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Abstract

Type 1 diabetes has affected millions of people worldwide, and rigorous tracking of
blood glucose levels is critical for providing care and avoiding severe complications like
hyperglycemia and diabetic ketoacidosis. Continuous glucose monitoring (CGM) devices
have emerged as an effective tool to detect glucose levels from interstitial fluid (ISF) instead
of blood and offer real-time treatment. ISF usually serves as a rich source of biomarkers,
enabling minimally-invasive detection for continuous health monitoring through ISF-based
sensors like CGM. Various machine learning works in the past have used these CGM mea-
surements to forecast glucose levels and predict events like hypoglycemia or any potential
risks. However, despite their effective performances, most have focused on short-term pre-
dictions, neglecting the importance of long-term forecasting for better insulin therapy. In
the first half of this thesis, we present an encoder-decoder architecture for long-term fore-
casting of future BG levels that expands the forecasting horizon from conventional 1 hour
up to 3 hours. This work has the potential to improve the precision of state-of-the-art
insulin delivery platforms for effective diabetes management.

In addition to this, despite the advantages offered by ISF-based sensors in general, they
encounter a significant challenge related to the sensing delay in the transferring of target
analytes like glucose from blood to ISF. Particularly, this delay can vary significantly from
subject to subject, and if not estimated properly, can impact the accuracy of the sensor
measurements. Prior machine learning frameworks for continuous measurement of glucose
from ISF have not adequately accounted for this existing delay between blood and ISF.
Therefore, in the second half of this thesis, we investigate and quantify sensing delays
in the transfer of glucose and ketone bodies from blood to ISF using decision-tree-based
algorithms by considering a case study of diabetic rats that emulate the conditions of
diabetic ketoacidosis. Accounting for this delay in the measurement process can eventu-
ally improve the accuracy of such sensors and offer a more personalized response during
continuous monitoring of glucose and ketone bodies for better insulin dosing.
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Chapter 1

Introduction

1.1 Motivation

Millions of people are affected by type 1 diabetes globally, and patients often require
rigorous blood glucose tracking to prevent further complications like hyperglycemia and
diabetic ketoacidosis. Continuous glucose monitoring (CGM) devices based on interstitial
fluid-based sensing and leveraged with machine learning algorithms have emerged as an
effective technique to provide real-time treatment, forecast glucose levels for a reasonable
amount of time, and predict any possible future risks. Previous efforts, however, have
mainly focused on short-term predictions. A long-term forecasting horizon allows better
management and precision of insulin therapies for concerned patients. In addition to this,
ISF-based sensors, in general, face challenges with sensing delays in transferring bioanalytes
like glucose and ketone from blood to ISF. These delays significantly vary between subjects
and affect sensor accuracy. Previous frameworks dealing with glucose and ketone sensing
have not adequately addressed this delay. Hence, the primary motivation of this thesis
is two-fold - (a) to explore long term forecasting of glucose by expanding the prediction
horizon from the conventional 1 hour to 3 hours to improve insulin dosing, and (b) to
investigate and quantify sensing delays during continuous glucose and ketone monitoring
and how they can be used to provide personalized responses for any subject and ensure a

better overall management of diabetic ketoacidosis.



1.2 Thesis structure at a glance
The structure of this thesis is summarized as follows:

1. Chapter 2 gives a brief introduction to type 1 diabetes and its complication, dia-
betic ketoacidosis. It explores how continuous glucose monitoring has emerged as a
popular approach to mitigate unwanted risks like hypoglycemia and improve existing
insulin therapies. It further explores how a multitude of machine learning algorithms
have impacted the performance of continuous glucose monitoring devices. Finally, it
touches upon the relatively newer avenue of continuous ketone monitoring and how
it is beneficial for tracking the conditions of diabetic ketoacidosis patients. Above all,
this chapter focuses on explaining the importance of continuous monitoring of ana-
lytes and leveraging them with the power of artificial intelligence to improve existing
remedies for type 1 diabetes and diabetic ketoacidosis.

2. Chapter 3 is focused on a preliminary work on a long-term forecasting architecture for
predicting glucose levels up to 3 hours. The chapter begins with a review of how most
of the prior machine learning works have focused on short-term glucose forecasting,
ranging from 15 minutes up to 1 hour, and why long-term forecasting beyond 1 hour
is essential. It further gives a brief introduction to recurrent neural networks and
their variant, long short-term memory networks, and also attention mechanisms and
sequence-to-sequence models that were used to develop the framework we used here.
Eventually, the chapter describes the mathematical formulation of the problem, the
details of the architecture used in this thesis for long-term forecasting, and how it
performs when compared with baseline models and a state-of-the-art paper. Above
all, this chapter sheds light on how a time series forecasting framework for predicting
blood glucose typically works.

3. Chapter 4 is focused on a more specific problem of quantifying sensing delays or
time lags observed in interstitial fluid-based sensing approaches like continuous glu-
cose and ketone monitoring. It begins with a brief discussion on the importance of
interstitial fluid and the associated advantages and disadvantages of using it as the

medium of detection compared to invasive blood-based techniques, as well as how



sensing delays during transmission of analytes from blood to interstitial fluid pose
a burden on the precision and accuracy of such sensors. It further describes a few
decision tree-based algorithms, like boosting, that were used later in the chapter.
Following this, it describes the mathematical formulation for quantifying such time
lags and using them to adjust and provide accurate glucose and ketone responses
that are personalized for every subject. It further evaluates the scheme using three
different boosting algorithms and compares their results with other state-of-the-art
approaches. Above all, this chapter delves deep into the issue of time lags in intersti-
tial fluid-based sensors and how computational approaches help evaluate them and
improve the sensors’ performances. It also sheds light on the application of machine
learning algorithms for the first time in the case of continuous ketone monitoring
devices to report personalized (subject-specific) ketone responses in exact mM units,
which allows for a more reasonable comparison of interstitial fluid-based ketone out-

puts with blood-based references to measure their accuracy.



Chapter 2

Background

2.1 Type 1 diabetes and diabetic ketoacidosis: a brief

review

Type 1 Diabetes (T1D) is primarily a chronic autoimmune disease where the immune sys-
tem mistakenly attacks and destroys insulin-producing beta cells in the pancreas. The
incidence of T1D is increasing globally, particularly among children. According to the
International Diabetes Federation (IDF), currently around 8.7 million people worldwide
are estimated to have T1D with approximately 3.9 million lives lost due to T1D so far,
accounting for around 32 years of healthy life lost on average per person [30]. The exact
trigger for the autoimmune response behind T1D is not fully understood, but genetic pre-
disposition like family history and environmental factors, such as viral infections, dietary
factors and early childhood nutrition, are believed to play significant roles and increase the
risk of T1D onset [19][64]. Insufficient production of insulin leads to high blood glucose
levels (hyperglycemia) and persistent hyperglycemic conditions cause multiple symptoms

such as increased thirst, frequent urination, fatigue, and weight loss [16]. Long-term ef-
fects of uncontrolled T1D include cardiovascular disease [76], neuropathy [$3], retinopathy
and nephropathy [100]. The treatment for T1D requires lifelong management, including

intensive insulin therapy, blood glucose monitoring at regular intervals, and major lifestyle
modifications [11].



One acute complication of T1D is diabetic ketoacidosis (DKA). DKA occurs when
there is an abnormal deficiency of insulin, leading to a situation where glucose cannot
enter cells to be used for energy. Without adequate insulin, the body instead breaks down
fat for energy, producing acidic ketones as a byproduct [27]. Besides this, skipping insulin
injections, conditions such as urinary tract infections or respiratory infections as well as
other factors like stress, any past trauma or surgery, and certain medications can increase
the body’s need for insulin and contribute to the development of DKA. The effects generally
include excessive electrolyte imbalances, metabolic acidosis and decreased blood volume,
leading to a potential shock [29].

The management of T1D and its potential complications has evolved greatly, especially
with the widespread adoption of continuous glucose monitoring (CGM) devices. Regular
glucose monitoring is crucial to provide clinical care during any form of diabetes. While
traditional blood glucose monitoring (BGM) systems have improved in accuracy and us-
ability, they are only known to provide static blood glucose information. In contrast,
CGM technology can also track glucose changes over time, fluctuations, trends, and sev-
eral other patterns, allowing for a more thorough analysis of glycemic trends to effectively
guide insulin-based therapeutic approaches [52]. Over many years, CGM platforms have
demonstrated their accuracy in achieving glycemic targets, reducing hypoglycemia, which
is characterized by abnormally low blood glucose concentrations (glucose level < 72mg/dL)
and other risks, and enhancing the overall quality of life of the patients [12, (7].

A CGM platform is essentially a wearable device that continuously and automatically
records glucose levels at regular intervals, ranging from every 5 to even 15 minutes, from
the interstitial fluid (ISF), a fluid that surrounds the body’s cells. CGMs primarily involve
enzymatic reactions that occur within the sensor. When glucose molecules in the ISF
come into contact with the enzyme within the sensor, they undergo a reduction-oxidation
(redox) reaction that releases electrons that are transferred to an electrode within the
sensor, generating an electric current, such that the magnitude of the current is directly
proportional to the concentration of glucose in the ISF [19]. A standard CGM platform
typically comprises three main components - (a) the wearable sensor that is attached to the
body, usually on the abdomen or arm, and contains an electrode that penetrates the skin
to measure glucose levels in the ISF, (b) a transmitter, which wirelessly sends the glucose



readings to a nearby receiver, and (c) a receiver or reader, which may be a dedicated device
or a smartphone app, that receives the data transmitted by the sensor, displays them
in real-time for further visualization and provides information on current glucose levels,
trends, and alerts for future risks like hyperglycemia [51]. Healthcare practitioners and
patients, with the help of artificial intelligence (Al)-guided decision support frameworks
[38], gain insights from these information to make informed decisions regarding adjustments
to medication as well as lifestyle, diet, or exercise. Figure 2.1 gives an illustration of
interpreting glucose information using CGM biosensors.

As for the treatment and management of T1D and its complications like DKA, insulin
infusion is a commonly used technique used to reduce the rapidly increasing levels of blood
glucose and suppress the resulting blood ketone production. Modern insulin analogs range
from rapid-acting dosages, usually taken after meals, that are effective very quickly but can
only last a few hours, to long-acting insulin that requires a longer duration of time to start
working but can provide a baseline concentration of insulin to control blood glucose levels
for almost up to an entire day [3]. While these traditional insulin injections can meet the
basal and bolus insulin requirements of prospective patients, state-of-the-art methods like
insulin pump therapy offers a more dynamic approach by delivering insulin continuously
and more effectively, mimicking the body’s natural insulin secretion pattern [17]. How-
ever, the precision of insulin pump therapies heavily depends on accurate insulin dosing.
In this context, CGM devices with their ability to provide real-time continuous glucose
measurements, and predictive algorithms to forecast glucose levels and automate insulin
delivery, both are indispensable for precise insulin dosing and consequently, improving the

performance and convenience of insulin therapy [95].

2.2 Continuous glucose monitoring: a review of data-
driven approaches
In this thesis, the primary focus will be on leveraging the power of predictive analytics

into the CGM information obtained from part (c) as described in Section 2.1, that is, the
receiver that accepts the glucose information from the sensor via a transmitter. Over the
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Figure 2.1: A schematic of using a CGM platform to interpret blood glucose levels

past decade, there has been multiple approaches that used Al-assisted decision support
systems to analyze a patient’s glucose information [94].

CGM devices have undergone a transformative evolution through the integration of
machine learning (ML) algorithms, revolutionizing their functionality and efficacy in man-
aging diabetes. By leveraging their capabilities of analyzing extensive datasets encom-
passing glucose levels, insulin dosages, meal times, physical activity, and other pertinent
factors and recognizing complex patterns and anomalies in glucose fluctuation, ML algo-
rithms have not only increased the accuracy of state-of-the-art CGM devices, but also
paved ways for providing personalized insights and predictive alerts tailored to individual
users, facilitating proactive management of blood glucose levels and reducing the risk of
hypo- or hyperglycemic events, false alarms and user anxiety. Furthermore, adaptive ML

models continuously learn from user feedback, refining their predictions and recommenda-



tions over time to further optimize accuracy and personalization. The integration of ML
with closed-loop systems represents another milestone, enabling real-time adjustment of
insulin delivery based on CGM data, thereby achieving tighter glycemic control. Overall,
ML algorithms have not only improved the performance and reliability of CGM devices
but has also empowered individuals with diabetes to take proactive control of their health,
leading to enhanced quality of life and better management outcomes. The purpose for
implementing these algorithms can be broadly classified into two primary categories - (1)
blood glucose prediction, and (2) optimal insulin dosage selection to counter any abnormal-
ities in glucose levels. Using CGM biosensors’ data for glucose prediction not only explores
the classification of glycemic control profiles and alerts prospective patients of any risk of
events like post-prandial hypoglycemia (glucose < 72mg/dl) [17, 70, 92], but also includes
time series models and other relevant algorithms that forecast glucose levels for the next 15
minutes up to 1 hour as their prediction horizon. In the following subsections, we discuss
a few commonly used algorithms for time series forecasting of glucose levels.

2.2.1 Classical statistical algorithms

The most primitive approaches to develop frameworks for glucose prediction involve the
use of classical statistical algorithms like autoregression [$1]. An autoregressive model, as
shown in Figure 2.2, is essentially a statistical method used for representing time-varying
processes or data, where the value of the random variable under study, at any given time
instant, is predicted based on its previous values in the form of a stochastic difference
equation. Mathematically, an autoregressive model of order p is usually denoted as AR(p)
that expresses the current value of the variable as a linear combination of its past p values,
along with a stochastic error term [9]. Methods such as least squares [12] or maximum
likelihood estimation [30] are further used to determine the optimal parameters of the
autoregressive model AR(p). One primary characteristic of an autoregressive model is
that it considers a stationary or constant relationship between the variable’s current and
past values. However, due to the inherent nonlinearity and fluctuations in a patient’s
day-to-day blood glucose levels, classical approaches like the autoregressive model, which
assumes linearity, struggle to effectively model the dynamics in glucose measurements. A
more improvised version, called as the autoregressive integrated moving average (ARIMA)

8



model, modifies the autoregressive model AR(p) with a differencing term to handle non-
stationary time series and a moving average component to perform autocorrelation with
past error terms for better prediction. A recent study in 2024 [53] used the ARIMA model
for time series-based non-invasive and real-time tracking of glucose and cholesterol levels
in diabetic patients.

Figure 2.2: A simple illustration of the autoregressive model

2.2.2 Artificial neural networks

Other machine learning techniques like neural networks, on the flip side, excel at adap-
tively learning and capturing the complex, nonlinear, time-varying patterns in glucose
metabolism. The most fundamental feedforward artificial neural networks (ANN) are in-
spired from the structure and functioning of the biological neural networks in human body.
As in Figure 2.3, they primarily consist of interconnected nodes (neurons) organized in
layers, where each node performs a weighted sum of inputs followed by applying an activa-
tion function to introduce non-linearity, allowing the network to model complex patterns
in the data. For optimization, the weights of the connections between neurons are updated
based on the error of the output compared to the ground truth, using algorithms like
backpropagation. Over the years, ANNs and other forms of neural networks have proven
to be useful for handling datasets from larger and more diverse diabetic patient cohorts,

and can manage extensive historical information alongside glucose recordings like insulin



dosages, meal timings and parameters associated with day-to-day physical activities, to im-
prove prediction accuracy. [51]. A recent study [5] used an ANN-based prediction model
that considered glucose measurements as a single input and explored time-domain features
as additional attributes with the primary aim of reducing the number of inputs required
without affecting the model’s forecasting accuracy.

hidden hidden
layer 1 layer 2

output
layer

Figure 2.3: A simple illustration of an artificial neural network architecture with 2 hidden
layers
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2.2.3 Support vector machines

Support vector regression is another machine learning technique that has been used for
multiple studies focusing on time-series based glucose prediction. It primarily works by
learning a mapping that approximates the output with a tolerance for error, which is de-
fined by a margin around the predicted mapping. As shown in Figure 2.4, it uses a set of
data points known as support vectors lying outside the margin or on its boundary, that
determine the position and orientation of the predicted regression line or the hyperplane (a
higher dimensional space, usually involves dimensions > 3) while minimizing the model’s
error. It further employs a loss function, typically known as the epsilon-insensitive loss
function, that ignores any error within the margin, thereby enabling the predicted func-
tion to maintain a flexibility between its accuracy and its ability to generalize to unseen
test data. To further understand nonlinear patterns, it uses the help of nonlinear ker-
nel functions. A comparative study [35] implemented support vector regression (SVR) to
address the challenge of subcutaneous glucose predictions by comparing the forecasting
performances of two different types of conditions - one with glucose recordings as a sin-
gle input and the other, where the model is enriched with additional sources of historical

information like past insulin dosages.

2.2.4 Recurrent neural networks

Some of the other machine learning frameworks applied for blood glucose forecasting in-
clude recurrent neural networks (RNN) . RNNs are an adaptation of the conventional
feedforward ANNs that focus on retaining memory of previous inputs through internal
states for better understanding of long-term temporal patterns and dependencies in se-
quential data like glucose recordings from CGM devices. An advantage offered by RNNs
over ANNs is they can additionally handle input sequences of varying lengths. Long short-
term memory networks (LSTM), an improvement over RNNs, further use additional states
that allow researchers to mitigate problems like vanishing gradients and limited memory in
conventional RNNs; while dealing with forecasting problems based on time series datasets.
A state-of-the-art article [60] used a framework based on LSTM networks for predicting

blood glucose levels and further provided a measure of certainty of its forecast by learn-
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Figure 2.4: A simple illustration of support vector regression

ing and parameterizing a univariate Gaussian distribution over the output. A detailed

description of these models is available in Section 3.2.

2.2.5 Decision-tree based architectures

Decision tree-based frameworks have been widely used for time series-based prediction of
blood glucose levels for both classification and regression tasks. A decision tree is essentially
a single, standalone graph-based model that splits the input data based on feature values
to create a tree-like structure of decisions, aiming to maximize purity at each node using
criteria like Gini impurity, entropy, or mean squared error. While decision trees are simple

12



to understand and interpret, they are often prone to overfitting, especially with complex
datasets, as they tend to capture noise along with the underlying data patterns. Random
forest [15] is a popular decision tree-based model that is primarily an ensemble learning
method that builds multiple decision trees using random subsets of the input training data
and features. This approach focusing on parallel tree training and aggregation is known
as bootstrapping which ensures that each tree is different and captures various aspects of
the data. The predictions from all the trees are then aggregated by majority voting for
classification or averaging for regression tasks like time series forecasting, allowing it to be
more robust and accurate than a single decision tree and mitigating the overfitting problem
inherent in individual decision trees. Boosting algorithms, another variant of decision tree-
based frameworks, develop trees sequentially and in an iterative fashion, where each new
tree is trained to correct the errors made by the previous ones. In boosting, each tree focuses
more on the hard-to-predict examples by adjusting the weights of training instances based
on the errors of the previous trees. This sequential approach thereby allows the model
to significantly reduce bias, leading to higher accuracy. A study from 2015 [30] focused
on developing a framework based on random forests for short-term subcutaneous glucose
prediction. It identified and ranked the best set of features, or predictors, in the order of
their importance, from various personal, medical and lifestyle self-monitoring data sources
like the time of the day, plasma insulin, food intake, physical activity, etc. of T1D patients,
that could be used alongside CGM measurements for better forecasting of glucose levels.
Many approaches, over the years, have used additional inputs in their models in addition
to CGM recordings, such as carbohydrates intake [18], day-to-day physical activities [39],
and one-hot encoding vectors labeling every unique patient in the CGM data used [7] to
allow for a more personalized feedback to the patient. Sections 4.2 delves into further

details on decision tree-based models.

2.2.6 Sequence-to-sequence frameworks

Sequence-to-sequence (seq2seq) models have been instrumental in the machine learning
domain in the recent years, particularly for challenges related to time-series forecasting
and natural language processing. Seq2seq models primarily consist of two components - an
encoder and a decoder. The encoder processes an input sequence and summarizes it into

13



a fixed-size context vector. This vector is then passed to the decoder, which generates the
output sequence in a step-by-step fashion. To construct their encoders and decoders, tradi-
tional seq2seq models often rely on RNNs or their variants like LSTM networks , which can
handle sequences of variable lengths by maintaining a hidden state that allow information
to persist. Further details on seq2seq models are discussed in Section 3.3. Transformer
models, first introduced in 2017 [91] for applications in natural language processing, rev-
olutionized seq2seq modeling by using an attention mechanism that allows the model to
weigh different parts of the input sequence simultaneously, rather than sequentially. This
approach allows the model to focus on the most relevant and important information of the
sequence only and further enables parallel processing, which significantly speeds up model
training and improves the understanding of long-range dependencies in the data. With

respect to time series problems, multiple variants of Transformers like informer [107], tem-
poral fusion transformer [56] and autoformer [101] have been developed in the recent years.
A state-of-the-art study [77] explored the use of transformer architectures in forecasting

blood glucose and how they offer improved accuracy and precision over conventional ma-

chine learning techniques.

On the other hand, for optimal insulin dosing, the most state-of-the-art method of
treatment is the use of automated insulin delivery (AID) devices, often nicknamed as
artificial pancreas systems. Broadly speaking, these platforms consist of - a continuous
glucose monitor, a subcutaneous insulin pump, and a feedback control algorithm that
links the information or predictions obtained from the CGM to decide the amount of in-
sulin to be administered to the patient at any given time instant [13]. A majority of the
artificial pancreas systems developed over the years are "hybrid” in nature, meaning the
algorithm interprets the glucose predictions from the CGM data and automatically pre-
dicts the patient’s basal insulin requirement, but still needs the user to regularly check the
meal carbohydrate and bolus insulin intake [2]. The state-of-the-art focus is, therefore,
to develop fully-automated artificial pancreas device frameworks that do not involve any
form of human intervention. Across multiple studies based on improving the speed and
accuracy of automatically adjusting insulin dosages, the algorithms used range from classi-
cal mathematical models using standard equations in the form of insulin bolus calculators

[38], to advanced machine learning techniques like reinforcement learning [13, 87], Bayesian
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networks [39] and convolutional neural networks [21].

2.3 Continuous ketone monitoring: significance and

challenges

Despite several advances in T1D management, complications like DKA still pose a heavy
toll in terms of morbidity and mortality in concerning patients. The abrupt deficiency in
insulin during DKA often results in a surge in the levels of counter-regulatory hormones like
glucagon, cortisol, and epinephrine [79]. Consequently, this hormonal imbalance causes a
chain of events, starting from severe hyperglycemia to generating significant levels of ketone
bodies through the breakdown of fats, resulting in an overall metabolic acidosis inside the
body [29]. Hence, the simultaneous control of both glucose and ketone levels is essential
in the prevention, detection, and management of DKA. Continuous monitoring of ketone
concentrations can help in not only determining the early of DKA but also detecting any
interruption or failure in the patient’s insulin therapy resulting in subsequent hyperglycemic

conditions.

Traditional blood-based evaluation of ketone bodies generally involves the use of strip-
based, capillary blood ketone meters, measuring beta-hydroxy butyrate (BHB) levels, an
important biomarker in diagnosing DKA. In total, there are three ketone bodies, namely,
acetoacetate, BHB, and acetone, that are produced in significant levels during DKA. BHB
sensing is usually associated with low costs and lesser requirements for hospitalizations [20].
Just like glucose measurement, a disadvantage of using strip-based blood ketone monitors
is they only provide static information about the BHB levels or any possible implications
of ketonemia at any fixed instant of time [66]. The current state-of-the-art approach is,
therefore, fabricating subcutaneous continuous ketone monitoring (CKM) platforms, just
like CGM devices, that can also track the dynamics in ketone levels at recurring intervals

of time.

For ketone monitoring, however, scientific research is only limited to the design and
fabrication of minimally-invasive CKM biosensors [36, ]. There is a lack of comprehensive
machine learning approaches that can optimize their overall performance and predict or
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quantify BHB levels from ISF in a point-of-care, personalized fashion with a greater degree
of precision and accuracy. A recent review [18] suggests how wearable ketone platforms
and automated insulin delivery systems should be merged with data processing techniques,
machine learning algorithms, and cloud-based architectures for better and efficient man-
agement of diabetic ketoacidosis.

16



Chapter 3

Long-term glucose forecasting for

type 1 diabetes

3.1 A review of time-series forecasting models for glu-
cose monitoring: why are long-term predictions

important?

Long-term forecasting of blood glucose, characterized by a prediction horizon spanning
more than an hour, offers multiple advantages over short-term glucose predictions. It
enables health practitioners with more effective baseline insulin planning by anticipating
future glucose trends for extended periods of time and improves the precision of any pre-
emptive insulin dosages provided to prospective patients to avoid any possible risks for
hyperglycemic or hypoglycemic events in the future [57]. Another advantage is that it fa-
cilitates better dietary management by offering patients ample time to plan their meals and
bolus insulin intakes in advance based on the predicted glucose trends and, subsequently,
control their overall carbohydrate levels. Last but not the least, it helps in better and more
strategic scheduling of physical activities to prevent any hypoglycemic risks during or after
exercise and adjusting treatment plans by taking delayed effects of factors like sleep, stress
or hormonal changes, into consideration. Hence, by offering a broader window for decision-
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making, long-term forecasting optimizes personalized treatment tailored to every patient’s
needs, resulting in better glycemic control, reduced risk of T1D-related complications, and
improved quality of life.

Table 3.1 gives a brief review of some of the state-of-the-art approaches in time series
forecasting of glucose levels in type 1 diabetic patients. The algorithms used range from
classical statistical techniques like autoregressive models 141, 25, 71] and autoregressive in-
tegrated moving average (ARIMA) models [7] to more robust machine learning techniques

like support vector machines [71, 75, 97, 99, ], random forests [01, 90], recurrent neu-
ral networks (RNN) [7, 11, 32, 62] 72], extreme learning machines [97] and convolutional
neural networks [103] to name a few. A study from 2018 [105] implemented a recursive

least squares-based filtering fusion and decision-making mechanism that forecasts glucose
concentrations for both in silico and clinical subjects. Another work from 2019 [106] ex-
plores the use of an empirical mode decomposition technique that enables the modeling
of the fluctuations and trends in glucose time series data separately, followed by a ge-
netic algorithm-inspired backpropagation neural network scheme that achieved root mean
squared error (RMSE) as low as 6.13mg/dl and 8.21mg/dl respectively for prediction hori-
zons 15 and 30 minutes respectively. A state-of-the-art paper from 2019 [55] proposes a
multi-layer convolutional RNN that uses temporal convolution and kernel filters to find the
most important set of input features for glucose prediction followed by an LSTM-inspired
network for forecasting. The work achieved RMSE values of 9.38mg/dL and 18.87mg/dL
for 30 and 60 minutes prediction respectively on simulated patient data and values of
21.07mg/dL and 33.27mg/dL for 30 and 60 minutes respectively on real, clinical human
subjects. More improvised deep learning frameworks like Transformers and infinite mixture
models are being implemented in state-of-the-art glucose forecasting research in modern
times as in the case of a recent study [77] from 2023 that was able to achieve a mean abso-
lute percentage error as low as 7.78% and RMSE of 14.73mg/dL for a 60 minute forecast.
A common theme in all these studies is that they have primarily focused on short-term
predictions (< 1 hour). However, studies have shown that symptoms of various complica-
tions of T1D like DKA can develop within 24 hours in human beings [1]. Hence extending
this horizon beyond 1 hour is necessary to accommodate better and more precise insulin

remedies.
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Time series forecasting schemes for glucose are primarily of two types - (a) a single
output scheme, that works in a one-step-ahead fashion, or in other words, one step of
glucose is first predicted and then fed back to the input to generate the next step and
so on [72]; or (b) a multi-output scheme, which directly predicts the glucose values for

the entire prediction horizon, all at once |

]. Furthermore, many studies [25, 15, 55, 61,

| have focused on using historical information like insulin dosages, meal intakes, body
temperature and even heart rates to improve the understanding of the CGM data by time
series forecasting models. However, with the primary target of the state-of-the-art insulin
delivery platforms to be fully-automated in the recent years, it is more favorable to use
CGM as a single source of input as it removes any requirement of human intervention or
supervision while such platforms predict blood glucose levels and subsequently estimate
the optimal baseline insulin concentration to be delivered to the patient under study.

Above all, the focus of this chapter is two-fold - (a) to achieve competitive performance
in terms of accuracy and robustness for long-term forecasting scenarios beyond 1 hour,
and (b) maintaining CGM as the only source of input data for the long-term prediction,
in accordance with state-of-the-art fully-automated insulin delivery frameworks.

Table 3.1: A review of time series models for glucose forecasting

Reference | Model(s) used Prediction Patients # of days Inputs used
(year) horizon or samples
(mins)

[7] (2021) | ARIMA, random 15,30,45,60 38 399302 sam- CGM

forest and RNN ples
[11] (2014) | autoregression, 15,30, 45 23 530+ 14 CGM

RNN
[25] (2013) | ANN,  autore- 15,30,45 23 2695 + 670 CGM and in-

gression samples per sulin

subject
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Table 3.1: A review of time series models for glucose forecasting (Continued)

Reference | Model(s) used Prediction Patients # of days Inputs used
(year) horizon or samples
(mins)

[32] (2018) | RNN (gated re- 30 40 1900 CGM

current unit)

[15] (2019) | XGBoost 30 6 52 CGM, insulin,
meal  intakes,
physical activ-
ity, heart rate,
sleep and stress
data

[55] (2019) | convolutional 30 20 180 or 360 CGM, insulin

RNN and meal in-
takes

[61] (2020) | random  forest 30,60 12 8 weeks CGM, insulin,

and boosting meal  intakes,

algorithms physical ac-
tivity, sleep,
stress and work
data, heart
rate and body
temperature

[62] (2019) | LSTM 30, 60 6 56 CGM, insulin
and meal in-
takes

[72] (2020) | bi-directional 30,60 106 > 15 million CGM, insulin,

LSTM

samples

sleep data and

activity levels

Continued on next page




Table 3.1: A review of time series models for glucose forecasting (Continued)

Reference | Model(s) used Prediction Patients # of days Inputs used
(year) horizon or samples
(mins)
[71] (2020) | autoregression 30,45, 60 6 30 or 1 days CGM, insulin,
and SVR meal intakes
and physical
activity
[75] (2018) | autoregression, 30,45, 60 16 at least 30 CGM, insulin,
SVR and ANN days meal intakes
and physical
activity
[77] (2023) | infinite mixture 60 38 399302 sam- CGM
models and ples
transformers
[82] (2012) | autoregression, 40 6 unspecified ~ CGM, insulin,
kernel-based meal intakes
and state-space and physical
models activity
[90] (2018) | random forest 30 93 194891 sam- CGM, insulin,
ples meal  intakes,
physical ac-
tivity, heart
rate and energy
expenditure
[93] (2017) | grammatical 60 1 1152 sam- CGM, insulin
evolution ples and meal in-

takes
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Table 3.1: A review of time series models for glucose forecasting (Continued)

Reference | Model(s) used Prediction Patients # of days Inputs used
(year) horizon or samples
(mins)
[97] (2013) | autoregression, 30 10 860 samples CGM
extreme learning per subject
machines, SVR
[99] (2019) | SVR 30 1 863 samples CGM
[102] random  forest, 30 6 8 weeks CGM, insulin,
(2018) boosting, SVR, meal intakes
LSTM, lasso and and heart rate
ridge regression
and temporal
convolutional
networks
[103] elastic, lasso and 5,30 6 8 weeks CGM, insulin,
(2020) ridge regression, meal intakes
SVR,  decision and heart rate
trees, autore-
gression, LSTM
and temporal
convolutional
neural networks
[104] linear regression unspecified unspecified 7642 sam- CGM, blood
(2019) and decision ples test results,
trees blood lipid,
liver index and
biochemical
index
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Table 3.1: A review of time series models for glucose forecasting (Continued)

Reference | Model(s) used Prediction Patients # of days Inputs used

(year) horizon or samples
(mins)

[105] recursive  least 30 39 > 4000 sam- CGM
(2018) squares ples
[106] genetic 15,30 1 4 days, 1152 CGM
(2019) algorithm- samples

backpropagation

neural network
[108] SVR, LSTM, 30,60 12 unspecified ~ CGM
(2023) dilated ~ RNN,

transformers

3.2 RNN and LSTM: a brief introduction

The most traditional feedforward artificial neural network (ANN) [11] functions by im-
plementing sequential and unidirectional propagation of the input data through intercon-
nected layers of neurons, which mimics the biological neurons present in a human body.
It starts with an input layer that accepts the raw information, passes it through hidden
layers (if present), and finally terminates at the output layer. At each neuron in any layer,
a weighted sum of inputs with a bias term is first computed and then transformed using
a nonlinear activation function, allowing the network to explore the intricate patterns in
the input data. By leveraging backpropagation, which enables the prediction errors to
be propagated backward through the network, the model updates its weights and biases
to minimize the errors and achieve optimal performance. On the other hand, recurrent
neural networks (RNN) are an extension of the conventional feedforward neural networks
consisting of loops in their architecture that allow information to persist. Figure 3.1 shows
a simple illustration of RNNs.
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h)

unfold

Figure 3.1: A simple illustration of RNN with input = forwarded to a hidden state h,
resulting in an output o

RNNs, in general, offer multiple advantages over conventional ANNs. First, they ex-
cel in modeling sequential data due to their ability to maintain internal state or memory.
Unlike feedforward neural networks, which independently process each input data point,
RNNs process sequences of data by iteratively updating their hidden states as they receive
each input. This enables them to capture any temporal dependencies and contextual in-
formation within the sequential data, making them well-suited for tasks where the order
of inputs matters, as in the case of time series prediction of glucose. Secondly, ANNs
can only manage fixed-size inputs producing fixed-size output, making them unsuitable
for tasks involving sequences of varying lengths, whereas RNNs can handle sequences of
variable lengths since they process inputs sequentially, adjusting their internal state based
on the length of the input sequence. Finally, in RNNs, the same set of parameters are
shared across all time steps, allowing them to leverage learned representations from earlier
time stamps when processing subsequent inputs. This parameter sharing reduces the com-
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putational cost of training RNNs compared to feedforward neural networks with similar

numbers of parameters, as the later require independent parameters for each layer.

Figure 3.1 shows an illustrative representation of an RNN operating on an input se-
quence ! at any given time step index ¢, such that t = 1,--- T, T is the maximum number
of iterations. The cycle shown in the computational graph in the figure indicates the impact
of a variable’s past value on the present time step. The graph has a repetitive structure
that unfolds into a recursive chain of events that directs the flow of information in the
RNN. The direction is forward at the time of evaluating the outputs and the correspond-
ing losses and backward at the time of computing the gradients to update the parameters
of the RNN. The unfolded computational graph follows the equation:

Rt = f(h'" 1 2t | W), (3.1)

where f is a mapping, h' represents the network’s hidden state at time step ¢, and W
denotes the weights of the network connections. Primarily, there are three kinds of weights
in the RNN graph: input-to-hidden, hidden-to-hidden, and hidden-to-output connection
weights. To train the RNN graph, the first step involves the gradient computation of the
loss function with respect to the parameters involved in forward propagation from left to
right of the unfolded graph. This is followed by a back-propagation step, implemented using
an algorithm called back-propagation through time (BPTT) [63], moving from right to left
through the graph to update the new set of weight matrices. The forward propagation
step to calculate the output of and the losses usually involves the following equations
(using hyperbolic tangent as the nonlinear activation function and softmax function [16]

to calculate probabilities):

a' =b+ Wh'™' + Ua', (3.2)
h' = tanh(a'), (3.3)

o' =c+Vh, (3.4)

" = softmax(o"), (3.5)
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Here, b and c indicate the biases and U, V and W denote the weight matrices for input-
to-hidden, hidden-to-output, and hidden-to-hidden connections respectively. Considering
a differentiable loss function L(.,.), the loss for sequence = corresponding to its ground
truth y is determined as:

T
Z‘Ct = ﬁ(.ﬁlﬁ'l,l'Q,' o 7$T7y17y27' o 7yT)7 (36)
t=1

Finally, during back-propagation, the gradient of the function above is computed for
every iteration with respect to the parameters U, V, W, b, c, xt, ht, o', and L' to minimize
the loss.

Long short-term memory networks (LSTM) are an extension to the traditional RNNs
that use gated mechanisms to improve long-term dependencies in the input time series
data, especially for random variables like glucose concentration. LSTMs are known to
offer several advantages when compared to RNNs. First, the traditional RNNs are prone
to a problem called vanishing gradients, where the gradients, calculated during the back-
propagation step, diminish exponentially over time, thereby, hindering the learning of
long-term dependencies in the input data. LSTMs mitigate this issue through the use
of a gating mechanism, which enables them to selectively retain or discard information
over multiple sequential time steps and, thus, propagate gradients more effectively over
time. Second, RNNs often struggle to retain information over long sequences owing to
the limited capacity of their hidden state, resulting in difficulties in capturing long-term
dependencies in the time series data. LSTMs are specifically designed to capture long-term
dependencies in sequential data. Traditional LSTMs address this issue by incorporating a
cell state, enabling them to capture complex temporal patterns and dependencies in the
data more effectively.

Figure 3.2 shows a sample illustration of an LSTM cell. As evident from the represen-
tation, the inner self loop present in LSTM, in addition to the original architecture of a
RNN allows the gradients to flow for longer duration of time and are not fixed.

There are three gating units in an LSTM cell — the external input gate, the forget
gate, and the output gate - that control the flow of data inside the cell. The forget gate at
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Figure 3.2: A simple illustration of LSTM with cell state ¢!, hidden state h?, input 2!, and
output o'

a given time ¢t and the internal state decide whether the information should be discarded
from the cell state or not. It controls the self-loop by considering a nonlinear sigmoid
function o and setting the value of the weight between 0 and 1. If the value tends to 1, the
past information is retained, or else, if it is close to 0, then rejected. Following this, with
the help of the external input gate layer, it is decided which new information should be
added to the internal state. Finally, the output gate of the LSTM, which also implements
a sigmoid function unit, determines which output values should be passed or discarded.

To mathematically represent the working of an LSTM cell, the following equations are

considered:

ff=0o(Wa" + Ush'™" +by) ...(forget gate), (3.7)
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it = o(Wiz" + U;p' ™1 4+ b;) ...(input gate), (3.8)

o' = o(W,a' + U,h' ™! 4+ b,) ...(output gate), (3.9)

= flt it tanh(Wea' + U.h' ™! 4 b,) ...(cell state update), (3.10)
h' = o' .tanh(c") ...(hidden layer state), (3.11)

y' = h' ...(output), (3.12)

Here, 2 indicates the input, h' represents the hidden layer state, ¢’ refers to the flow
of information from one LSTM to another. Uy, U;, U,, U, and Wy, W;, W,,, W, indicate the
input and recurrent weight matrices respectively, and by, b;, b,, b. denote the bias terms, to
be learned while training the LSTM network.

3.3 Understanding sequence-to-sequence modeling and

attention mechanism

Sequence-to-sequence (Seq2Seq) models in machine learning have evolved as a progressive
step towards handling a wide range of problems involving sequential data. Their applica-
tions have widely spanned across areas like machine translation, where sentences in one
language are converted to another; text summarization, where a long article is shortened
into a brief summary; speech recognition, where the spoken language is transcribed into
text and in recent years, in better understanding of time series datasets. They usually offer
multiple advantages over conventional machine learning techniques. Firstly, these models
are efficient in being able to interpret input and output sequences of varying lengths. Tradi-
tional fixed-size input-output models cannot handle this variability precisely, but Seq2Seq
models deploy an encoder-decoder architecture that encodes the input sequence into a
meaningful, intermediate representation, which is then decoded into the output sequence,
allowing them to manage varying lengths effectively. Secondly, Seq2Seq models, partic-
ularly along with mechanisms like attention, excel at capturing long-range dependencies
and contextual information from within the input sequences. The mechanism allows us

to focus on the most relevant parts of the input sequence, improving the quality of the
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generated output.

The Seq2Seq architecture fundamentally consists of two primary components: an en-
coder and a decoder. The encoder’s role is to process the input sequence, one element
at a time, and transform it into a fixed-size context vector. This context vector is essen-
tially a compressed representation of the entire input sequence. The encoder is typically
implemented using recurrent neural networks (RNN), long short-term memory networks
(LSTM), or gated recurrent units (GRU). These networks are particularly suited for se-
quential data because they can maintain and update a hidden state that captures the
information from previous elements in the sequence. As the encoder processes each ele-
ment of the input, it updates this hidden state, and the final hidden state becomes the
context vector that encapsulates the information from the entire input sequence.

Once the encoder has processed the input sequence and generated the context vector,
the decoder then takes over to generate the output sequence. The decoder also uses RNNs,
LSTMs, or GRUs for its architecture and works step-by-step to produce the output ele-
ments. It starts with the context vector from the encoder and generates the first element
of the output sequence. This element, along with the context vector, is then used to pro-
duce the next element in an autoregressive fashion, and this process continues until the
entire output sequence is generated. A key challenge here is that the decoder needs to
rely heavily on the context vector, which may not always capture all the nuances of longer

input sequences.

Figure 3.3 shows a sample illustration of how a Seq2Seq model works. The encoder and
the decoder are both represented as a single layer of RNN cells. It should be noted that
the most fundamental structure of a Seq2Seq model uses only one context vector learned
from the encoder, as shown in the figure. However, to mitigate the limitation of relying on
a single context vector as the only source of information for the decoder, Seq2Seq models
use a mechanism called attention that allows the decoder to dynamically focus on different
parts of the input sequence at each step of generating the output. Instead of using only the
fixed context vector, the decoder can access the entire sequence of encoder hidden states,
assigning different weights to different parts of the input sequence based on their relevance
to the current step of the output sequence.

Traditional sequence-to-sequence models face many limitations while handling long
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Figure 3.3: An illustration of a sequence-to-sequence machine learning framework with its
encoder and decoder each functionalized with a simple recurrent neural network layer and
with an input vector of length n and an output vector of length m

input sequences due to a fixed-size context vector. The primary function of the context
vector as an output of the encoder is to capture all the information of the input sequence,
but with the gradual increase in the length of the input sequence, using a single vector to
summarize everything about the input becomes inefficient and leads to information loss.
The attention mechanism addresses this issue by allowing the model to focus on different
parts of the input sequence at each step of the output generation rather than relying on a
single fixed-size context vector. To understand this better, we refer to Figure 3.3. We have
an input sequence of length n fed to the encoder, which consists of a single layer of n RNN
cells. Let the hidden states obtained as output from the encoder’s cells be hqy, ha, - - , hy,.
Following this, for every time step t, the decoder generates the output sequence y;, =
{Y1,Y2,---,Y,,} from these hidden states, given m as the length of the output sequence
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desired. As per the definition of attention, at the first step, for every time step ¢, a set of
attention scores e, ; is calculated for each encoder hidden state h;. These scores represent
the relevance, or in other words, the importance of each hidden state to the current decoding
step. Typically, these scores are computed using a function of the decoder hidden state s;_1
obtained at the previous time step ¢t — 1 and the encoder hidden states h;. This function
could range from a simple dot-product operation to more advanced frameworks involving
learnable functions like feed-forward neural networks. Mathematically, for a function f to

calculate these scores, we have,
et = f(si—1,h;) (3.13)

Following this, we normalize these scores to eventually get the attention weights, defined

as oy ;. Assuming softmax function for normalization, we have,

A exp(er,;)

DIV EC SICR)

Furthermore, the context vector, defined as ¢; for time step ¢ is computed as a weighted

(3.14)

sum of the encoder hidden states, using the attention weights as,

Cy = Z g ih; (3.15)
i=1

Eventually, the context vector ¢; is combined with the decoder hidden state s;_; to produce

the output for the current time step y;.

There are multiple types of attention depending on how the attention scores are cal-
culates. One type of attention is the additive attention, also known as, the Bahdanau
attention, named after its study [10]. In this case, the set of attention scores are calculated

using a feedforward neural network with a single hidden layers as per the equation:
€ti = ’UT tanh(Wlst,l -+ W2h1> (316)

where v, Wy, and W5 are all learnable parameters.

Another form of attention, called as the dot-product attention, or the Luong attention

[58] computes the scores using a simple dot product between the previous decoder hidden
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state and the encoder hidden states.
€ri = Sg_lhi (3.17)

A more improvised version, called as the scaled dot-product attention performs the con-
ventional dot-product attention but scales the scores by the square root of the dimension
of the hidden states to counteract the effect of large dimensions of the architecture, as
shown below. .

Sp—1hi

€ti = \/E (318)

where k is the dimension of the hidden states.

With the introduction of attention mechanisms, Seq2Seq models can now show an im-
proved performance while handling longer input-output sequences by focusing on relevant
parts of the input. Furthermore, it has improved the interpretability of these models as
the attention weights provide insights into which parts of the input the model is mainly

focusing on and are comparatively more significant compared to others.

3.4 Problem formulation and data preprocessing

3.4.1 Mathematical background

The primary aim of this study is to develop a machine learning framework that performs a
long-term forecasting of glucose in patients with T1D. For this, we formulate our problem
as follows. Let H € N (set of natural numbers) denote the number of patients considered in
the cohort with each patient indicating a unique glucose sequence in the study. We define
a notation [H] := {1,2,--- ,H}. Let h indicate any glucose sequence chosen at random
from [H] and let 7, indicate the number of CGM recordings performed in the study for
the sequence h. Let U, be the set of CGM measurements for h given as U, = {u};}ie[m.
Essentially U, € R™. Because the glucose profiles vary from one patient to another, we
normalize every U, to the same range. Let U} indicate the normalized version of Uj, for
patient h, such that U; € [0, 1]™, [0, 1] indicating the set of all real numbers ranging from
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0 to 1. Here 0 represents the lowest glucose value recorded by the CGM device, after
normalization, across the entire cohort of H patients, while 1 indicates the highest value
measured by the device.

After data preprocessing (explained in the next subsection), let X, := {z} }ie[r, be
the filtered, or in other words, the denoised glucose sequence obtained from U}, for each
h € [H]. Following this, we perform an operation on each X, called the seasonal-trend-
dispersion decomposition as explained in a recent study [28]. In this case, we extract
three different components from the filtered glucose sequence X,. First, we have the trend
component sequence T} whose primary function is to capture the long-term patterns, or
trends in the glucose sequence Xj,. This could indicate any long-term changes influenced by
meal timings or exercises or any other similar factor, at regular intervals, on the patients’
glucose levels. We obtained T}, by applying a moving average smoothing operation with a
pre-specified window size on X},. Let z be the window size. Second, we have the seasonal
component sequence Sy, which mainly focuses on capturing the high-frequency, short-term
fluctuations that occurs in the glucose profile X,. We considered an assumption that
Xy =Ty + Sy, and obtained the seasonal component Sj, by subtracting the trend sequence
from Xj,. Lastly, we considered a dispersion sequence Dj; that indicates the measure of
dispersion and its variation with time for the sequence X}, as a measure of controlling the
problem of heteroscedasticity in glucose time series problems. (explained further in the

next subsection)

Let m be the number of past instants to consider for the input timeframe for the
forecasting model to interpret and n be the number of future instants we want to pre-
dict for the output prediction horizon. Essentially, m,n < 7, for every h € [H]. Having
obtained the individual components from each filtered sequence X}, we proceed towards
defining the inputs for our model. For this, we consider a window of size m and slide
it across T, to obtain a subset or segment of the form T, ,f:”m’l = {t{l}j:i,iﬂ,...ﬂm_l
where tfl indicates any particular value in the trend sequence. We applied the same op-
eration on Sj, and Dy, to obtain subsets of the form S}~ ' and D;"*™"!. We further
consider a fourth subset called as the lookback input, that considers the most recent in-
formation about the filtered glucose sequence X} from the entire input timeframe ranging
from i to i +m — 1 for any given i. For this, we consider ¢ as the number of instants of
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the input timeframe to include in the lookback period. Essentially ¢ < m. Thereby,
from definition, the lookback input is given as XZLer_q:ier_l = {xi}jzwm,q’...ﬁm,l.

Finally, to learn the forecasting model, we consider a mapping M such that it accepts

i:i+m—1 i:i+m—1 wi+m—1 1+m—qii+m—1
Th ) Sh ) Dh Xh

and as its inputs. The predicted output vector

will consist of n elements, as per the definition of our output horizon. We define the
output glucose vector as Yy, 1= M(TFHm=1 gritm=1 piitm=1 xitm=gitm=1 9y where
0 represents the set of learned parameters. The main reason to consider a lookback in-
put for the model is to ensure that not only the errors in predicting the glucose val-
ues are minimized, but also the predicted glucose trajectory moves in the correct direc-
tion and validates the expected long-term trends in the glucose levels of the patient.
To finally evaluate the performance of the forecast, we compare the predicted vector
Y}, in with its corresponding ground truth, extracted from the original filtered glucose
sequence X as Xﬁmzi*m*”’l. Therefore, for our problem, we construct a dataset as
D = (T, S, D X ) i neie We
further partitioned D into two parts, one for training the model M and the other for

evaluating its performance.

3.4.2 Data preprocessing

The first step of data preprocessing involves the removal of noise from the glucose se-
quences for each patient recorded by the CGM device. After normalization of the recorded
sequences, we implemented a low pass filter that removes the high-frequency noise from
the normalized sequences U}, h € [H]. As defined earlier, the resulting filtered sequence
obtained from U} is Xj,. In Figure 3.4, for a sample patient, the sequences U} and X, are

represented as "normalized glucose sequence” and ”filtered glucose input” respectively.

In the next step, we consider a framework that considers the issue of heteroscedasticity
in glucose sequences to improve the forecasting performance in the long term scenario.
Heteroscedasticity primarily refers to a condition in which the variance of the errors in a
regression model is not constant across all levels of the independent variables considered
in the model. In the context of time series forecasting, in a heteroscedastic time series,
the variability of the error or deviation changes with time and is never stationary. Almost
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Figure 3.4: A summary of the data preprocessing steps implemented before learning the
glucose forecasting framework

all real life time series datasets, like in the case of CGM recordings, are heteroscedastic in
nature. However, a majority of algorithms used in time-series forecasting applications, like
an autoregressive model, assume a constant variance or deviation with time, resulting in a
failure to deal with seasonal variations in time dependent sequences like glucose recordings,
and thereby, resulting in a failure to provide a precise and accurate forecast. For this, we
consider the seasonal-trend-dispersion decomposition technique [28] to eventually find a
sequence that keeps track of the variance or dispersion with respect to time corresponding
to each filtered sequence Xj,. First, we assume X}, has a seasonality of time period w, and
its length 73, is a multiple of w. Considering z = &, z € N, we partition X into z equal-
sized vectors of length w. We consider each such vector as X7 € (0,1)", s = 1,2,..., z.
Let Z, € R be the standard deviation of the s seasonal cycle X;. Now, we define a

new sequence P, € (0,1)™ of same seasonality period w, such that its s seasonal cycle
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Pf € (0,1)" is given as P = {Zs, T, ..., Ts} (w times).

In Figure 3.4, ’dispersion sequence’ refers to the sequence P,. As evident, P, at any
given time instant is not always zero, indicating a change in variance with time. This
further proves that the filtered sequence X, is not a constant variance signal, or in other
words, it is heteroscedastic in nature. Let P, = {p}, }ic[r,]- However, P, is noisy. Hence, we
focused on its significant peaks only by binarizing it. Let the new binary sequence created
be PPn = pzm’i}ie[m], where F' is a function R — R, and,

Th ;
N, 7 } 7 B
PZ Y =F(p,) = ( § f_—:).max (ph - —maa;( h),O) (3.19)
=1

where i € [r;] and, h € [H]. (>, i—}h) is a constant used for scaling PY™. The bi-
nary dispersion sequence P is fundamentally, an aperiodic square wave signal of varying
amplitude, and the jump discontinuities at the corner points may disrupt the model in ac-
curately predicting future glucose trajectories. Hence, we further implement a smoothing
operation on PP by defining G as a zero-mean, discrete Gaussian waveform and perform-
ing a discrete-time convolution of PY™ with G to finally obtain the dispersion component

sequence Dy, as,
Dy, = k.conv(Py™,G) = k.(Py" x G) (3.20)

where, k is a scaling constant used for bringing D, and the trend and seasonal components
T, and S} all within a comparable range. * denotes discrete-time convolution operation
between two sequences. In Figure 3.4, Dy, is represented as "modified dispersion input”.

3.5 Experiments

3.5.1 Experimental settings and model architecture

We utilized the CGM data collected in a previous study [32], currently available open-
source in GitHub [31], and recently explored in multiple glucose forecasting-based studies
[7, 78]. The cohort consists of 38 patients in total, that is H = 38. The CGM measurements
were taken after every 5 minutes. For model training and evaluation, we partitioned the
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dataset D into three distinct parts - training, validation, and testing sets. We used a
ratio of 20 : 1 : 1 respectively. The validation set was used exclusively for hyperparameter
tuning for our model, with the aim of preventing overfitting and optimizing the model’s
performance further. In hyperparameter tuning, we implemented a random search method
to find an optimal set of values for the learnable parameters 6 of our model. Essentially, the
validation data was not used during the training of the model but was limited to finding
the set of learnable parameters # and was not used in the test dataset, ensuring an unbiased
evaluation of our architecture and all the baselines considered.

The performance metrics used for evaluation were mean absolute percentage error
(MAPE) and root mean squared error (RMSE). For our problem, as per the definitions in
Section 3.4.1, we considered m = 180, the number of past instants to consider in the input
timeframe. We evaluated our model under two conditions - a long-term scenario of 3 hours
and a short-term scenario of 1 hour. Hence, for our problem, n = 12, or 36 (12 instants
refers to 1 hour). For the lookback input, we considered ¢ = 60. To derive the dispersion

sequence, we assumed a seasonality of time period equivalent to w = 10 instants.

Figure 3.5 illustrates the model architecture we used in our study. We describe our

framework in the following steps:

1. To begin with, for each example in the dataset D, we considered 4 inputs - a trend

input 7;"*™~! a seasonal input S} a dispersion input D}**™~! and a lookback
input X; "1 Next, we defined a separate encoder that generates a unique

representation for each of 4 inputs.

2. The encoder consists of a self attention layer followed by a layer of LSTM networks.
During self attention, the simplest form of attention, the query, key and value of
the conventional attention mechanism are assumed all equal to the input sequence
received. LSTM networks were chosen here owing to their superior performance in
handling time series problems compared to conventional RNNs.

3. We further consider the 2 encoders associated with the trend and seasonal inputs
and generate two sequences. The first sequence is obtained by concatenating only
the final context vectors from the 2 encoders. The second sequence is obtained
by concatenating the hidden and cell states of the LSTM networks used in the 2
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encoders in all the previous time steps as one whole sequence. The purpose of the
first sequence is to feed the trend and seasonal information to the decoder together
after being studied separately by the encoders. We implemented one more step of self
attention followed by a layer of LSTM networks to summarize the information further,
ensuring the most relevant features in the long-term trends and short-term seasonal
fluctuations are only considered. The second sequence is fed to a self attention layer,
whose output is used to initialize the LSTM used in studying the first sequence.

—
trend
. encoder 1
input —
O
concatenate concati:inate
cell states ERIEoRE
- representations
seasonal L )
. encoder 2
input
f—‘—\ f—‘—\
self attention self attention
layer layer
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input encoder 4 |
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update
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——‘_\
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all inputs to
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—
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(encoders 1, 2, 3 and 4) H (decoder) : vector

Figure 3.5: An illustration of our long-term glucose forecasting architecture
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4. The resulting information obtained after applying the concatenated trend and sea-
sonal context vectors to the LSTM network, together with the encoder representa-
tions obtained from dispersion and lookback inputs, are further concatenated to be
finally fed to the decoder. The decoder used in our framework is primarily based
on a multi-layer perceptron architecture with two hidden layers to generate the final
output glucose vector Yy, .

3.5.2 Results

To compare the performance of our proposed framework with state-of-the-art approaches,
we considered the following baselines for the study:

1. The first baseline considered was a random forest (RF) model, a standard time series
forecasting algorithm that focuses on building multiple decision trees simultaneously
to summarize information from the input sequences and then compares or aggregates
the responses from each tree to generate the final output glucose vector. Parameters
like the number of trees constructed and the maximum depth of each tree were varied
to achieve optimized forecasting predictions. Each tree was constructed with all the

training examples and no sub-sampling of the training dataset was involved.

2. The second baseline considered was a multi-layer perceptron (MLP) model. This
baseline primarily represents a very primitive form of an artificial neural network
that uses 1 hidden layer to map the filtered input glucose sequence to the predicted
glucose vector. Parameters like the number of iterations, the size of the hidden
layer, the loss function used, and the learning rate were varied to achieve optimized
forecasting predictions.

3. For the third baseline, we considered a state-of-the-art study [78] that suggests the
use of Transformers as a Seq2Seq approach and infinite mixture models to quantify
uncertainties in predictions for accurate forecasting of future glucose trajectories.
The study focused on short-term glucose predictions up to 1 hour, and considering
the importance of long-term forecasting, we implemented the same model for the
long-term scenario of 3 hours.
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In Tables 3.2 and 3.3, we summarize the forecasting errors (MAPE and RMSE) obtained
with the 3 baselines and our proposed framework for both short-term (1 hour) and long-
term scenarios (3 hours) respectively. The predictions from all the 4 cases were executed
in multi-output condition, that is, we predict the entire output timeframe all at once.

For both short-term (1 hour) and long-term (3 hours) forecasting scenarios, our frame-
work gave the best performance, followed by Gluformer for the 3 hours case and random
forest for the 1 hour case. The MLP and RF baselines along with our framework were
implemented on the filtered glucose sequences, whereas, for Gluformer, the original record-
ings were used as proposed by the protocol in the article [78]. The fact that Gluformer
performed worse than RF and MLP in short-term also shows how filtering of glucose se-
quences improved forecasting performance whilst it removes noise from the original CGM
recordings.

Table 3.2: Short-term forecasting metrics of our model versus the baselines
considered in this study

Model MAPE RMSE
Random forest 4.578 6.004
Multi-layer perceptron 11.45 9.0041
Gluformer 9.599 18.142
Proposed framework 3.893 3.789

Table 3.3: Long-term forecasting metrics of our model versus the baselines
considered in this study

Model MAPE RMSE
Random forest 49.739 33.714
Multi-layer perceptron 44.171 40.061

Continued on next page
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Table 3.3: Long-term forecasting metrics of our model versus the baselines
considered in this study (Continued)

Model MAPE RMSE
Gluformer 18.604 36.44
Proposed framework 10.416 10.868

3.6 A summary of challenges addressed

The challenges addressed during this work with respect to the theme of long-term fore-

casting of blood glucose are summarized as follows:

1. The architecture proposed in this thesis aims at forecasting blood glucose in the long
term for improved performance in applications like insulin dosing for T1D patients.
A comparison of our model’s performance with a state-of-the-art study and a few
baselines showed that the model performs better in the long-term scenario (for 3
hours) and even in a short-term scenario of just 1 hour.

2. Glucose profiles of patients recorded using conventional CGM devices often suffer
from unwanted noise. Especially if we are working on forecasting glucose trajectories,
it corrupts and paves the way for errors that are hard to disentangle from the actual
predictions. During the data processing stage, we used a low-pass filter that removes
this noise from the glucose profiles in the dataset we considered.

3. A glucose sequence fundamentally consists of two components - a high frequency, or
seasonal component, that represents the short-term fluctuations, and a low frequency,
or trend component, that captures the long-term patterns or trends in glucose lev-
els. Feeding filtered glucose sequences directly to a time series model makes it very
difficult for the framework to understand the long-term patterns and the short-term
fluctuations simultaneously. We divided the filtered glucose sequences into trend
and seasonal sequences that allowed our architecture’s encoders to understand them
separately before feeding them to the decoder to produce the final output.
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Chapter 4

Quantification of personalized sensing
delays for a novel CGM-CKM device

4.1 Sensing delays in interstitial fluid-based biosens-
ing

Interstitial fluid (ISF) is the fluid underneath the skin that surrounds the cells in body
tissues and provides a medium through which nutrients, oxygen, and waste products are
exchanged between blood and cells. It constitutes a significant part of the extracellular
fluid, occupying the spaces between cells and accounting for about 16% of an individual’s
body weight. ISF is essential for maintaining the homeostasis of tissues, acting as a buffer
and intermediary for the transport of substances. Its composition closely resembles that of
plasma but lacks the high protein concentration in blood. Over the years, ISF has proved
to be an easily accessible source of biomarkers, as it reflects the metabolic state of the
surrounding body tissues. Wearable sensors, developed for analyzing ISF and measuring
these biomarkers, offer a minimally invasive approach to continuous health monitoring [73].
These wearable sensors, which are increasingly becoming prevalent, can potentially replace
the invasive blood-based measurements [59]. Continuous glucose monitoring (CGM) de-
vices, leveraged with microneedles or minimally invasive probes, are an excellent example

of ISF sensors that have transformed diabetes care by facilitating real-time tracking of
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glucose levels in human bodies [35] by offering a less painful and more convenient method
of monitoring compared to traditional blood-based sampling techniques. However, a sig-
nificant limitation of wearable ISF sensors is the presence of a delay between the actual
concentration of biomarkers in blood and the concentration recorded by the ISF sensors
[71]. The delay is mainly caused by variations in transport efficiencies between the ISF
and the blood in circulation [50]. Studies have shown a 5 to 20-minute delay in detecting
changes in blood glucose compared to the measurements performed by CGM [11]. Yet, the
delay for other crucial biomarkers, such as ketone bodies and insulin, remains unknown.
Furthermore, the delay can vary among individuals, emphasizing the need to determine
personalized delays. To successfully incorporate continuous wearable ISF monitoring into
clinical practice, it is essential to be able to understand the delay between ISF and blood

levels for clinically significant analytes in a precise and personalized manner.

Over the past years, several machine learning-guided platforms were developed to an-
alyze a patient’s ISF glucose information obtained from CGM devices [91]. As discussed
before in Chapter 2, these ISF-based glucose models primarily explored two different prob-
lems - classification of glycemic control profiles for alerting patients of the risk of events like
post-prandial hypoglycemia (glucose < 72mg/dl) [17, 70, 92] and, introducing time series
models that predict glucose levels for the next 15 minutes up to 1 hour. The algorithms used
by these models ranged from classical statistical methods like autoregressive models [31] to
more advanced artificial neural network frameworks [5], long short-term memory networks
[60], Gaussian processes [30], support vector machines [35, ] and transformer-inspired
encoder-decoder models [7, 78] to name a few. However, one downside of these approaches
is that they have not accounted for the delays between the blood and ISF measurements
and are solely limited to the evaluation of glucose levels. The sensing delays occurring be-
tween blood-based and ISF-based biosensor measurements for various analytes primarily
arise from the physiological processes involved in their transport. ISF, which surrounds the
cells in tissues, receives the target analyte from capillary blood through a diffusion process.
The analyte must first leave the capillary blood vessels and diffuse through the capillary
walls into the interstitial space. However, this diffusion is relatively slower when compared
to the rapid transport of the same analyte in the bloodstream. This eventually results in
the introduction of a sensing delay or a time lag in the measurement of ISF levels in com-

parison to blood-based measurements. The slow diffusion is influenced by multiple factors,
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like the permeability of the capillary walls, the distance between the blood capillaries and
the interstitial space, and the concentration gradient of the target analyte.

Here, we developed a new wearable platform for continuous monitoring of glucose and
ketone bodies (called CGM-CKM device [8, 37]) in ISF. Specifically, patients with type 1
diabetes need to track their ketone levels in addition to their glucose to avoid the risk of
diabetes ketoacidosis (DKA). The primary aim is to calculate sensing delays between the
levels of glucose and ketones in blood and ISF, personalized for every individual subject
under study, and thereby improve the performance of this real-time monitoring device,
leading to a better quality of life for people living with diabetes, and specifically, DKA.
Subsequently, for our purpose, we explored the use of decision tree-based algorithms to
quantify such delays between the ISF-based detection from the CGM-CKM device and
blood-based measurements of glucose and ketone levels in different diabetic rats. We
achieved this by applying three different boosted decision-tree algorithms that estimated
an ISF-level time series corresponding to a reference blood-based time series. Following
this, we cross-correlated the predicted ISF response from the device against the blood
levels and estimated a delay specific to each tested animal. Determining the sensing delays
between ISF and blood will eventually enable personalized auto-adjustment of the CGM-

CKM device for future human studies.

4.2 Decision tree-based algorithms: a brief introduc-

tion

4.2.1 Decision trees and random forests

A decision tree is essentially a supervised learning technique that finds its application in
both classification and regression problems in machine learning. Figure 4.1 represents a
simple illustration of a decision. It primarily constitutes a graph-based structure that
works by splitting the data into subsets based on the value of input features, making
decisions at each node to reach a conclusion at the leaf nodes. Here, the root node, or the
topmost node, represents the entire dataset; internal nodes indicate the nodes where the
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data is split based on feature values, and leaf nodes denote the terminal nodes that hold
the output (continuous values for regression problems like time series forecasting). Based
on the importance of the branches splitting the nodes, a technique called pruning is used

to prevent overfitting scenarios.

root node

internal internal

node node

Figure 4.1: A simple illustration of a decision tree

The splitting of nodes in a decision tree model involves the use of an impurity measure
(or measure of randomness). For regression problems like forecasting, one common impurity

measure used is variance reduction, or in other words, mean squared error, given as,

Var(t) = + >~ 9)? (@.)

where ¢ represents the mean target value at any given node ¢. Furthermore, to develop a
decision tree model, a metric called information gain is used to measure the effectiveness of
a feature split. It quantifies the reduction in entropy (or uncertainty) achieved by splitting
the data based on that feature. Essentially, it compares the entropy of the dataset before
and after the split, with a higher information gain indicating a more effective feature. The
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decision tree algorithm uses information gain to select the feature that best separates the
data, thus improving the tree’s ability to make accurate predictions. It is given as,

IG(S, A) = Entropy(S) — Z %Entropy(sv) (4.2)
veEValues(A)

where S represents the dataset, A indicates the feature, and S, is the subset of S for which
feature A has value v.

However, applying decision tree models for forecasting problems comes with a few
downsides. First, decision trees are prone to overfit the training data, especially when they
are allowed to grow to their full depth without any constraints, making them sensitive to
noise and resulting in poor generalization to new test data. Second, any slight change in
the data can lead to a very different tree structure, which means that decision trees are
pretty unstable. This usually occurs because the splitting process in decision trees is based
on a greedy approach and is locally optimal, which may not always result in achieving the
global optimum. To solve these issues, random forest models offer a solution by considering
an ensemble learning approach that combines multiple decision trees together to improve
the overall performance and reduce the chances of overfitting. To construct a random
forest model, at first, a technique called bootstrapping aggregating or bagging is used that
randomly samples the entire dataset with replacement to train each individual tree. Let B
be the number of bootstrapped training datasets Dy, Dy, -+ , D chosen from the original
dataset D. Furthermore, to add feature randomness, a subset of features is randomly
selected for each split in each tree. Finally, a voting process is performed that aggregates
the individual outputs of all the trees to generate a single final output. In case of forecasting

problems, usually the average of the prediction is considered, given as,

i= > T (4.3)

b=1

where T}, represents the output of the tree using the training set D,. With this approach,
random forests offer multiple advantages over decision trees. They not only offer reduced
chances of overfitting compared to individual trees but also handle larger datasets with
higher dimensionalities. Additionally, they are also robust to noisy data and outliers due
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to better generalization to newer data points, when compared with decision trees. However,
this does not ignore the fact that random forests could be computationally more intensive
and less interpretable than decision trees.

4.2.2 Boosting algorithms

Boosting algorithms are another class of ensemble learning models that are based on de-
cision trees. Unlike random forests that consider individual decision trees and aggregate
their predictions together, boosting algorithms focus on sequentially constructing multiple
decision trees to achieve optimal performance. In the following subsections, we discuss a
few commonly used boosting algorithms for time series modeling.

Gradient boosting

In gradient boosting [33], just like random forests, an ensemble of decision tree models are
built. However, they are introduced in a sequential manner such that every new decision
tree corrects the errors in prediction of the previous tree. The main idea is to minimize
a loss function by adding models that predict the residuals, or in other words, errors of
the previous models. To construct a gradient boosting ensemble, we first assume n as the
number of trees to construct and N as the number of training examples. Following this,
we define a "weak” learner, or a weak predictor, Fj to initialize the model. A common way
to define Fy for regression problems is to consider the mean or average of target values,

given as,
1N
Now, let ¢ = 1,2,--- ,n indicate any given step of iteration and j = 1,2,--- N as the

index for any fixed training example. For every i, we first compute the residuals for each
training example based on the model constructed in the previous step as,

S0 _ 0Ly, Fioa(z)))
! 0F;1(x;)

(4.5)
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where, L(.,.) is any differentiable loss function. Following this, we fit a new model h;(x)

to the residuals rj(-i). The aim of this model tries is to predict the residuals. Finally we

update the model F; by the following additive equation,
Fi(xz) = Fi_1(x) + ahi(x) (4.6)

where, « represents the learning rate that controls the importance of the update the newer

model F; makes over Fj_;.

The choice of the loss function L to learn the residuals could range from simpler func-
tions like squared loss to advanced measures like quantile loss. For example, in case of
squared loss, we have,

1 2
L(y;, Fier(w)) = 545 — Fima(25)) (4.7)
In this particular scenario, the residuals will be given as,

) = y; — Fioa()) (4.8)
that is, the difference between the actual ground truth and the predicted values by the
model F;_; at the previous step i — 1. For practical considerations, the parameters that are
varied to find the best possible gradient boosting ensemble for the given dataset include
learning rate «, the number of iterations n, the depth of each tree built, the loss function
used to learn the residuals. In many cases, instead of considering the entire training dataset
for learning each step, a fixed percentage (called as the subsampling fraction) of all the
training examples chosen at random with replacement are considered for every iteration
to prevent any further chances of overfitting. Figure 4.2 shows a simple illustration of the

working of a gradient boosting model.

XGBoost

Implementing gradient boosting for forecasting problems, however, comes with a few down-
sides. Due to sequential learning of multiple decision trees, gradient boosting is often
intensive and requires a large training time if the number of iterations is significantly

high. In this regard, extreme gradient boosting (XGBoost) [20], a widely used variant of
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Figure 4.2: A simple illustration of the gradient boosting algorithm

gradient boosting, offers an improvised solution to this problem. XGBoost extends the
basic framework of gradient boosting with several enhancements that make it faster, more
efficient, and more robust. One key improvisation lies in the optimization technique em-
ployed by XGBoost, which includes parallel processing and hardware optimization that
results in significantly reduced training times compared to traditional gradient boosting.
In addition to this, XGBoost also incorporates advanced regularization methods (L1 and
L2 regularization) that help prevent overfitting and enable better generalization to newer

data points.

In contrast to the loss function used in gradient boosting, the objective term used for

XGBoost can be represented of the form,
N n
L= Ly )+ Y AR (4.9)
j i=1

J=1
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where, n is the number of trees or iterations, N represents the number of training exam-
ples considered, L is the differentiable loss term used earlier for gradient boosting and F;
represents the i-th tree constructed, given ¢ = 1,2, --- ,n.  represents the regularization

term, given as,
T,
1. —
QF}) =T + ;A ;wk (4.10)

where, T; indicates the number of leaves in the tree F}, w; denotes the weight of the k-th
leaf in the tree F; and A is the regularization constant. In simpler terms, the regularization
term Q(F;) includes the effect of the weights learned in every iteration, and is eventually
added to the loss term L to constitute the minimization objective.

Another significant difference in comparison to gradient boosting is XGBoost’s ability
to handle missing values and its implementation of shrinkage (learning rate reduction) and
column subsampling, which often contributes to better model accuracy and robustness.
The built-in support for early stopping and integrated cross-validation further streamlines
the model tuning process, making XGBoost more user-friendly and efficient than traditional
gradient boosting methods. Overall, these enhancements make XGBoost a more robust

and versatile tool for many machine learning tasks.

CatBoost

Categorical boosting (CatBoost) [08] is another widely-used decision tree-based framework
inspired by the traditional gradient boosting algorithm that finds its application in both
classification and regression problems in machine learning. CatBoost primarily extends the
framework used in gradient boosting and includes the objective function functionalized with
a regularization term (2, implemented in XGBoost algorithms, to handle any given dataset
that involves the use of categorical features. It uses multiple techniques like Bayesian
smoothing and one-hot encoding to transform categorical targets into numerical values.

To further improve computational efficiency, CatBoost considers two more factors.
First, it implements ordered boosting, which means the decision trees are constructed
using ordered statistics to mitigate overfitting. In traditional gradient boosting or XG-
Boost, the same data is used to train and evaluate trees, but in ordered boosting, the
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data is split into two parts, one which is used to determine the splitting of the nodes and
the other to evaluate it. Second, CatBoost grows symmetric trees, which means that the
same splitting criterion is applied to both branches of a node. This ensures a balanced
growth of trees in the ensemble and a stable training of the model, improving the overall

performance.

4.3 Mathematical background

4.3.1 Problem formulation

The primary aim of this study is to quantify sensing delays between blood-based and ISF
measurements, personalized for every subject under study. For this, we consider n € N
as the number of tested subjects in the dataset for glucose or ketone measurements. We
defined [n] := {1,2,...,n}. Let k indicate any subjects chosen randomly from the set [n]
and my be the number of times that subject k was tested. A dataset with examples of the

form
D= {(Xz’,k>yi,k)}ie[mk],ke[n] (4.11)

was defined. x;;, € R® was the vector of all input features extracted from the CKM or
CGM sensor platform, s € N was the number of features in x;;, and y;, € R indicated
the corresponding output analyte concentration. Here, the primary objectives were: (a)
to construct a mapping (or function) Fj, : R® — R for every individual k that learns from
the vector of input features from CKM or CGM sensor x;; to make an estimation for the
ketone or glucose levels, respectively, in blood y;x, and (b) to find an optimal delay 7y
by which the subject k’s predicted ISF levels Fy(x;; 0)) should be delayed to match with
its corresponding blood concentration y; ; as close as possible. ) was the set of learned
parameters of the model Fj for subject k.

4.3.2 Quantifying time-lags between blood and ISF

To learn the personalized ISF prediction models F}, and consequently find the delay 7, we
considered a leave-one-subject-out scheme, where, at a time, we fixed only 1 subject (i.e.,
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k). For this k, let k* represent any other subject in the dataset D other than k, that is,
k* € [n]\{k}. Next, we divided D into two partitions - a training dataset DF . and a test
dataset DF ,. We considered,

Dy ain = DV = {(Xi 4= Yior) Ficlmpe Lo+ enl\ ) @04, (4.12)

Dfest =D = {(xi g, yi,k)}ie[mk] (4.13)

and D¥

tes

It should be noted that DF

train
k

ain 0O train [y using a learner algorithm. It should be noted

, were mutually exhaustive and disjoint. We then
used all the examples in D
that F} varies for every k based on the number of trees and loss function, emphasizing on
personalized predictions.

To test our model Fj, and find the delay for subject k, we defined two time series. First,

let

yZ""’d = {yz’,k}z‘e[mk} (4.14)

be the series of blood-based levels of k, to be used as ground truth for comparison with
ISF levels. Second, we consider,

yitE = {Fu (%3 0k) Yicimi (4.15)

as the series of the ISF-level predictions for k. Essentially, we define tx = {ti }vicpmt] as
the set of all time instants at which an ISF experiment was performed for k. For positive
scalar 7 € RT, we defined an operation, element-wise addition given as {t; + T }ielmt]
(element-wise addition). By definition of ISF delays, y.°F ideally should be a delayed
version of yb°°d. To find this delay, first, we linearly interpolated yi°* with respect to
t,. From the interpolated curve for ISF response, we re-sampled it, but instead, at times
{tir + T}icpmr), such that 7 € [Ty,40] U {0}, Timee being the physiologically acceptable limit
in minutes for ISF delays. By re-sampling at the modified time instants, the original ISF

response y°F was now delayed by T minutes to give us a delayed response - we labeled it
as yéSTF . We chose 7,4, the maximum limit of any delay to be 50 minutes. Finally, we

compared y;3" with y}'°°? and simultaneously, varied 7 in [7ynq.] U {0} to find the optimal

delay 7 = 7, for subject k that minimizes the error metrics (see Section 4.4.3 for more
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information). We propose that this 73 is the delay during the transmission of bioanalytes
from blood to ISF in subject k. If 7, = 0, it means transport of the analyte from blood to
ISF takes place in negligible time, whereas if 7, > 0, it means transmission in k requires a
significantly higher duration.

4.4 Experiments

4.4.1 Data collection

For both ketone and glucose monitoring, in our study, the number of diabetic rats tested
was n = 4. In case of CKM, the device output for a certain subject k at every time
of experiment ¢;, consisted of two time series - a pre-oxidation current p; representing
the amount of ketone recognition element present at the start of ketone detection, and a
detection current d,, indicating the amount of recognition element left after detection.
We annotated the 4 subjects for ketone sensing as - Rat 1, Rat 2, Rat 3 and Rat 4 as in
Table . Figure 4.3(a) gives a sample pair of p;; and d; profiles for Rat 2 (k = 2 for ketone
sensor) at time ¢;5 = 93 minutes. For CKM, however, due to experimental restrictions,
the blood-based measurements were performed at a different set of time of experiments for
each subject k£ in comparison to ISF experiments. Let these time instants for blood ketone
recordings be t, = {fj’k}je[mzwod} (in minutes), m%°°? being the number of times blood
based ketone measurements taken for subject k. In other words, cardinality of t; U t;

> my and > leOOd, for every subject k.

To solve this disparity, the blood ketone levels, at first, were linearly interpolated with
respect to ty, as in Figure 4.3(b). From this curve, the blood ketone values were then re-
sampled, but instead, at times tj, for comparison with our ISF-based ketone predictions.
The profiles were recorded every 0.1s. p;; was measured up to 20s and d;; up to 50s for

every k.

For CGM, the device output for each subject k£ had two steps. First, a time-varying
current g, , indicating the glucose levels in k at time ¢;; recorded every 0.1s for up to 60s,
and second, a current-voltage loop for every k to interpret the scale of sensor response in
k and thereby calibrate g, ,. We annotated the 4 animal subjects on which the glucose
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Figure 4.3: (a): A sample CKM output - black and blue curves indicate preoxidation
and detection profiles; (b) the corresponding blood ketone graph; (c): a sample CGM
current-voltage loop; (d): the corresponding glucose current

sensing was performed as - Rat 5, Rat 6, Rat 7 and Rat 8. Figures 4.3(c) and (d) show
a sample current-voltage loop and its corresponding g, , profile. Because the g, , current
ranges varied from one in vivo rat to another, they were brought to the same level by
defining an adjustment factor. For this, from the current-voltage loop for every k, we
recorded the average current value corresponding to the maximum voltage level 0.6V for
every rat. Let this sampled current be Gogx. Choosing Gog 1 for the Rat 5 (k = 1 for
glucose) as the reference, we divided the Gy values for all the other rats 6, 7 and 8
(k = 2, 3,4 for glucose respectively) by Gy to find their individual scaling, or adjustment
factors. We later used these factors to re-scale their individual g; , profiles to a comparable
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range. Also, unlike the ketone measurements, in case of CGM, the reference blood glucose
levels were recorded at the same instants as the times of ISF experiments, that is, for our

lucose experiments, t; = t; and my = mb°°? in this case.
) k

4.4.2 Data preprocessing and input features

The varying physiological conditions inside each diabetic rat incorporated noise into the p; ,
and d; ;, profiles during ketone sensing. As such, we used a moving average filter to smooth
both the current profiles. The g, , profiles for glucose however had negligible noise and did
not require any such low-pass filters. To define the input features in x;;, we take samples
from the output current profiles from the CGM-CKM platform. For ketone, we sampled
P, and d; profiles at their end points. Let these samples be P, and D, respectively.
For glucose, we sampled g at 10s and 40s. Let these samples be g¢; z10 and g; ;40. For
CKM, the ratio % indicates the percentage of recognition element left after detecting
ketone bodies - directly proportional to ketone concentration in subject k. Administration

of insulin doses as a remedial action against DKA during our ISF experiments ensured a
Di,k
Py

time ¢; ;. Similarly for CGM, ¢; .10 + i k40 being directly proportional to glucose levels,

drop in ketone levels with time and hence, ideally should decrease monotonically with

should also decrease with time. Presence of outliers often disrupts these trends, and so,

we used a robust framework to remove such outliers. To remove outliers for CKM, we first
Dk
P

fixed any rat k and and performed a linear fit for { } - versus tp as in Figure 4.4
i€ mg

and rejected those ratios and their time instants which lied outside the 95% confidence
interval (shown in red) of the linear fit. For CGM, we performed a similar task using a
linear fit for {gi k10 + i k40 }icpm,) versus t; and defining similar confidence boundaries for
each rat k to remove the outliers. Following this, we moved on to train Fj) for every rat
k for both CGM-CKM. Finally, for ketone, we considered x;, = [P,x D;x tix] and for

glucose, X,k = [¢i k10 + Gikao tigl-

4.4.3 Performance metrics

To test the performance of F}, for subject k, we applied it on an exclusively new set of test

examples DE . To compare yr*F with yb°? we considered two metrics, mean absolute
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Figure 4.4: A sample plot for outlier detection

difference (MAD) (absolute error), defined here as M AD; and mean absolute relative
difference (MARD) (percentage error), defined here as M ARD,,. Both of these metrics are
widely-accepted to measure the accuracy of continuous monitoring biosensors, especially
for glucose [40, |. While comparing delayed ISF yiiF with y%°°d  we annotated the
metrics as MADy, . and MARDj . respectively. For every k, we varied 7 to find the
optimal delay 7 = 75, that minimizes M ARDy,; and M ADj, . between yiS‘TF and ground

truth y%o°?. Here,

1 & Yige — Fr(Xi k5 0k)
MARD, = — : = 4.16
and,
1 &
MAD, = - Z Yk — Fr(Xix; Ok)| (4.17)
k=1
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For CKM, we were also interested if the model can differentiate between normal ketosis
(F%(xi x5 0r) < 1.5mM) and hyperketonemia (F(x; x;6x) > 1.5mM ). Hence, for ketone, we
considered a third metric, mistakesy, ;, that counts the number of misclassified examples
in the binary classification between normal ketosis and hyperketonemia. Here,

mp

mistakesy, = Z <1Yi,k>1-5 # 1Fk(Xi,k;9k)>1~5> v <1§’i,k§1-5 # 1Fk(xi,k;9k)§1-5) (4.18)

=1

where V indicates the logical "OR” operation. The function 1 would equate to 1 if the
condition in the suffix is true, otherwise 0.

4.5 Results

Figure 4.5 represents an overall schematic of our approach. As described previously in
Section 4.3, we individually learn F} for every k. For this, to begin with, we implemented
3 different decision-tree based algorithms - gradient boosting, CatBoost and XGBoost.
Parameters like the number of trees constructed, the maximum depth of each tree, and the
loss function used were varied to achieve optimized glucose and ketone predictions. Another
parameter that was also varied was the subsampling function, which indicates that a certain
percentage of all training examples was chosen at random with replacement to construct
each tree in every iteration sequentially. We then computed the performance metrics, M AD
and M ARD, for different values of 7 with 1 minute interval for both CKM and CGM. By
varying 7, we chose the optimum delay as the time lag that minimized M AD as shown in
Figure 4.6. Tables 4.1 and 4.2 list the estimated optimal sensing delays for each rat for
the three different learning algorithms for both CKM and CGM respectively. For every
individual rat, the delays varied approximately in the range 9 — 44 minutes for the CKM
device and in the range 0 — 22 minutes for the CGM device. The differences between the
delays in individual rats clearly establishes the fact that there is an underlying variability
in ketone and glucose kinetics, even under controlled conditions with genetically similar
animals. This has important implications for human patients, who are genetically diverse
and have different environmental conditions, intensifying this inter-individual variability.
At the same time, the delays 7, obtained for every rat k for both the CKM and CGM devices
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for all the three algorithms were within the same range, which indicates the consistency of
our frameworks in quantifying delays for the CGM-CKM device. Additionally, the range
within which the delays varied for our CKM evaluation differed from the range in the
case of CGM. This can be attributed to how sensing delays occur while using ISF-based
biosensors. During the diffusion process of analytes from blood capillaries to ISF, the time
taken for diffusion is proportional to the square of the distance traveled to diffuse [31].
Simultaneously, this diffusion time also depends on features reflecting the nature of the
analyte, such as molecular weight, size, shape, solubility, and so on, and features reflecting
the location of the ISF measurement like the nature of the medium, temperature, and
other surrounding physical conditions varying across the specific subject. All these factors
account for two separate ranges of sensing delays for CKM and CGM.

For both CGM and CKM, we combined the delayed ISF predictions and the refer-
ence blood values for all subjects and determined the overall M AD and M ARD for each
algorithm as mentioned in Table 4.3. We also compare the overall M AD and M ARD ob-
tained for gradient boosting with state-of-the approaches. Table 4.4 gives a list of popular
CGM sensors available in market currently and their reported M ARD scores for varying
T1D subjects. As evident, our overall best MARD of 10.89% is at par with these prior
works. Similarly, we compare our performance for CKM with a recent paper that used
similar ISF-based technologies for detecting ketone levels in a minimally-invasive fashion.
As prescribed in its protocol, we divided all the predicted points into normal ketosis range
(< 1.5mM ) and hyperketonemic range (> 1.5mM ). We calculated M AD for the first range
and MARD for the second. As such, the scores for both the paper and our framework

were similar as shown in Table 4.5.

We further correlated the delayed ISF predictions obtained from applying gradient
boosting with the blood references for both CKM and CGM as shown in Figure 4.7. From
this, we obtained correlation values of 0.941 for CKM and 0.790 for the CGM device, when
compared with blood-based measurements.
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Table 4.1: A summary of the best possible individual delays 75 and their corresponding
metrics for CKM
MAD (mM) / MARD (%) 7 (mins)
Target Rat | Grad. CatBoost XGBoost | Grad. CatBoost XGBoost
Boost Boost
Ketone Rat1]0.100 / 0.164 / 0.192 /|31 23 18
7.714 10.982 12.803
Rat2 | 0.144 / 0184 / 0.114 /|9 11 1
8.500 9.739 10.254
Rat3 | 0.352 / 0376 / 0541 /|15 7 11
20.953 24.542 35.701
Rat4 | 0246 / 0328 / 0254 /|29 44 31
6.379 7.109 6.162
Table 4.2: A summary of the best possible individual delays 73 and their corresponding
metrics for CGM
MAD (mM) / MARD (%) 7, (mins)
Target Rat | Grad. CatBoost XGBoost | Grad.  CatBoost XGBoost
Boost Boost
Glucose Rat b | 4.147 / 3.643 / 4.000 /|0 0 0
18.849 20.966 23.428
Rat 6 | 1.208 / 3.104 / 4.384 /|13 9 9
13.502 32.851 45.599
Rat 7 | 1.143 / 0799 / 2497 /|22 19 10
5.378 3.457 12.374
Rat 8 | 0.661 / 0.682 / 0.655 /|3 10 10
4.075 4.477 4.070
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Table 4.3: A summary of the overall MARD and M AD for all the algorithms

Performance metrics
Target Algorithms used Overall ~MAD Overall MARD
(mM) (%)
Ketone Gradient Boosting 0.2261 10.8887
XGBoost 0.2915 16.3618
CatBoost 0.2849 13.4851
Glucose Gradient Boosting 1.5272 8.3838
XGBoost 2.4439 16.1028
CatBoost 1.5588 10.6467

Table 4.4: A literature summary of the MARD performances of some wide-

ly-used CGM systems implemented on human subjects

CGM system used Reference | Number of | Overall

subjects MARD
Abbott Freestyle Libre | | 12 13.2%
Medtronic Guardian 3 | [22] 88 9.6%
Senseonics Eversense [23] 90 8.8%
Abbott Navigator I [24] 6 11.8%
Dexcom G4 Platinum | [67] 10 10.9%
Dexcom G6 [96] 262 10%
Dexcom G7 [34] 318 8.2%

Adults: 71, Adults: 9.9%,
Medtronic SofSensor [98]

children: 61 children: 10%
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Table 4.5: Comparison of the overall M AD and M ARD obtained while imple-
menting our ketone sensing framework with a state-of-the-art study

[0]

Condition [6] Our approach
overall M AD for ketone levels < | 0.129 0.1799

1.5mM

overall M ARD for ketone levels | 14.4% 10.1083%

> 1.5mM

4.6 A summary of challenges addressed

The challenges addressed during this work with respect to the quantification of sensing

delays for glucose and ketone monitoring in DKA patients are summarized as follows:

1. The framework proposed in this chapter aims to evaluate the sensing delays or time
lags that occur during the prediction of analyte concentrations during minimally
invasive ISF-based monitoring when compared with blood-based standards. The
calculated time lags varied from one subject to another, proving that these delays are
often influenced by the genetic variabilities across a multitude of subjects within the
same study cohort. The delays also remained in close range for all three algorithms

implemented, showing the consistency of our framework.

2. The work explores the feasibility of using machine learning frameworks as a time
series problem to estimate blood ketone levels from the ISF for the first time. Future
implications of this include having more subjects in the study to include more data
points per individual and extending the framework to other algorithms.

3. Personalization is a key aspect of our approach, and it has significant implications
for clinical studies. By adjusting treatments to suit the individual patient’s unique
genetic constitution, lifestyle, and health conditions, it is possible to enhance treat-
ment accuracy, reduce adverse effects, and improve patient outcomes. Our use of the
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quantified sensing delays to calculate personalized sensor responses for every rat is
a clear example of this. As the delay plots show, the variation of our performance
metrics with time had a global minimum, indicating improved precision. This is a
powerful testament to the potential of personalization in improving the quality of
care.
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Variation of performance metrics with delay for Rat 2

= 2.004 120
2
=
m
& 1.75 -
& - 100
)
(&)
- 1.50 ~
g
S 125+ r80 £
£ o
g Z
%= 1.00{ =—— =
o F60 —
= ]
;E= 0.75 %
= =
E - 40
~ 0.50
s
T 0.25 1 L
] X ’
o
T 0.00 s
T T T T T T
0 10 20 30 40 50
( ) wvarying sensing delays (mins)
a

Variation of performance metrics with delay for Rat 8

2.5 F12
E 2.0 10 §
fa) @
< =
= =
® 151 87
o= -
o Lol
o] [F]
=] =]
e
1.0 A
-4
T T T T T T
0 10 20 30 40 50
(b) varying sensing delays (mins}

Figure 4.6: Sample plots for variation of metrics with delays for (a) CKM and, (b) CGM
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Correlation between ISF and blood ketone
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Figure 4.7: Overall correlation for CKM (left) and CGM (right)
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Chapter 5

Final remarks

Through this thesis, we have primarily explored how machine learning frameworks have
impacted and influenced existing therapies like continuous monitoring of analytes for the
prevention of type 1 diabetes and its complication, diabetic ketoacidosis. In the first half,
we discussed the use of a multitude of algorithms that have been used for forecasting blood
glucose levels and predicting any future risks based on continuous glucose monitoring data.
However, these prior works only focused on short-term prediction up to 1 hour, and in this
regard, we introduce a robust, sequence-to-sequence framework that extends this prediction
horizon to 3 hours. These long-term glucose predictions will give health professionals and
existing insulin delivery platforms more room to make better and more precise decisions
regarding insulin dosing for the concerned patients. However, this work has many scopes
for improvement. First, during comparison, we showed how our model gives a superior
performance with respect to a few baselines and a state-of-the-art article in both long-
term and short-term scenarios. However, we want to extend this by comparing it with
other sequence-to-sequence frameworks that have also been used for applications outside
glucose forecasting, like informer [107] and autoformer [101]. Secondly, for our study, we
used a data cohort that included only 38 patients. In the future, we want to make a similar
application and comparison of performance using other datasets recruiting type 1 diabetic
patients. Another avenue could be pre-training our model on one dataset and tuning it
based on another to allow our long-term glucose forecasting framework to learn from a
more diverse population.
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In this thesis, we further discussed about quantifying sensing delays or time lags ob-
served in interstitial fluid-based sensing compared to blood-based standards. We imple-
mented our framework with respect to continuous glucose and ketone monitoring for dia-
betic ketoacidosis patients. However, there are multiple plans to extend this work forward.
First, the evaluation was limited to only four diabetic rats for both glucose and ketone.
We are currently expanding our efforts behind data collection with our CGM-CKM device
to obtain longer time-series sequences from a larger number of diabetic rats in our study
cohort. The increased number of collected measurements will be used to enhance the preci-
sion of our algorithms for assessing these sensing delays and developing new representation
learning algorithms for time-series data obtained from such wearable devices. Secondly,
we plan to extend this framework to evaluate the performance of the CGM-CKM device
in human patients and utilize the developed predictive framework to measure time lags in
human subjects. Lastly, we quantified the personalized sensing delays using only decision
tree-based algorithms. In the future, we aim at expanding this to other state-of-the-art
machine learning algorithms like recurrent neural networks, to improve the generalizability
of the work.
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