 —300 Benign control deviation
Upper B 90-110 180 —300 Benign deviation (toward hyperglycaemia)
Lower C <70 110-180 Overcorrection of hyperglycaemia
Upper C 90-110 > 300 Overcorrection of hypoglycaemia
Lower D <70 180 —300 Failure to treat hypoglycaemia
Upper D 70-90 >300 Failure to treat hyperglycaemia

E <70 >300 Erroneous control

6.6 Performance analysis of IIB therapy using TIR, TBR and TAR

The optimal sub-scenario for adults is determined by conducting additional analysis of S.-S;
to examine the 40 insulin scenarios and their effects on 10 adults. The percentage values for
TIR, TBR, and TAR are provided for all 10 adults, organized by sub-scenario (S.-S;). Next,
the average TIR, TBR, and TAR for each sub-scenario are calculated across all 10 subjects,
and these results are analysed using the mean, median, and IQR for each sub-scenario, as

llustrated in Table 6.5.

The mean provides an evaluation of the metric's centre tendency. It denotes the average
performance of all 10 adults and indicates the expected outcome if the sub-scenarios are
applied to a larger population. A high mean TIR indicates that the sub-scenario is effective
for the group as a whole. The median provides a more robust metric, less affected by
outliers, and reflects the typical adult response under a specific insulin sub-scenario. If the

median significantly differs from the mean, only a few outlier patients are distorting your
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results. The IQR shows the middle 50% of the data. A low IQR indicates that the insulin

scenario yields consistent outcomes for all ten persons.

Table 6.5: Performance evaluation using TIR, TBR and TAR for Proposed IIB Therapy

S TIR (%) TBR (%) TAR (%)

Mean | Median | IQR | Mean | Median | IQR | Mean | Median | IQR
S. | 93.04 93.46 5.32 3.80 0.70 7.53 3.15 2.39 4.36
Sy | 97.24 97.74 4.16 1.92 0.00 3.84 0.84 0.27 1.67
Se | 97.72 98.16 4.09 0.67 0.00 0.00 1.61 0.51 3.38
Sa | 98.66 99.25 0.94 0.95 0.05 0.60 0.39 0.00 0.38
S. | 98.41 99.21 233 0.79 0.05 0.59 0.80 0.00 1.58
Sr | 98.86 99.21 1.93 0.20 0.00 0.03 0.94 0.00 1.79
Sg | 98.50 99.97 2.01 0.01 0.00 0.00 1.49 0.00 2.01
Sn | 97.87 98.58 2.25 0.01 0.00 0.00 2.12 1.39 2.26
Si | 97.60 98.31 3.05 0.17 0.00 0.00 2.23 0.99 3.00
Si | 97.76 98.46 2.83 0.20 0.00 0.00 2.04 0.83 2.69

These findings suggest that S, is associated with less-than-ideal glycaemic control,
characterized by prolonged periods outside the target range. Conversely, S4-S, consistently
outperforms others. Sy and S, have decreased hypoglycaemia with the lowest TBR (mean =
0.01%, median = 0%, and IQR = 0%), whereas Sr has the highest TIR (mean = 98.86%,
median = 99.21%, and IQR = 1.93%). With the lowest TAR (mean = 0.39%, median = 0%,
and IQR = 0.38%), Ss has controlled hyperglycaemia. These results imply that the proposed
intermittent therapy can reduce glycaemic fluctuations while maintaining appropriate

glucose levels, and optimal sub-scenarios are Srand Sg.

6.7 Performance analysis of IIB therapy using LBGI, HBGI and BGRI

The analysis of LBGI, HBGI, and BGRI across 10 sub-scenarios (S,-S;) for 10 adults is
presented in Table 6.6. A higher LBGI indicates a raised risk of hypoglycaemia, while a
higher HBGI indicates a greater risk of hyperglycaemia. Additionally, a higher BGRI

indicates a higher risk of glycaemic control issues.

As shown in Table 6.6, LBGI has the highest Mean and Median for S, (Mean = 1.76, Median
= 1.08), which suggests a greater risk of hypoglycaemia. In contrast, the values for S, (Mean
= (.24, Median = 0.16) and S, (Mean = 0.23, Median = 0.14) are the lowest for LBGI,

implying a better defence against hypoglycaemia. Furthermore, S.-Ss and Sy demonstrate
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significant variability, as indicated by their interquartile ranges (IQRs), while S. and Sg-S;

show less variability, suggesting more consistent responses in these scenarios.

Overall, LBGI remains below 2.5 across all sub-scenarios, indicating a relatively moderate
burden of hypoglycaemia. HBGI results are slightly higher than the LBGI in the S,-S;
subgroup. Specifically, S, has the highest mean HBGI of 2.25 (Median = 2.15), suggesting
a tendency toward hyperglycaemia. In contrast, Sy is associated with better glucose control
and has the lowest risk of hyperglycaemia, with a mean HBGI of 1.08 (Median = 1.07). The
Sg has a mean HBGI of 1.57 (Median = 1.3), and S has a mean of 1.58 (Median = 1.4), both
indicating a lower risk of hyperglycaemia than Su. Overall, values across all sub-scenarios
remain below 4.5, indicating a relatively low burden of hyperglycaemia, although the trend

for HBGI is less pronounced.

Table 6.6: Statistical analysis of IIB therapy using LBGI, HBGI and BGRI

Sn LBGI HBGI BGRI

Mean | Median | IQR | Mean | Median | IQR | Mean | Median | IQR

Sa 1.76 1.08 2.02 2.25 2.15 1.16 14.6 13.92 5.7
AY) 1 0.53 1.69 1.28 1.24 0.82 9.28 9.18 4.51
S 0.75 0.51 0.85 1.6 1.6 1.1 9.21 9.11 3.31
Sa 0.8 0.45 1.1 1.08 1.07 0.7 9.67 9.35 4.94
Se 0.72 0.56 0.7 1.4 1.11 0.76 | 10.54 9.71 3.18
Sy | 046 0.28 0.79 1.27 1.2 0.69 7.49 7.26 2.89
Se 0.23 0.14 0.45 1.57 1.3 0.9 7.48 6.36 3.35
Sh 0.24 0.16 0.46 1.58 1.4 0.73 9.22 8.52 3.61
Si 0.35 0.29 0.61 1.6 1.61 0.62 9.52 8.89 4.84
S 0.4 0.34 0.71 1.64 1.69 0.57 9.68 8.84 5.01

The analysis of BGRI across the S,-S; reveals significant variations in both central tendency
and dispersion. S, displayed the highest BGRI values among all the groups, with a mean of
14.6 and a median of 13.92, accompanied by a substantial IQR of 5.7. In contrast, Syand S,
report relatively low median values of 7.26 and 6.36, respectively, and their mean values
are also the lowest at, 7.49 and 7.48. These findings suggest that the Sf and Sg exhibit more
consistent, overall lower BGRI scores. Additionally, Sf and Sg, which balance both

hypoglycaemia and hyperglycaemia, ultimately present the lowest overall glycaemic risk.
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6.8 Performance analysis using CYVGA

The CVGA is used to evaluate the overall accuracy and safety of glucose predictions for all
combined sub-scenarios (S.—S;). Subject-level minimum and maximum glucose estimates
(2.5th and 97.5th percentiles) for each S, through S; over the four main scenarios (c;—c4) are
combined to construct CVGA graphs (one plot per sub-scenario). The CVGA plots display
the relationship between each subject's minimum and maximum daily glucose levels using
five clinical zones (A—E). Zone A represents clinically accurate glucose readings with
minimal deviation from ideal management. Normal variations with no clinical importance
are represented by zone B. Zones C—E show rising rates of clinical mistakes and potential

harm.

Figure 6.4 presents the CVGA analysis of sub-scenarios (S,—S;) across ten adult cohorts.
Adult BG levels are indicated as blue dots for values ranging between 70 and 180 mg/dL,
while levels outside this range are depicted as red dots. Additionally, Table 6.5 displays the
proportion of adults’ BG traces categorized in zones A and B. Figure 6.4 illustrates that the
majority of data points across all insulin scenarios for all 10 adult subjects’ BG lie within
Zones A and B, indicating extremely safe and dependable glucose regulation. Table 6.7
shows that across various insulin and meal scenarios, the overall accuracy of IIB therapy is

remarkable, with 85% to 100% of BG values lying in Zone (A+B).

In particular, sub-scenarios Sy, Sg, and Si produced all the data in Zone (A + B), exhibiting
optimal glycaemic management and low variance. Srhas the highest percentage of precisely
accurate glucose predictions, with 75% of BG values in Zone A and 100% lying in Zone
(A+B), suggesting a better balance between insulin delivery and CHO intake. The modified
insulin dosage in Syreduces deviations from target ranges and encourages a steadier glucose
profile. However, S, also provides better glycaemic control, as 70% of BG values lie in

Zone A and 100% lie in Zone (A+B).

The analysis shows that a more stable glucose profile and fewer deviations from the intended
ranges are encouraged by the modified insulin timing in Sy and S,. However, sub-scenario
S. shows somewhat higher variability, with 32.5% of BG values lying in Zone A and 85%
in Zone (A+B), likely due to insulin overlap effects or variations in meal timing. Overall,
the results indicate that the proposed IIB therapy provides better and safer glycaemic

control, with sub-scenarios Syand S, outperforming the other scenarios.
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Figure 6.4: Performance analysis using CVGA for sub-scenarios (S.—S;) across a 10-adult cohort
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Table 6.7: The percentage value of adults lies in zone A and Zone B in CVGA

S1 | Zone A (%) | Zone B (%) Zone (A + B) (%)

Sa 325 52.5 85
S 55 40 95
Se 55 375 92.5
Sa 60 35 95
Se 575 375 95
Sy 75 25 100
S, 70 30 100
Si 65 35 100
Si 55 40 95
S; 525 425 95

6.9 Summary

The results demonstrate that the proposed IIB therapy effectively controls BG levels by
administering three insulin doses daily: one at breakfast, one at lunch, and one at dinner,
skipping the snack-time insulin (Sy). One extra meal can also be planned for the night, after
dinner around 22:00, to avoid hypoglycaemia events at midnight (Sg). This therapy reduces
the risk of hypoglycaemia and hyperglycaemia while increasing the duration spent within
the target glucose range (70—180 mg/dL). In CVGA analysis, scenarios Sy and Sg achieve
100% clinical precision, near-ideal glucose management, and minimal glycaemic
fluctuation. These results indicate that using BG forecasting to calculate insulin bolus doses

can greatly enhance glucose control and lower the risk of hypoglycaemia in T1D.

For individuals with T1D, the proposed therapy based on MDI is a straightforward and user-
friendly substitute for automated insulin delivery systems, such as artificial pancreases. It
does not require body-mounted devices or insulin pumping. Altogether, the findings suggest
that this solution can be a significant, patient-centred, data-driven change in personalized
insulin delivery; however, further confirmation in real-world settings and larger population-
based studies is also essential. The accuracy of IIB therapy relies on the performance of
DCRNet for PH=60. The forecasting model with shorter PHs can also be utilised in the
proposed therapy to increase prediction accuracy, but this reduces the insulin intervention

time. In future work, the evaluation of [IB therapy across different PHs will be conducted.
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Introduction

Chapter 7
Proposed Continuous Blood Glucose Monitoring

System

7.1 Introduction

The treatment of T1D requires a systematic model that integrates predictive analytics with
real-time data collection. To shift towards proactive rather than reactive glucose
management, the chapter introduces a multi-component Continuous Blood Glucose
Monitoring system. The architecture incorporates four basic functional blocks: CGM Data
Generation, BG Measurement, BG Forecasting, and Intermittent Insulin Bolus (IIB)
Therapy. The system can provide a complete framework for controlling BG levels by using
sensor data and exogenous variables. It provides an ML-based forecasting engine at the
heart of this system that predicts BG levels 60 minutes ahead, enabling optimal timing and

dosing of insulin boluses.

7.2 Continuous Blood Glucose Monitoring System

The proposed Continuous Blood Glucose Monitoring system comprises four components.
They are CGM data generation, BG measurement, BG forecasting, and IIB therapy. The
proposed CGM system is illustrated in Figure 7.1. CGM data collection involves attaching
a non-invasive CGM sensor to the subject, which continuously measures BG at regular
intervals (5 minutes). Sensor data, along with other personalized data (age, gender, height,
Dia. BP, Sys. BP, heart rate, weight, diabetes history, duration of diabetes, sleep duration,
sleep quality, daily walking steps), are pre-processed and fed into an ML model as input

features to estimate the current BG level (G¢) precisely.

The most recent n BG samples (n = 6) and CHO are used to forecast BG levels. The goal of
the BG forecasting architecture is to forecast BG levels one hour in advance, which can
assist in planning future glucose management strategies. IIB therapy uses the BG level
forecast for 1 hour later (BGt+e0), as it is crucial for calculating bolus insulin (Bls). This

calculation helps determine how much insulin to take before each meal, rather than relying
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Continuous Blood Glucose Monitoring System

solely on current BG readings (Gy). After calculating the optimal bolus, the next step is to
decide the timing of insulin administration for each meal. This approach effectively
regulates postprandial BG levels and ensures optimal glycaemic control throughout the day.
Overall, this system enhances diabetes management and improves overall glycaemic

control, helping individuals confidently manage their BG levels.

Experimental CGM data collection LB Therapy
h s a Timing analysis of insulin
> = g dosage for BG control
Non-invasive  paga collection T

measurement
Insulin dosage calculation

Continuous Blood
Glucose Monitoring

system DL model
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Figure 7.1: Proposed Continuous Blood Glucose Monitoring system
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Advantages of the Proposed Continuous Blood Glucose Monitoring System

A 60-minute PH was chosen for this study because it provides sufficient lead time for
proactive insulin dosage calculation while maintaining a respectable level of predictive
accuracy. For this PH alone, the proposed IIB therapy is created and assessed. This study
did not examine the effects of longer PHs (e.g., 90 or 120 minutes) on forecasting accuracy
and therapy effectiveness, but this remains a crucial area for future research, as longer
horizons are typically associated with greater prediction uncertainty, even though they may

allow for earlier intervention.

By combining an IIB therapeutic framework with a DCRNet-based BG forecasting model,
the proposed approach is different from commercially available CGM systems. The
proposed approach forecasts BG levels for 60 minutes and uses these predictions to suggest
proactive insulin dosing, whereas traditional CGM systems primarily provide real-time
glucose measurements. However, the proposed system is evaluated only in a simulated

environment; clinical validation is necessary before actual implementation.

7.3 Advantages of the Proposed Continuous Blood Glucose Monitoring
System

This Continuous Blood Glucose Monitoring system is an integrated system with various
technological and therapeutic benefits compared to conventional monitoring methods.

These benefits include:

e Non-Invasive Integration: The system utilizes non-invasive sensors, reducing
physical strain on the patient while maintaining a high sampling frequency of every

5 minutes.

e Multivariate Input: Unlike univariate models, this system uses multiple input
features (sensors and personalized data) for BG estimation and forecasting, yielding

more accurate, personalized predictions.

e Proactive Glycaemic Control: Instead of merely reacting to current BG fluctuations
(Gy), the system forecasts BG levels one hour in advance (BGi+s0), allowing for

preventive changes.

e Optimized Postprandial Regulation: The technology significantly reduces post-meal

glucose spikes by accurately timing insulin delivery and estimating the ideal dosage.
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Summary

7.4 Summary

In summary, the proposed system bridges the gap between insulin intake and glucose
monitoring by introducing a predictive feedback loop. The architecture enables the 1B
therapy component to calculate mealtime bolus insulin more accurately using 60-minute
forecasted BG values. These ML predictions, coupled with clinical therapeutic logic, will
minimize the risk of long-term diabetic complications and improve the user's quality of life

by maintaining glucose levels within the target range.
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Conclusions

Chapter 8

Conclusions and Scope of Future Work

8.1 Conclusions

This research effectively addresses the limitations of invasive Continuous Blood Glucose
Monitoring systems and current static insulin dosage techniques. It establishes a strong
foundation for accurately measuring real-time BG by integrating an innovative, non-
invasive single-sensor device with an advanced ML-based Distributed Architecture. BG
forecasting is effectively performed using DCRNet in the proposed system.

The core contribution of this research is the development of the IIB therapy, which utilizes
forecasted glucose data to optimize insulin delivery. This predictive approach demonstrated
exceptional clinical efficacy, achieving 99% of BG levels within the euglycemic range and
ensuring patient safety, as all BG levels fell within zones A and B in the CVGA analysis.
Ultimately, this thesis proposes an effective, comprehensive, non-invasive CGM system
for TID that emphasizes glycaemic stability and reduces the need for a continuously
attached insulin pump by recommending only three bolus insulin doses (excluding snacks)
each day, each taken at least 30 minutes before each meal. This thesis also offers a cost-
effective, patient-friendly alternative to traditional AP systems, significantly improving the

quality of life for individuals with T1D.

8.2 Scope of Future Work

To transfer the proposed CGM system, DCRNet forecasting model, and IIB therapy to a
real-world setting, future research will focus on testing them in a larger, more diverse
clinical sample. Future research will also determine the system's capacity to record live
behavioural variables related to exercise, stress, and unplanned CHO intake. Currently, the
proposed framework relies on accurate sensor readings. To increase the system's robustness
and dependability in real-time applications, further research will focus on integrating sensor

fault detection, and signal quality assessment.

More importantly, to ensure patient safety against forecasting errors, future research will

involve real-time uncertainty estimation and the development of robust physiological safety
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Scope of Future Work

barriers for insulin delivery. Lastly, the implementation studies will involve real-time
investigations of model compression mechanisms, including pruning and quantization, to

reduce the computational latency of wearable edge devices.

The ethical and legal prerequisites for the clinical implementation of the proposed Al-based
CGM system will be the main focus of future research for actual implementation. These
include conducting extensive clinical validation, ensuring patient data privacy and security,
enhancing the transparency and reliability of Al-based recommendations, and obtaining the

required regulatory clearances prior to practical implementation.
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Annexure A

Sample Consent and data collection form

Date 24 .08 2022

85 Aarogy d_n‘] CONSENT FORM Approved by R&D Team -
Version: 1

Consent Form

Thand you for vour nterest in participating in our research and development work to create a non-invasive
SJlucometer We are a registered startup based in Jaipur called Svaarogyam Medical Devices supportec
funced by DST Nudhe Prayas and MIIC, MNIT Jaipur Please read through this consent form and sign your
~ame at the bottom f you agree to participate in the research and development work

Voluntary participation:
Partopahon n this research is voluntary You can withdraw your consent to participate at any time

information collection and usage:

S will t2ke notes and record your age, weight. HbA1C, Diabetes type (Type1/ Type 2/ Gestational
Auto-immune), duration of diabetes, insulin dosage, glucose values, patient kistory, height,
cholesterol/blood pressure/heart disease/other diseases, family history,
smoking slcohol'sleeplessness ang physical activity. This snall be done along with your sarum
slucose reading. Recordings are kept configenual ard will not be shared outside of our research t2am.
=owever your name and other personal identificaton information will remain anonymous unless explicit
cemission is received beforehand

Sraulz Jou have any gquestons abour the azrals of this research, please contact us at
svaarogy2m@gmail.com.

Consent:

2y sisning this gdocument, you agree that you have read and-understood the information provided above
ana you give your consent to partcipate in this research study.

Paticpants Name

Sarucpant's Signature

Soaar oy ans Metho al Devices MU AINEE Campus, Jaipur, Rajosthan-30.017
7919540054299 svaarogyamagmail com
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Annexure A

Sample Consent and data collection form

Data collection form for research for Diabetic

*The purpose of this data collection is to analyse the different parameters which affect the
blood glucose level in diabetic people. This data will be used only for research. No personal
information of patient will be revealed in this research at any stage.

Patient ID:

Date:

Gender
(tick applicable)

1) Male

2) Female

Age (years)

Weight (Kgs)

Height (cm)

Fasting Blood glucose
(before breakfast)

Postprandial plasma
glucose
(2 hours after eating)

BG level

Insulin bolus dosage
(if any)

Medicine to control
BG level

Meal (Carbohydrate)

Blood pressure:

Systolic:

Diastolic:

Cholesterol:

HDL.:

LDL:

Body temperature

SPo2

Duration of diabetes
(years)

Heart rate

History of diabetes in
family

a) father

c) father d) mother

b) mother heredity heredity

Sleep time

Sleep quality

Smoking habit

a) current

b) former ¢) no habit
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Sample Consent and data collection form

Alcohol consumption a) regularly b) occasionally c) no
Walking step count time:
Daily a) regular '

. . b) irregular
Physical Exercise . .

Duration: minutes

Other diseases
Researchers: Venue:

Prof. Ketan K. Lad

Research Scholar, Gujarat Technological
University, Chandkheda, Ahmedabad

Dr. Anish Diwanji

Shreenath clinical laboratory,

A-115, Aditya chambers, station road,
Valsad, Gujarat-396001

Patient Name:

Signature
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