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Abstract

In recent times, continuous glucose monitoring (CGM) devices are becoming
very popular, especially among clinicians and patients suffering from diabetes
(both T1D and, T2D). They help in management of patients BG levels, in the
formulation of the patient’s medication regime, etc. These CGM devices measure
the concentration of glucose in the interstitial fluid periodically (usually every
5min to 15min depending on the device) for several days (usually from 7 days to
14 days, depending on the device) and provide the user with a sequence of time
stamped ISF measurements, commonly known as the CGM trace. These devices
are gradually becoming cheaper and more robust and in recent times are quite
indispensable to many diabetes patients and clinicians.

Our goal is to use the CGM trace to estimate all other important metrics like,
HbAlc, FBG, etc. This would not only reduce the total cost of diagnosis and
management but also would remove the need for repeated blood-draws from the
patient. In this thesis we show that the standard model used for estimating HbAlc
from CGM traces, the Nathan model, cannot provide statistically reliable HbAlc
estimates for Indian CGM traces at a population level. We then introduce two
new models, which are able to provide statistically reliable HbAlc estimates for
the Indian T2D population. We then show that the Direct Model is also able to
provide reliable HbAlc estimates for the Indian T1D population. Next, we provide
a method, based on trajectory optimization, for estimating the continuous BG and

ISF traces from any given discrete CGM trace.
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Chapter 1
Introduction

Diabetes mellitus (DM) is a common metabolic disorder and in recent times it is
affecting an increasing number of people each year. There are affectively two ways
in which this metabolic disorder manifests itself. First as type 1 diabetes (T'1D),
where the individual looses their pancreatic S — cells and therefore is unable to
produce the insulin required to maintain an appropriate blood glucose concentra-
tion (BG). These patients require constant glucose monitoring every day and need
periodic insulin injections every day to help maintain an appropriate BG levels.
In the second manifestation the disorder is labeled as type 2 diabetes (T2D). This
manifestation is characterized by an increased resistance of the individuals body
to the effects of insulin. It appears as if the tissues in the individuals body are in-
creasingly immune or unaffected by the presence of insulin. This is sometimes also
accompanied by a reduction in insulin production by the individual. This results
in a consistently increased rate of insulin production by the diminished pancreatic
B —cells , which leads to them being stressed for a majority of their lifetime, which
in tern also degrades their ability to produce insulin efficiently. Therefore, in both
manifestations the disorder is characterized by the inability of the individual to
maintain appropriate BG levels resulting in a consistently high BG even though
physiologically both manifestations of the disorder are significantly different.

To understand this metabolic disorder, it is important to understand the glu-
cose insulin dynamics of humans. The glucose-insulin dynamical system of the

human body would not only involve the insulin and glucose concentrations in var-



ious parts of the body but would also involve various other enzymes, proteins and
hormone secretions that are involved with utilizing glucose or processing glucose in
the human body. Analyzing such a high-dimensional and complex dynamical sys-
tem is very cumbersome and difficult. Therefore, there have been many attempts
at constructing a simple model involving just a few variables like, the BG and, the
insulin concentration, that can mimic the original glucose insulin dynamics of the
human body with an appropriate level of accuracy. These generally involve prob-
ing the system and constructing a simple dynamical system which at least takes
into account the insulin and the glucose concentrations at various parts of the
body and involve verifying if the models could at least demonstrate qualitatively
a few of the phenomenon involved with diabetes. As the glucose insulin dynamics
is very complex and it is very difficult to probe complex metabolic pathways of
the human body; there has been only a few reliable glucose insulin models which
can represent many of the phenomena involved with diabetes.

Modern technology however has recently (in the last 20 years) provided new
tools that should help probe such dynamical systems easily in a reliable manner.
There have been various fast glucose monitoring (FGM) devices which allow an
individual to measure the glucose concentration of their blood very easily and with
minimum discomfort. These devices are very important for T1D patients who need
to repeatedly measure and, maintain their BG levels, multiple times a day. This
allowed us to construct studies where the BG of the participants were monitored
regularly in short intervals, essential generating a sequence of time stamped BG
measurements which could be considered as a discrete representation of the indi-
vidual’s continuous BG. This provided immense help in understanding the glucose
insulin dynamics of the human body and lead to the creation of various glucose
insulin models. Therefore, by understanding the value of such discrete representa-
tions of the BG and it’s need, for patients who have to regularly monitor their BG,
the continuous glucose monitoring (CGM) devices were introduced. CGM devices
are equipped with sensors that are placed in the interstitial fluid, under the skin
of an individual and are capable of repeated measurements of the concentration of
glucose in the interstitial fluid. These devices usually stay attached on the individ-

ual for a period of 7 to 14 days and are usually capable of storing and measuring



the interstitial fluid glucose concentration (ISF) every minute. These sequences
of time stamped ISF measurements are generally referred to as the individual’s
CGM trace. These CGM traces provide, in essence, a high resolution snapshot
of the individuals 14 day continuous ISF. These have been immensely helpful in
understanding the dynamics of glucose and insulin for humans. These devices are
accurate and easy to use and so are clinically used to monitor the patients glycemic
state and also prescribed to patients with severe insulin deficiency or severe insulin
resistance, patients who generally need to be administered insulin injections, to
help them maintain their BG levels.

In recent times (in the last 5 years) CGM devices have become very popular
and relatively cheap. Therefore, they are being widely adapted by clinicians all
over the world. This has given rise to a school of thought where, it is believed that
we only need a patient’s CGM trace and all other metrics required to diagnose
the patient’s diabetes could be estimated reliably from this CGM trace. This is
intriguing as it would definitely (as CGM devices get cheaper) make the diagnosis
and regular check up of diabetes more affordable and hassel free. In that line, there
have been various attempts at estimating popular metrics like the fasting blood
glucose concentration (FBG), post-prandial blood glucose concentration (PPBG)
and, Glycated Hemoglobin (HbAlc) from a given CGM and have also given rise
to a vast number of new metrics like the time in range (TiR), glucose monitoring
index (GMI), mean absolute difference score (MADS), etc. This is an active field
of research and has direct clinical impact. Till date there have been a huge number
of proposed metrics that measure or represent or indicate various aspects of the
glucose insulin dynamical system for humans. Only a few have survived the test
of time and have proven their clinical usefulness and reliability. HbAlc is one such
metric, it is essentially the percentage of mols of hemoglobin (Hb) in the blood
stream which have chemically bonded with sugar molecules.

Measuring the HbAlc is important, because a consistently high HbAlc value
would indicate consistent high concentrations of glucose in the blood stream, in-
dicating a potential failure of the body to regulate BG levels. HbAlc in the blood
can be measured using various methods, the most popular of them being high-

performance liquid chromatography (HPLC). Earlier these laboratory methods



were the only methods of measuring HbAlc and with the advent of FGM devices
there has been various attempts at estimating the HbAlc of an individual using
BG measurements made using FGM devices. These estimates essentially requires
using a FGM device to make multiple measurement of the individuals BG and
then calculating the aggregate average blood glucose concentration (aBG) and es-
timating the HbAlc from the calculated aBG value using a linear or non-linear
model. Of these various attempts, the Nathan model [9] is vastly regarded as the
standard model for estimating HbAlc. It was based on self-monitoring blood glu-
cose (SMBG) and CGM data. The Nathan model [9] however is a population level
model and is unable to give clinically reliable HbAlc estimates for an individual.

We show that the Nathan model [9] is unable to provide a statistically reliable
HbAlc estimates at a population level with CGM traces form patients with T2D,
patients with pre-diabetes (T2D) and non-diabetic individuals from the Indian
population. We then suggest two new models constructed from a CGM dataset
based on linear regression and constrained linear regression namely, the direct [32]
and, adapted Nathan model [32] which can provide statistically reliable HbAlc
estimates at a population level for patients with T2D, patients with pre-diabetes
(T2D) and non-diabetic individuals from the Indian population. We later show
that the Nathan model [9] is also unable to provide statistically reliable HbAlc
values at a population level with CGM traces from adolescent T1D patients of the
Indian population where as the direct model [32] is able to provide a statistically
reliable HbAlc estimates at a population level from CGM traces for adolescent
Indian T1D patients.

We later focus on providing an estimate of the continuous BG trajectory from
the corresponding discrete ISF measurements provided by a CGM device. Tra-
ditionally the protocols, algorithms and, methods used for diagnosis and man-
agement of diabetes were mostly based on the concentration of glucose in blood,
BG. However, with the advent of FGM and CGM devices there is no longer a
need to rely on methods that only focus on BG, or consistent excess BG as an
indicator for diabetes. FGM and CGM devices are encouraging clinicians to use
ISF traces and indicators like GMI for diagnosis and management of DM. And it

is argued that as the CGM devices are constructed/designed in such a way that



the difference between the measured ISF and BG at the time of measurement is
below a certain error limit, the discrete ISF trajectory can be used as a substitute
for the continuous BG. However, there have been many studies showing that the
discrete ISF cannot be considered a replacement for the continuous BG, Cobelli
et al. [19] showed that the relationship between BG and ISF is not a straight for-
ward scaling or a simple time delay equation, even though there have been many
studies showing that the time-lag between the ISF and BG is negligible when it
comes to its clinical use. It is therefore extremely important that we find a reliable
method of estimating the continuous ISF and the corresponding BG trace from the
measured discrete ISF trace. We therefore provide a method based on trajectory
optimization to obtain an estimate of the continuous BG and ISF trajectory with
a desirable degree of smoothness from the discrete ISF measurements provided by
a CGM trace.

In this thesis, [ present my work on the analysis of CGM traces, on estimating
the metric HbAlc and, on estimating the continuous BG trace corresponding to
the measured discrete ISF trace provided by the CGM device. To complete my
work I had received access to 4 annonymised CGM datasets which were paired
into effectively two datasets and used for analysis. The details of these datasets
are provided in Section. 1.1 and the documents for the ethical clearances to use
these datasets are provided in Appendix. C. The outline of my thesis is presented

in a brief manner in Section. 1.2.

1.1 CGM Datasets

We have received access to 4 CGM datasets but 2 of them were paired together and
used as one CGM dataset. We here provide the list of ethics clearance documents

that we obtained so that we could access these annonymised datasets.

1. The Pune-2021 dataset:

The reviewed data analysis for this dataset was approved by the Institu-
tional Human Ethics Committee (IHEC) of IISER Pune and the document
(filenumber: THEC/Admin/2021/15) is attached in Appendix. C.



The protocol for the study was approved by the Institutional Ethical Com-
mittee (IEC), Savitribai Phule Pune University and the ethics clearency doc-
ument (filenumber: SPPU/IEC/2020/102) is attached in the Appendix. C

2. The Joshi-2018 dataset:

The reviewed data analysis for this dataset was approved by the Institutional
Human Ethics Committee (IHEC) of IISER Pune and the ethics clearenc
document (filenumber: IHEC/Admin/2021/15) along as an extension is at-
tached in Appendix. C.

The protocol for the study was approved by the Institutional Ethical Com-
mittee (IEC), Maharashtra Medical Research Society and the ethics clearenc
document (filenumber: ECR/311/Inst/MH/2013/RR-19; Dated 14 March 2023)
is attached in the Appendix. C

3. The T1D 2022-2023 and T1D 20192020 dataset:

The reviewed data analysis for this dataset was approved by the Institutional
Human Ethics Committee (IHEC) of IISER Pune and the ethics clearenc
document (filenumber: IHEC/Admin/2023/002) along as an extension is at-
tached in Appendix. C.

The protocol for the T1D 2022-2023 study was approved by the Ethics Com-
mittee (EC) Jehangir Clinical Development Center Pvt. Ltd. and the ethics
clearenc document along as an extension is attached in Appendix. C.

The protocol for the T1D 2019-2020 study was approved by the Ethics Com-
mittee (EC) Jehangir Clinical Development Center Pvt. Ltd. and the ethics
clearenc document (filenumber: ECR/352/Inst/MH/2013/RR-19) along as an

extension is attached in Appendix. C.

1.2 Thesis outline

A detailed outline of the thesis, beyond Chapter. 1, with descriptions of all chapters

that are present in this thesis is enumerated below,
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1. Chapter. 2: In this chapter we discuss the standard algorithm used for
obtaining HbAlc estimates from any given CGM trace, the Nathan model
[9]. We show that using this model we cannot obtain statistically reliable
estimates of HbAlc from a CGM trace for the Indian population. We there-
fore, suggest and then validate 2 new models, the first named Direct Model
and the second named Adapted Nathan Model [32], which can be used to
obtain statistically reliable estimates of HbAlc from a given CGM trace for

the Indian population.

2. Chapter. 3: In this chapter we discuss the lack of a proper algorithm to
reliably obtain estimates of HbAlc from a CGM trace for T1D patients.
We then use a CGM dataset obtained from adolescent Indian T1D patients
to verify if our 2 models, the Adapted Nathan Model [32] and the Direct
Model[32] could provide statistically reliable HbAlc estimates from a given
CGM trace for adolescent Indian T1D patients.

3. Chapter. 4: Diabetes as a metabolic disorder has been around for some time
now. It has been studied extensively but traditional research in diabetes
mainly focused around metrics like HbAle, FBG, PPBG and, in general
BG, etc. These metrics are based on the concentration of glucose in the
blood, BG and with years or research behind them, are highly reliable. The
introduction of modern CGM devices have opened the door to various other
metrics, many of which have a complex dynamic relationship with BG. We
therefore need a reliable method of converting the ISF values in a CGM trace
to their corresponding BG values. In this chapter we introduce a method
based on trajectory optimization which allows us to obtain an estimate of
the continuous BG trace with an appropriate degree of smoothness from any

given CGM trace.

4. Chapter. 5: In this chapter we describe a versatile web application that we
constructed for seamlessly calculating almost all major and standard metrics
related to diabetes diagnosis and it’s research. In 2017 a list of such metrics
were provided by Danne et al. [21], this consensus paper contained a list of

18 metrics which were commonly used by clinicians and diabetes researchers



all over the world. This app can be accessed online and allows any person

to upload a CGM trace and calculate those metrics.

1.3 Literature review

Diabetes is characterized primarily by a consistent high BG and, HbA 1c represents
the fraction of Hb in the red blood cells (RBCs) that have bonded with sugar
molecules (glucose, fructose, etc). Therefore, a consistently high glucose in the
blood and eventually in the RBCs would lead to a large percentage of Hb molecules
bonding with sugar. This bonding of Hb with sugar molecules is referred to as
glycation [25]. The already glycated Hb molecules in the RBCs tend to remain
in this glycated state. Therefore for the lifetime of that RBC the percentage
of glycated Hb, or HbAlc would be a proxy for the aggregate concentration of
sugar molecules in the blood. Therefore, high HbAlc is primarily an indicator for
consistently high BG levels.

HbAlc therefore, has been used for the last few decades as an indicator for the
overall glycemic state of an individual. HbAlc is very reliable and is usually stable
if there aren’t any drastic changes in the diet or exercise regime of the individual.
Li et al. [38] showed that even for variants of Hb, the HbAlc calculated from them
are negligibly affected. Most HbAlc studies are however done on diabetic patients
whose BG levels vary drastically over time. It is therefore important to study
the reliability of HbAlc as a diagnostic metric for diabetic patients. It is also
important to study the variability of HbAlc over different ethnicity. Cavagnolli
et al. [20] showed HbAlc varies in non-diabetic individuals over different ethnicity.
HbAlc now a days is also used as a decision variable in the primary assessment of
diabetes however, Friedman et al. [36] showed that diabetes assessment using only
HbAlc may not be reliable, other methods including fructosamine tests and CGM
traces should also be included in taking that decision. This is because even though
HbAlc, fructosamine and, average interstitial fluid glucose concentration (alSF)
from CGM are highly correlated they do not always agree within a clinically reliable
error limit. Mao and Zhong [40] showed that there is an association between

HbAlc and vascular complications. This indicates that HbAlc can also be used



as potential indicators for various other disorders. Lind et al. [10] showed that
a mean HbAlc of various HbAlc measurements over time can be used as a very
good indicator for diabetic complications.

It is clear that although not perfect, HbAlc is a great indicator for diabetes
and other glycemic disorders. Even HbAlc variability can be used as an diabetes
management indicator. Derr et al. [4] showed that HbAlc variability is important
in the management of diabetes. For people with low HbAlc variability, keeping
the HbAlc low is important for avoiding diabetic complications.

This success of HbAlc as a good indicator for glycemic disorders is the reason
why an algorithm for estimating HbAlc from any CGM trace is so important.
Metrics constructed using the corelation between HbAlc and aBG or alSF also
could be used as a proxy for HbAlc and could also themselves become an impor-
tant metric. GMI is one such new metric, exploiting the corelation between aBG
and HbAlc, GMI can be used as a proxy for HbAlc or can be considered as an
estimated HbAlc [24]. Fang et al. [31] showed that although GMI is a reliable
metric and a good estimator for HbAlc, It is not reliable as an HbAlc estimate
for T2D patients. Azcoitia et al. [34] showed that the GMI and HbAlc are sig-
nificantly different in a majority of cases. They also showed that other metrics
like mean corpuscular volume (MCV) could be used to understand the difference
between GMI and HbAlc. Manov et al. [39] however showed that the differences
between HbAlc and GMI are not significantly. Selvin [44] also argued against the
use of GMI as an estimate for HbAlc.

It is clear that a reliable method of estimating HbAlc is needed. There are
many models which have been shown to work on a sample of CGM traces but
is later found to be unreliable for some other sample of CGM traces. This is
especially surprising because many of the mathematical models used for estimating
HbA 1c statistically agree with each others’ estimate but are not consistently able to
provide reliable HbAlc estimates as compared to laboratory methods like HPLC.
This clearly indicates a lack of understanding in our part of the fundamental model
that is governing the glucose insulin dynamics and the glycation of Hb molecules
in a RBC.

Understanding the system that govern the Hb A1lc—BG relationship is therefore



of crucial importance and there have been various attempts at it. Nathan et al.
[9] produced one of the most popular models for estimating HbAlc from a CGM
trace. It is a linear regression model between the aBG and the the measured
HbAlc. Hu et al. [27] recently constructed many unique models for exploring the
relationship between CGM traces and HbAlc for the Chinese population. This
group of models also contained many nonlinear and exotic models. There have been
several attempts at constructing a simple model for predicting HbAlc in terms of
the aBG derived from a CGM. Many of these models are designed specifically for
patients already suffering from some other medical complications. Mgller et al. [17]
developed a new method for estimating HbA1c using previously measured BG and
HbAlc for patients undergoing treatment for diabetes. Hoshino et al. [14] studied
the relationship between aBG and HbAlc for patients undergoing dialysis. They
developed a new method to reliably estimate the HbAlc for patients undergoing
dialysis from their aBG. Law et al. [22] studied the relationship between HbAlc
and aBG calculated from patient CGM. They showed that the traditional method
for calculating aBG from a given CGM trace are unreliable for pregnant women
and therefore developed a pregnancy specific aBG calculation method to estimate
the aBG for pregnant women.

Through the development of many such models, it has been observed that a
simple linear regression model or a simple dynamical model is unable to provide a
reliable estimate of HbA1lc beyond a certain arbitrary error. Therefore there have
been developments where complicated nonlinear dynamic models have been used
to predict HbAlc from a given CGM trace of a patient and now a days almost
all the HbAlc models are nonlinear and tying to mimic the dynamical system
involved fundamentally with HbAlc and BG. Kovatchev and Cox [5] developed a
numerical method to dynamically estimate the HbAlc of a patient from a series
of SMBG measurements. They also calculated the optimal SMBG measurement
interval. Xu et al. [29] constructed a dynamical nonlinear model for estimating
the HbAlc of an individual from the individuals CGM trace. It is one of the first
such kinetic model which tries to incorporate the glucose dynamics on to a simple
model, uses the CGM trace to estimate the parameters of that model and then
uses that model is to predict HbAlc. The Xu et al. [29] model also takes into
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consideration the life-span of RBCs [30] and is capable of providing HbAlc esti-
mates at an individual level. Ladyzynski et al. [18] developed a small kinetic model
describing the relationship between HbAlc and BG. They also showed that the
relationship between mean HbAlc and mean alSF or aBG used to obtain linear
relationships at the population level, only work if the CGM traces are glycemic
stability. McEwan et al. [23] also developed a new kinetic model to understand
and predict HbAlc progression in T2D patients. Kjellsson et al. [15] constructed
a kinetic model, using the IGI model [7, 8, 11-13] and the IGRH model [16], that
can approximate HbAlc from the measured BG and Insulin concentration in the
blood. Mortensen and Vglund [3] also developed a kinetic model for predicting
HbAlc and HbA1d from a patient’s previous BG measurements. This is one of
the first kinetic model which not only takes into account the patient’s previously
measured BG but also takes in to account the patient’s RBC life span. Sato Imuro
et al. [43] studied the requirements for developing personalized HbAlc models and
developed a multi linear regression model with kinetic parameters for predicting
the personalized HbAlc of the patient. There have been also various attempts
at estimating HbAlc from a given CGM trace using machine learning. Kurasawa
et al. [37] developed a machine learning model to identify defective glycemic con-
trol for T2D patients. Ngufor et al. [26] constructed a mixed effect model which
could be used to identify longitudinal changes in HbAlc. Song et al. [45] showed
that UMAP could be used to successfully distinguish between T1D patients with
prescribed Insulin injections daily and healthy non-diabetic patients. The effec-
tiveness of the model was validated through the patients HbAlc and other markers.
Cichosz et al. [35] also showed that an XGBoost model can be used on CGM traces
to accurately distinguish between non-diabetic, pre-diabetic and diabetic patients.
Tao et al. [33] recently also developed a robust method for estimating the FBG
and HbAlc changes based on multiple machine learning models for T2D patients
undergoing treatment for diabetes. Qaraqe et al. [41] developed a new few shot
learning (F'SL)-derived model that can be used to estimate long-term HbAlc based
on current CGM traces for pediatric T1D patients. Although these machine learn-
ing models are rare but they can provide surprisingly better estimates of HbAlc
[42].
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We too have generated two new models for estimating HbAlc from a patients
CGM trace, the direct model and the adapted Nathan model [32]. These models
provide HbAlc estimates along with their 95 % confidence interval at a population
level for T2D patients as well as pre-diabetic and non-diabetic individuals.

Blood glucose concentration (BG) is the primary tool for diagnosis and manage-
ment of both T1D and T2D [28]. As mentioned earlier diabetes is characterized by
a consistent high BG. Almost all other metric for glycemic control fundamentally
depends on the glucose concentration of the blood. Lets take HbAlc for example,
HbAlc represents the percentage of Hb molecules that have been glycated in the
RBCs. If the BG levels are consistently high, it will lead to a large percentage
of Hb molecules getting glycated, increasing the HbAlc of the individual. The
situation is similar in the case of GMI, fructosamine, etc. This indicates that BG
is important for managine DM.

Modern diabetes diagnosis tools like CGM devices however only measure the
ISF. These CGM devices are small, usually button sized probes that can be at-
tached to the body. They pierce the skin and place a sensor just under the skin in
the interstitial fluid. These sensors then periodically makes glucose concentration
measurements and generates a sequence of ISF measurements. These measure-
ments are close to their corresponding BG values, in the sense that these CGM
devices are designed such that at the moment of measurement the difference be-
tween the measured ISF and the BG values will be within a certain range of errors.
Although there may be some discrepancies, some time-delays in the measured ISF
it is argued that the discrete-time ISF can be used as a good approximate of the
BG at the points of measurement. This is true when only on a few occasions for
example, when only the value of ISF at the measurement time is required like
when calculating the alSF, it can be shown that the alSF converges to a finite
asymptotic value as the number of measurements increase. If we were to use this
discrete time series as a proxy for the continuous BG we need a reliable algorithm
to estimate the continuous BG from the ISF trace. Trajectory optimization which
is essentially a method to solve a specialized optimal control problem can be used
to obtain an estimate of the continuous BG. The advantage of this method is that

it can be used easily and a reliable estimate of the trajectory can be obtained |1,
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Chapter 2

Evaluation of HbAlc from CGM
traces in an Indian T2D
population
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2.1 Introduction

Type 2 diabetes (T2D) is one of the most common metabolic disorders in India.
Understanding the metabolic pathways and mechanisms involved in the develop-
ment of T2D in a patient plays an important role in its diagnosis and eventually
its treatment. Traditionally it involved measuring fasting blood glucose concen-
tration (FBG) and post-prandial blood glucose concentration (PPBG). Since the
late 1970s there have been reports of a correlation between Glycated Hemoglobin
(HbA1lc) and blood glucose concentration (BG) and that HbAlc could be a useful
tool for long term BG control. Gabbay et al. [1] studied the correlation between
HbA ., HbA;, and HbAlc with 24-hr urinary glucose concentration collected over
a period of 1, 2 and 3 months for 220 diabetic patients and suggested that glyco-
sylated hemoglobin could act as a good index for long-term BG levels in diabetics.
Santiago et al. [3] further studied the coorelation between HbAlc and PPBG.
Clarke et al. [4] showed that HbAlc is coorelated with average blood glucose con-
centration (aBG) over 2 months and therefore is a good index for aBG and is a
useful tool for understanding the quality of BG control of a patient. Lecomte et al.
[6] also confirmed in a group of 138 patients that HbAlc is a good index for BG
control. Distiller [5] compaired the efficacy of PPBG and HbAlc as an index for
BG control and also showed that HbAlc is a significantly better index.

There are a plethora of other new matrics that are being developed for un-
derstanding the glycemic state of the patient like time in range (TiR), etc. How-
ever, HbAlc is one of the most reliable metric for understanding the long-term
BG changes in a patient. Therefore, accurate experimental methods [2] have been
developed to measure HbAlc. However, with the development of fast glucose mon-
itoring (FGM) and eventually continuous glucose monitoring (CGM) technologies,
clinicians can now have access to a large number of consecutive interstitial fluid
glucose concentration (ISF) measurements (CGM traces). This encouraged the
development of methods for estimating metrics like FGM, PPBG, TiR, HbAlc,
etc from the CGM traces.

Sikaris [9] showed that although for a single measurement HbAlc and BG had
been shown to be correlated, including multiple measurements like CGM traces

improved the correlation further. They concluded that not only estimating HbAlc
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from the HbA1c-BG relation was viable but also that it would become the stan-
dard method of estimating HbAlc. Mazze [7] also showed that BG from self-
monitoring blood glucose (SMBG) and CGM traces were highly correlated and
that the HbAlc estimates obtained using them were not significantly different,
although different patterns of SMBG and CGM traces could produce the same
HbAlc. This suggested that HbAlc was a metric that could be estimated reliably.
Nathan et al. [8] using linear regression provided a method of estimating the aBG
from the HbAlc at the population level. This relationship has been used to form
a method of estimating HbAlc from aBG. This method has been adopted as the
standard for obtaining HbAlc estimates [11]. This method has also been used to
estimate the HbAlc values by the Abbot Libre FreeStyle Pro device for the CGM
report generated by the device.

We show that the mean of the estimates provided by the standard Nathan
et al. [8] method for HbAlc, at a population level, are not statistically reliable
with respect to the experimental HbAlc values for an Indian population. We then
provide two methods, based on ordinary least squares (OLS) linear regression, for
estimating HbAlc. The first method estimates HbAlc from the calculated average
interstitial fluid glucose concentration (alSF) from any given CGM trace, whereas
the second method estimates the HbAlc from the alSF by first estimating aBG
and then HbAlc using the Nathan model.

The mean HbAlc estimates provided by these new methods for a small test
dataset of 32 CGM traces are however statistically indistinguishable for clinical
epidemiology from the mean of the experimentally measured HbAlc values. We
provide the 95 % confidence interval for the two models and also the 95 % prediction
intervals for the HbAlc estimates of these two models, these results are visualized
in two figures, Fig 2.1 and Fig 2.2, which show the three models for estimating
HbAlc along with the 95% confidence interval (Fig 2.1) and the 95 % prediction
interval (Fig 2.2).

24



2.2 Materials and methods

2.2.1 Subject recruitment and measurement of blood bio-

chemical parameters

A CGM dataset containing the traces of 50 participants was collected at the Health
Center, Savitribai Phule Pune University, Pune. For each participant, a FreeStyle
Libre Pro CGM sensor (Abbott, UK) was inserted subcutaneously on the back of
the upper arm by Dr. Shashikant Dudhgaonkar at the Health Center, Savitribai
Phule Pune University, Pune, India, between July 2021 and Aug 2021. This was a
factory-calibrated glucose sensor that recorded subcutaneous ISF every 15 min for
14 days. All participants were advised to continue their normal routine of diet and
exercise. On the fourteenth day, the CGM device was removed and the data was
downloaded and analyzed with the FreeStyle Libre Pro software. We will refer to
this dataset as the Pune-2021 dataset.

The CGM data collected in the Pune-2021 dataset were then filtered according
to the number of days the sensor was active and the percentage of measurements it
recorded, as suggested by Danne et al. [11]. The dataset was filtered into two sets,
the data sufficient Pune-2021 dataset and the data insufficient Pune-2021 dataset.
From the measurement ID provided in the CGM trace data file, the number of
ISF measurements, N, that the device recorded was calculated. The timestamps
provided in the CGM trace were used to calculate the effective number of days,
ng for which the CGM device was active. This number was however rounded off
to the nearest integer using the round function provided by the NumPy package
[12]. The percentage of measurements the device recorded was calculated using
At,,, the time difference in seconds between the first and the last reading. At,,
was used to calculate the total number of readings that the device would have
taken, Nigta = 6§i*f5j + 1. The percentage of measurements was calculated as
N, = 100 X N/Niotar. If ng > 14 and N, > 70% for a given CGM trace, as
suggested by [11], we categorized the CGM trace to be data-sufficient otherwise it

was categorized as data-insufficient. After the data-insufficient CGM traces were
filtered out 12 pre-diabetic, 13 diabetic, and 14 non-diabetic CGM traces were left

and were categorized as data-sufficient.
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A second dataset of 78 CGM traces along with their HbAlc (by HPLC) was
collected by Dr. K. M. Shelgikar at the Joshi Hospital, Shivaji Nagar, Pune from
2018 to 2019, and anonymized for analysis. This dataset will be referred to as the
Joshi-2018 dataset. Similar to the Pune-2021 dataset, the Joshi-2018 dataset was
also filtered as data-sufficient and data-insufficient. After filtering out the data-
insufficient CGM traces from the Joshi-2018 dataset, only 73 CGM traces could
be considered as data-sufficient.

The complete CGM-dataset dataset, including both the Pune-2021 dataset and
the Joshi-2018 dataset, contained the CGM traces of 128 participants, 15 of whom
were pre-diabetic, 94 were diabetic and, 19 were non-diabetic. The data-sufficient
subset of the CGM-dataset however contained 112 CGM traces, out of which 12
were pre-diabetic, 86 were diabetic, and 14 were non-diabetic. A sample of 32
CGM traces and their corresponding HbAlc measurements were separated as a
test set for validation purposes; the remaining 80 data-sufficient CGM traces were
grouped as the training CGM-dataset. The complete CGM-dataset including the
data-insufficient CGM traces were used to validate the HbAlc estimates obtained
using the Nathan model [8] but only the data-sufficient CGM traces of the training
CGM-dataset were used for constructing our models, which were then validated
using the data-sufficient CGM traces of the test CGM-dataset.

2.2.2 Comparing Nathan HbAlc estimates with experi-
mentally measured HbAlc

Nathan et al. [8] collected a dataset of 2700 glucose measurements from 268 type
1 diabetes (T1D) patients, 159 T2D patients and 80 non-diabetic participants.
Their dataset contained CGM traces as well as finger-stick measurements which
were collected as different measures of glycemia.

Note that the ISF measurements were scaled by a factor of 1.05 to estimate
the corresponding BG. aBG was calculated by taking the weighted average of all
the blood glucose concentration measurements collected. All measurements in a
day were given equal weight which was inversely proportional to the number of
measurements taken on that day. The aBG was calculated by taking the mean of

all the measurements, giving the measurements of each day an equal weight. The
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expression to obtain the aBG is

- ST (e X (1 osasm

1 =1

where aBG represents the average blood glucose concentration, BG; the i*" SMBG
measurements, ISF; the i CGM measurement, m; and my are the number of
SMBG and CGM measurements respectively, n; ; the number of SMBG measure-
ments taken on the day BG; was taken and, similarly ny,; the number of CGM
measurements taken on the day I.SF; was taken.

A linear regression analysis was performed by Nathan et al. [8] taking the
calculated aBG as the dependent variable and the HbAlc as the independent

variable and obtained this relation
aBGug/ar, = 28.7 x HbA, o — 46.7, (2)

(2) could also be written as

1
HbAey = 5o {46.7 + (1.05 x alSFyg/ar) } (3)

= 1.627 4 0.034 x (1.05 X alSFpg/ar,) (4)
HbA ¢ sumot/mot = 0.380 X (1.05 X aISFg/ar,) — 5.60, (5)

We used a paired t-test to verify if the two samples, that is, the experimen-
tally measured HbAlc from the CGM-dataset and the estimated HbAlc calculated
using the Nathan model, (5) and (1), have a statistically indistinguishable mean.
Calculations were carried out using the ttest_rel function from the stats module
of the SciPy package [13]. A similarly paired t-test was also performed with the
data-sufficient CGM traces, including both the testing and training CGM traces
from the CGM-dataset.

2.2.3 Direct Model

To construct a model between alSF and HbAlc directly, we assume a linear rela-

tionship and carry out a regression analysis. Note that the aISF here is an equally
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weighted average of all the ISF measurements in a given CGM trace,

i=N
1
alSFung/ar = 77 > ISFi, mgar. (6)
i=1
where alSF\, 41, represents the calculated aISF in mg/dL, ISF; yg/a1 represents
the i'" ISF measurement from the given CGM trace in mg/dL and N represents
the total number of measurements in the given CGM trace. The linear regression

equation for the direct model is

HbAlc,mmol/mol = Bl X aISFmg/dL + BO? (7)

where alSF.,z a1, represents the alSF in mg/dL, HbAi. mmo/mo represents the
HbAlc in mmol/mol, 31 the slope in mmol dL/(molmg) and, f, the intercept in
mmol/mol.

We obtained the OLS estimates Bo and, ﬁl of the parameters gy and, 5. We
also calculate the 95 % confidence interval for 8, and S, along with the 95 % confi-
dence interval and the 95 % prediction interval of HbA;. for any given alSF. This
analysis was performed using the LinearRegression function from the linear -
model module of the scikit-learn package [10]. The confidence and prediction
intervals were however calculated using the standard OLS solution formulae.

A paired t-test was then performed on the HbAlc estimated using the direct
model and the experimental values for the data-sufficient CGM traces from the
training CGM-dataset to verify if the mean of the HbAlc estimates obtained using
By and f3; were statistically indistinguishable from the mean experimental HbAlc
value at a population level. A similar test was performed using the HbAlc esti-
mates provided by the direct model and the experimental HbAlc corresponding
to the CGM traces from the test CGM-dataset. The t-tests were performed using
the ttest_rel function from the stats module of the SciPy package.

We also used the training dataset of CGM traces and calculated the 5-fold cross
validation root mean squared error (RMSE) so as to validate the 95 % confidence

interval for the direct model.
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2.2.4 Adapted Nathan Model

In Section 2.2.3 we constructed a linear model for estimating HbAlc from alSF
calculated from a given CGM trace. Although such a relationship, if reliable, can
be valuable it requires us to base our HbAlc estimates on ISF values. Tradition-
ally, however, for the diagnosis of T2D and for the analysis of the glycemic state
of an individual, various metrics like FBG, PPBG and HbAlc have always been
based on BG. The current CGM devices however report ISF readings and there-
fore to use these CGM traces with our current diagnostic methods it is important
that we develop a reliable method of converting the ISF readings to their corre-
sponding BG readings. The ISF measurements in CGM traces of the dataset used
by Nathan et al. [8] were scaled to their BG values by a scaling factor of 1.05.
We suspected obtaining a better estimate of this scaling factor would improve our
HbAlc estimates.

We, therefore, constructed a linear model for estimating HbAlc from the calcu-
lated alSF (alISF is constructed using (6)) via aBG. We considered a model where
we estimated aBG by scaling alISF by a factor of w and used (2) to obtain the
estimate of HbAlc. This model represented by (8) is

HbA ¢, mmol/mol = 0.380 X (w X alSF g ar,) — 5.60, (8)

where alSF,z/qr, represents the alSF in mg/dL, HbA1 mmol/moi represents the
HbAlc in mmol/mol and, w the scaling factor. Now, (8) could also be written as

I—IbAAlc7 mmol/mol +5.60
0.380

= (w x alSFpg/ar,) , (9)

The OLS solutions for the estimate w, of the coefficient w are the same for both
(8) and (9).
We obtain the OLS estimate w, using (9) where we take the calculated alSF,,g/ar,

as the independent variable and the transformed experimental HbAlc values,
I_IbAlc7 mmol/mol"'_s'6D
0.372

LinearRegression function from the 1inear model module of the scikit-learn

, as the dependent variable. The analysis was performed using the

package. The data-sufficient CGM traces and their corresponding HbAlc values
from the training CGM-dataset was used for this analysis. We calculated the

95 % confidence interval for @, the 95% confidence interval and 95 % prediction

29



interval for estimated HbAlc corresponding to an alSF calculated from any CGM
trace. These intervals were calculated using the standard OLS solution formulae
for constrained linear regression.

A paired t-test was performed with the HbAlc estimates made using the
adapted Nathan model and the experimentally measured HbAlc values for the
data-sufficient CGM traces of the training CGM-dataset, using the ttest_rel
function from the stats module of the SciPy package to confirm that the mean
HbAlc estimates from the adapted Nathan model are not significantly different
from the mean experimental HbAlc values at a population level. This was re-
peated on the data-sufficient CGM traces of the test CGM-dataset. Finally, using
the training CGM-datset a 5-fold cross validation RMSE was calculated for the
adapted Nathan model to validate the reliability of the 95% confidence intervals
of the adapted Nathan model.

2.3 Results

2.3.1 Coefficient estimates for the direct model

The paired t-test performed using the CGM traces of the complete CGM-dataset
between the experimental HbAlc values and the corresponding Nathan HbAlc es-
timates calculated using (1) and (5) generated a p-value < 0.001. A similar paired
t-test with the data-sufficient CGM traces from the CGM-dataset, also generated
a p-value < 0.001. Considering v = 0.05 this indicated that the mean Nathan
model estimated HbA1lc values, both for data-sufficient and data-insufficient CGM
traces, were statistically different from the corresponding mean of the experimen-
tally measured HbAlc values for the Indian population.

This lead us to construct the direct model for estimating HbAlc from the alISF.
We performed a linear regression analysis to establish a relationship between alSF
and HbA1c using the data-sufficient CGM traces of the training CGM-dataset. We
obtained an estimate of the coefficient 5y of the model (7), Bo = 16.56 mmol /mol,
with a 95% confidence interval of (8.96 mmol/mol, 24.16 mmol/mol) and an es-
timate for 81, /1 = 0.319mmol dL/(molmg) with a 95% confidence interval of
(0.273 mmol dL/(mol mg), 0.365 mmol dL/(mol mg)). The analysis yielded (10),
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with an R? = 0.71 and a p — value < 0.01. Therefore the direct model, (7),
with the estimates fy and S is given by (10) bellow

HbA ¢ pmmol/mol = 0-319 X aISFyyq a1, + 16.56, (10)

where alSF,, /a1, represents the aISF in mg/dL and HbA ¢, mmol/mol Tepresents the
HbAlc in mmol/mol. Figure 2.1, shows (10) as the black dashed line along with
the 95 % confidence interval for HbA¢;ymo1/mo corresponding to any alSF g /qr, cal-
culated from a given CGM trace. The formulae for obtaining the 95 % confidence
and prediction interval for any HbAlc estimate is given in the Supplementary
Material.

A paired t-test performed between the HbAlc values estimated using (10) and
their corresponding experimental values from the training CGM-dataset generated
a p-value of 1.0 indicating that at a population level, the mean HbAlc estimate is

statistically (for o = 0.05) indistinguishable from the mean experimental value.

2.3.2 Coefficient estimates of the adapted Nathan model

We constructed a direct model, given by (10), for estimating HbAlc from aISF
for any given CGM trace. We however suspected that a model described by (8)
where, HbAlc is estimated from a scaled aISF value using (2) would provide better
estimates of HbAlc. The OLS solution for a linear regression analysis using (9)
while keeping the intercept zero, would provide us with an estimate of the scaling
factor for obtaining aBG from alSF.

The estimate for the scaling factor for (9), w, obtained using the LinearRegression
function of the scykit-learn package with the intercept set to zero, on the data-
sufficient training CGM-dataset, is @ = 1.17, with a 95% confidence interval
(1.12,1.22). The analysis yielded an R?> = 0.58 and, a p — value < 0.01. The
estimate, w obtained using the analytical solution for obtaining the OLS estimate
of w from (8) generated an identical result. The equation for obtaining HbAlc

estimates using the adapted Nathan model is represented by (11) below

HbA ¢, mmol/ar, = 0.380 x (1.17 X alSF e ar,) — 5.60, (11)
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where alSF . /q1, represents the alSF in mg/dL and HbA, mmol/mol T€presents the
HbAlc in mmol/mol. Figure 2.1, shows (11) as a solid black line, along with the
95% confidence interval for the HbAic ymor/mor corresponding to any alSFing/qr.
The formulae for obtaining the confidence and prediction interval for any HbAlc
values estimated using (11) is provided in the Supplementary Material.

A paired t-test performed with the experimentally measured HbAlc values as
one sample and the HbAlc values obtained as estimates using the adapted Nathan
model, (11), from the corresponding CGM traces of the training CGM-dataset
generated a p-value of 0.075. This showed that the mean HbAlc estimate at a
population level was statistically (for & = 0.05) indistinguishable from the mean

experimental HbAlc.

2.3.3 Validation of the direct and adapted models

In Section 2.3.1 and Section 2.3.2 we constructed two models for estimating HbAlc
from the aISF calculated from any given CGM trace. We then constructed the
95 % prediction intervals for the HbAlc estimates calculated by the models. The
formulae for constructing the prediction interval corresponding to any estimated
HbAlc for both the models are provided in the Supplementary Material.

A paired t-test performed between the experimentally measured HbAlc from
the test CGM-dataset and the HbAlc estimates obtained from their correspond-
ing CGM trace using the direct model generates a p-value of 0.702 and using the
adapted Nathan model it generates a p-value of 0.712. This indicates that at a
population level, the mean HbAlc estimates for an independent sample of CGM
traces are statistically (taking o = 0.05) indistinguishable from the mean experi-
mental HbAlc. The 5-fold cross validation root mean squared error (RMSE) for the
HbAlc estimates obtained using the direct model on the training CGM-datasets
is 12.3mmol/mol and for the estimates obtained using the adapted Nathan model
it is 14.6 mmol/mol. The mean 95 % confidence interval for the direct model is
9.87 mmol/mol and for the adapted Nathan model is 7.92 mmol/mol.

A t-test performed using the Nathan model HbAlc estimates for the test CGM-
dataset generated a p-value < 0.001, indicating that at a population level the mean
Nathan model HbAlc estimates are statistically (taking o = 0.05) different from
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the mean experimental value.

2.4 Discussion

The development of CGM technology provides us with a large sequence of glu-
cose concentration measurements. This provides us with a great opportunity to
study the glucose dynamics and the glycemic state of an individual. The current
CGM devices however only provide us with ISF measurements, while traditionally
it has been the norm to study glucose dynamics with BG measurements. There-
fore, a large bulk of our understanding of glucose dynamics, glycemic states, and
metabolic diseases like diabetes are based on the BG values. To use the CGM
traces provided by these devices it becomes important that we are able to esti-
mate the corresponding BG and other metrics like HbAlc from any given CGM
trace reliably.

The direct method for estimating HbAlc from the ISF values, as described in
Section 2.2.3, provides an estimate along with a 95% confidence and prediction
interval for the estimate given an alSF value. The mean HbAlc estimates provided
by the direct model were statistically indistinguishable from the mean experimental
HbAlc measurement for the data-sufficient test CGM-dataset. The prediction
intervals were however in the order of 50 mmol/mol. These intervals are quite
wide which raises the question, can clinically reliable HbAlc estimates be obtained
using only the alSF values calculated from a CGM trace? or does it require the
inclusion of some other metric or property of the CGM to obtain a clinically
significant narrow estimate of HbAlc? Therefore, it remains an open question
that although ISF and BG are highly correlated with HbAlc; why is it that such
models are unable to provide clinically reliable estimates of HbAlc from alSF or
aBG values alone?

We suspected that the inclusion of an improved method of estimating BG from
ISF could improve the estimates provided by (5). Therefore in Section 2.3.2, we
constructed a new linear model for estimating BG from ISF using linear regres-
sion. The mean HbAlc estimates provided by this method were indistinguishable

from the mean experimentally measured HbAlc values of the data-sufficient test
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Figure 2.1: The Figure represents the experimentally measured HbA,. and the
alSF (calculated as described in Section 2.2.3) values of the CGM-dataset. The
pre-diabetic participants are represented by crosses, the diabetic participants by
solid triangles and, the non-diabetic participants by solid circles. The scatter
points representing participants with a data-sufficient CGM trace (according to
Danne et al. [11]) are colored black, while the participants with data-insufficient
CGM trace are colored grey. The solid black line and the corresponding hatched
region represent (11) and it is 95% confidence interval, the dashed line along
with its corresponding hatched region represents (10) and it’s corresponding 95 %

confidence interval. The dot-dashed line represents (5)
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Figure 2.2: The Figure represents the experimentally measured HbA;. and the
alSF (calculated as described in Section 2.2.3) values of the CGM-dataset. The
pre-diabetic participants are represented by crosses, the diabetic participants by
solid triangles and, the non-diabetic participants by solid circles. The scatter
points representing participants with a data-sufficient CGM trace (according to
Danne et al. [11]) are colored black, while the participants with data-insufficient
CGM trace are colored grey. The solid black line and the corresponding hatched
region represent (11) and it is 95% prediction interval, the dashed line along
with its corresponding hatched region represents (10) and it’s corresponding 95 %

prediction interval. The dot-dashed line represents (5)

35



CGM-dataset. However, the 95 % prediction interval, in this case, was in the or-
der of 59 mmol/mol. We also showed that the mean HbAlc estimates obtained
using these two models, the direct model and the adapted Nathan model, are not
statistically different from the mean experimental HbAlc at the population level.
However, the mean experimental HbAlc were significantly different from the mean
estimates provided by the Nathan model at the population level.

From the analysis of the model performances on the test CGM-dataset, we
can conclude that although our models for estimating HbAlc provide a wide 95 %
prediction interval, which includes the HbAlc estimates obtained using the Nathan
model, the mean HbA1c estimates provided by our models at a population level are
statistically indistinguishable from the mean experimental HbAlc values, unlike
the HbAlc estimates obtained using the Nathan model. This shows that at a
population level, the direct and the adapted Nathan model can provide a reliable
HbAlc estimate for clinical epidemiological studies as compared to the Nathan
model and that none of the models are able to provide HbAlc estimates at an
individual level with a clinically reliable confidence and prediction interval. It is
hoped that future studies will test this hypothesis with greater statistical power so
as to create a model with a reliable prediction interval that is useful for predicting
the HbAlc of an individual clinically.
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Chapter 3

Evaluation of HbAlc from CGM
traces in an Indian T1D

population

3.1 Introduction

Glycated Hemoglobin (HbAlc) can be considered as a form of hemoglobin, where
a glucose molecule is chemically attached to it’s beta chain. Glycated Hemoglobin
(HbAlc) levels in a human body are usually represented as a fraction in per-
centage as per the Diabetes Control and Complications Trial (DCCT) and as a
fraction in mols as per the International Federation of Clinical Chemistry and Lab-
oratory Medicine (IFCC) units. The HbAlc value is important in the diagnosis
and management of type 2 diabetes (T2D) and type 1 diabetes (T1D). It reflects
the glycemic state of the patient over multiple days (120 days approximately).
It has become a metric which is regularly used in the clinical management of
diabetes [8, 9, 17]. HbAlc is measured using various methods, most commonly
high-performance liquid chromatography (HPLC). These methods however require
a significant amount of blood to be drawn from the patient, which can be painful,
and moreover in certain parts of the world these methods can be quite expensive.
Therefore, estimating HbAlc from various other metrics, like fasting blood glu-

cose concentration (FBG) or average blood glucose concentration (aBG), which
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might have have already been measured, is an active field of research. A clinically
reliable method of HbAlc estimation from parameters that have already been mea-
sured may also prevent unnecessary blood-draws and could be substantially less
expensive.

Self-monitoring blood glucose (SMBG) is important for managing diabetes mel-
litus (DM). This involves the patient manually measuring and recording his/her
own blood glucose concentration (BG) multiple times a day using finger-stick glu-
cometers. However, as it requires multiple finger stick measurements throughout
the day, one may still miss nocturnal and asymptomatic hypoglycemia [2] events.
On the other hand, continuous glucose monitoring (CGM) devices have been under
development since the early 1990s, measures interstitial fluid glucose concentra-
tion (ISF) every 10 seconds and then the average ISF value is calculated and saved
every 15min. Therefore, a CGM device can regularly monitor the BG (usually via
the ISF) and record almost all hypoglycemia events, hypoglycemia and hyper-
glycemia episodes, time in ranges (TiRs), etc. In recent times, it has become a
widely used device as along with the previous mentioned metric, it also provides
a reliable discrete-time ISF trace of an individual over a long time-interval.

The synchronization of CGM devices with insulin pumps and to health man-
agement apps in the cloud makes it possible for patients/healthcare workers to
obtain long traces of patient ISF and use it as an additional tool for diagnosis.
Further, the use of insulin pumps (which are battery operated insulin-delivering
devices) has also increased significantly; insulin pumps are generally paired with
CGM devices which measure the ISF at regular intervals and provide alarms and
can even change the insulin dose as per requirement.

The CGM reports generated by the CGM devices also provide an estimate
of the HbAlc. The estimated HbAlc value is based on the average interstitial
fluid glucose concentration (alSF) and is believed to be close to the experimen-
tally measured HbAlc. However, some reports suggest that the estimated HbAlc
differs from the experimentally measured HbAlc, especially with the Type of dia-
betes (T1D vs T2D) and also possibly with ethnicity of the patients. It would be
immensely useful if the HbAlc of patients could be estimated from this CGM trace

with sufficient reliability. This is especially important in resource limited settings
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where the additional expense of estimating HbA1lc may be avoided, and in children
with T1D where an additional blood test should be avoided and when patients are
using insulin pumps. Therefore, a robust method for estimating HbAlc from any
CGM with robust reliability is critical and hence has been a very active area of
research.

Over the years, there have been various attempts to construct a model that
would allow us to reliably estimate HbAlc. Mortensen and Vglund [1] constructed
the first model describing the relationship between HbAlc, HbA1ld and, BG. This
kinetic model was used to predict HbAlc and HbAld as a function of the BG.
This was most likely one of the first kinetic models for estimating HbAlc. This
model had been implemented in two forms a simplified and an improved form. The
estimated HbAlc varied similar to the measured HbAlc but the measured HbAlc
values were 10% to 20 % elevated as compared to the predicted HbAlc values.
The next significant model was published by [3]. This model was established on
the strong corelation between aBG and HbAlc that had been established over the
years (cite here [4]). [3] actually describes a method to estimate aBG from a pa-
tients HbAlc value. The model was established using a linear regression analysis
where the measured HbAlc was taken as the independent and the calculated aBG
as the dependent variable. This method involved calculating an aBG from various
SMBG finger-stick measurements and an alSF from CGM traces. The alSF values
were then scaled by 1.05 to their corresponding aBG values. The Nathan model
is still considered as a standard model for estimating HbAlc. The model however
is a static model and does not take into account the nuances and variations of
BG throughout the day. Lledé-Garcia et al. [7] showed us a few non-static/kinetic
models using the same dataset as the Nathan Model [3]. These kinetic models
used prior measured/estimated parameter values, including red blood cell (RBC)
life span, mean RBC life span and many more to provide non-static estimates of
HbAlc. Bergenstal et al. [11] introduced a new method for estimating HbAlc.
Bergenstal et al. [11] reintroduced the population HbAlc estimate as glucose mon-
itoring index (GMI) and explicitly labeled it as a metric/index that should be
used for diabetes management and diabetes education. GMI and its relationship

with aBG was established using a linear regression analysis just like the Nathan
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model [3]. The GMI estimated in many cases was significantly different from the
measured HbAlc and there for it was to be used as a proxy for the HbAlc and
not its substitute. Hu et al. [12] studied the relationship between the estimated
HbA1lc and the measured HbAlc for Chinese T2D patients and developed 6 new
models for estimating HbAlc. There were linear as well as non-linear models in
this collection of 6 models. These models were obtained using constrained regres-
sion analysis and were shown to provide reliable HbAlc estimates. Zaitcev et al.
[13] later developed a data driven deep learning model for calculating HbAlc from
a CGM trace.

Although the previous models included linear and non-linear models, these
models were almost all static models. We have observed that the models con-
structed traditionally using linear, non-linear or constraint regression analysis,
generally have a wide 95 % confidence interval and subsequently a wider 95 % pre-
diction interval. This makes the HbAlc estimates provided by them unreliable for
clinical use; the traditional experimental measurement methods for HbAlc are far
more reliable as they provide a relatively narrow confidence interval. Therefore,
more sophisticated methods are required to provide HbAlc estimates with similar
narrow confidence intervals from CGM traces. This has lead to the development
of various dynamical or kinetic models.

Xu et al. [15] constructed a kinetic model for estimating HbAlc from the CGM
trace of any T2D and T1D patient. This model took into account the RBC life-span
and the glycation of hemoglobin. This kinetic model assumes a simple dynamical
model for glycation of hemoglobin and estimates the parameters of this model
from the given CGM trace. It then uses this parameterized dynamical model to
provide HbAlc estimates. This model was later validated and it was shown that
compared to GMI and HbAlc estimated using the Nathan equation [3], the HbAlc
predictions provided by this kinetic model were superior [16]. Later Xu et al. [14]
addressed the shortfalls of laboratory measured HbAlc and showed that laboratory
HbAlc can sometimes overestimate or underestimate the diabetic complications
for a patient.

Thus, there are a plethora of linear regression, non-linear regression and, so-

phisticated dynamical models for modeling the relationship between BG, ISF and,
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HbAlc so as to provide a better HbAlc estimate for T2D patients. There are
however very few models that are specific to the T1D system. There have been
regression models which were built on datasets which had a large proportion of
T1D patients like, the Nathan model [3], and some models which were built on
only T2D datasets, but how these models perform in patients with T1D has not
been extensively explored. This lack of clarity is even more pronounced when we
include the ethnicity of the patient and start developing models which are spe-
cialized for a particular ethnicity. Herman et al. [5] showed that the aBG for
T2D patients do not differ significantly over racial and ethnic differences but the
HbAlc value does. [5] showed that for T2D patients of Asian, Hispanic, African
and other racial and/or ethnic groups the HbAlc values are significantly larger
than HbAlc values of Caucasian T2D patients. Leslie and Cohen [6] showed that
the relationship between aBG and HbAlc vary significantly within individuals.
finally, Salam et al. [19] showed that for a given aISF value, the HbAlc value for
T2D patients were significantly higher but after stratifying the data according to
racial and ethnic backgrounds of the patients this difference between the HbAlc
became insignificant for any given alSF value.

In an earlier study, Majumdar et al. [18] developed a linear regression model to
estimate HbAlc directly from alSF of CGM traces from Indian patients already
diagnosed with diabetes, pre-diabetics and non-diabetic participants, we have hith-
erto referred to this model as the Direct Model [18]. Majumdar et al. [18] have also
made a linear model for HbAlc that takes the value from the calculated alSF via
the aBG which they referred to as the Adapted Nathan Model. In this manuscript,
we verify if previous linear regression models namely the Nathan model [3], the
Adapted Nathan Model [18] and, the Direct Model [18] which were developed on a
purely T2D CGM database or as in the case of the Nathan model [3], developed on
a mixed database, may be reliably used at least at a population level to estimate
HbAlc from CGM traces of Indian children and adolescents with T1D.
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3.2 Materials and Methods

3.2.1 The T1D Dataset

Mathematical models describing the relationship between various physical quanti-
ties or describing any phenomenon, need to be tested before they can be used for
prediction purposes. This is the same for biophysical models. We analyze three
such models here in this manuscript, the Nathan model [3], the direct and adapted
Nathan model [16]. We verify if the HbAlc estimates provided by these models are
statistically reliable for use in Indian children and Indian adolescents with T1D.
Two datasets consisting of CGM traces and various bio-markers from subjects
with T1D were collected, curated and annonymised at a tertiary level care center
for T1D in, Pune, India. For the CGM traces, the Freestyle Libre Pro by Abott Co.
Ltd. was applied on the the non-dominant arm. This was a professional blinded
CGM system containing sensor and single reader device system which recorded
ISF every 15 mins for a maximum duration of 14 days. At the end of the wear
period, sensor had been scanned to upload the data and blood sample was collected
for HbAlc. The first dataset, which we will label as the T1D 2022-2023 dataset
(this was for a study on assessment of utility of Fructosamine as a proxy for CGM
in T1D, as yet unpublished), contained the patient id, the age (via the date of
birth), the duration after first diagnosis (via date of first diagnosis), the gender,
the date of CGM device attachment, the corresponding CGM trace and, multiple
HbA1lc measurements along with their corresponding measurement dates from 34
unique T1D patients. In the T1D 2022-2023 dataset, each CGM trace could be
paired to two corresponding HbAlc readings, one taken before (approximately
before 3 months) the CGM device was placed on the patient and the other after
(approximately after 3 months) the device was removed. After filtering out the
entries where the HbA1lc measurement corresponding to a CGM trace or the CGM
trace to a corresponding HbAlc measurement were missing, we had a total of 51
remaining CGM — HbAlc pairs from 26 unique T1D patients. We also identified
all such CGM — HbAlc pairs with a CGM trace that was data-sufficient. The
definition of data-sufficient used by Danne et al. [10] was used for the identification.

We checked if the total number of days the device was active was at least 14 and
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also checked if the percentage of available CGM readings were at least 70 % [10,
16]. If these conditions were satisfied, we labeled those CGM — HbAlc pairs
with a data-sufficient CGM trace as data-sufficient pairs. For the T1D 2022-2023
dataset we had a total of 44 such data-sufficient CGM — HbA1lc pairs.

The second dataset, which we label as the T1D 2019-2020 dataset was first
used in Mondkar et al. [20], contained like the previous dataset, the patient id,
the age (via the date of birth), the duration after first diagnosis (via date of first
diagnosis), the gender, the dates of CGM device attachment, the corresponding
CGM traces and, multiple HbAlc measurements along with their corresponding
measurement, dates from 92 unique T1D patients. The T1D 2019-2020 dataset
however contained multiple CGM traces (about 2 each) from each patient and just
like the previous dataset each CGM trace could be paired with 2 corresponding
HbAlc measurements, one made before (approximately before 3 months) the CGM
device was attached and the other measurement made after (approximately after
3 months) the CGM device was removed. After filtering out the entries where
the HbAlc measurement corresponding to a CGM trace or the CGM trace to a
corresponding HbAlc measurement were missing from the T1D 2019-2020 dataset,
we had a total of 283 remaining CGM-—HDbA 1¢ pairs from 84 unique T1D patients.
Similar to the treatment of the T1D 2022-2023 dataset, we also identified all the
data-sufficient pairs. The T1D 2019-2020 dataset had a total of 253 data-sufficient
pairs from 80 unique T1D patients. Combining the T1D 20222023 and the T1D
2019-2020 dataset into the T1D dataset, we had a total of 334 CGM-—HDbAlc
pairs from 108 unique T1D patients. Out of the 334 CGM-HbAlc pairs, we
identified 297 data-sufficient pairs contributed from 100 unique patients. We used
the T1D dataset for all the analysis presented in this manuscript. Many of our
analysis are then later repeated with only the data-sufficient pairs. The table
providing a detailed description of the datasets that we received is provided below
as Table. 3.1.
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The Complete T1D All CGM—HbAlc Only  data-sufficient
dataset pairs from the T1D CGM—HbAlc pairs
dataset from the T1D dataset
Male Female | All Male Female | All Male Female | All
D Nopatins | 14 20 34 12 14 2% 10 12 2
50929093 Ngpairs 25 26 51 22 22 44
Age 14.864+ | 11.54 4+ | 13.14+ | 15.1 £ | 11.8 =+ | 134 £ | 148 + | 120 £ | 134 +
(years) 4.46 4.01 4.55 4.4 4.0 4.5 4.0 4.3 4.4
HbAlc 7716+ | 87.70 + | 82.54+ | 77.16+ | 87.71 + | 82.54+ | 75.97+ | 85.55 + | 80.76+
(mmot/mot) | 18.82 32.76 27.33 18.82 32.72 27.33 19.29 28.40 24.74
Nypatient | 45 41 86 44 40 84 41 39 80
T1D Nypairs 145 138 283 125 128 253
2019-2020 | Age 18.96+ | 19.37 4+ | 19.16+ | 18.90+ | 19.18 + | 19.03+ | 19.034+ | 19.11 £+ | 19.07+
(years) 2.80 3.26 3.04 2.77 3.15 2.97 2.85 3.19 3.03
HbAlc 83.20+ | 83.61 + | 83.40+ | 83.20+ | 83.61 =+ | 83.40+ | 82.15+ | 83.18 + | 82.67+
(mmol /mol) 18.30 20.94 19.63 18.30 20.94 19.63 18.62 20.94 19.83
Nypatient | 99 65 124 54 54 108 49 51 100
Npairs 170 164 334 147 150 297
Age 18.344+ | 18.29 4+ | 1831+ | 18.34+ | 17.99 + | 18.74+ | 18.404+ | 18.08 £+ | 18.24+
T1D (years) 3.32 4.24 3.80 3.34 4.28 3.83 3.40 4.20 3.83
HbAlc 82.09+ | 83.08 £ | 82.59+ | 82.30+ | 84.26 + | 83.27+ | 81.23+ | 83.53 + | 82.39+
(mmol /mol) 17.97 22.81 20.54 18.50 23.28 20.99 18.85 22.20 20.65

Table 3.1: This table provides a summary of the T1D dataset. As described in Section. 3.2.2 the T1D dataset constists of 2 sub-datasets, the T1D 2022-2023
dataset and the T1D 2019-2020 dataset. The description of all three datasets are grouped row-wise and provided in the table. The description of these
datasets in terms of the set of CGM—-HbA 1c pairs and the the set of data-sufficient CGM-HbAlc (data-sufficient pairs are described in Section. 3.2.2); are
grouped column-wise and provided in the table. The number of unique pattients, Nypatients, the number of CGM-HbAlc pairs, Nypais, the average age in
years (provided as mean £ SD), Age and, the average HbAlc in mmol/mol (provided as mean £ SD), HbAlc are provided for each datasets in the table.



3.2.2 The Nathan Model for estimating HbAlc

The Nathan model [3] was developed around 2008 as a model for establishing
the relationship between aBG and its corresponding HbAlc at a population level.
It was formulated as an equation where the HbAlc could be used to obtain an
estimate of the corresponding aBG. The equation that was suggested by Nathan

et al. [3] is as follows,

aBGyng/aL = 1.59 x HbAlcy, — 2.59, (3.1a)
or, 1.05 x aISF g/, = 1.59 x HbAlcy, — 2.59, (3.1b)
or, aBGmoi1, = 28.7 x HbAlcy, — 46.7, (3.1¢c)

where, aBGy,g /a1, is the aBG in mg/dL (similarly, aBGmol1, is aBG in mmol /L),
alSF g ar, is the alSF measured in mg/dL and, HbAlcy is the HbAlc measured
and reported in percentage(%). The Nathan model [3] was built by screening a
dataset containing 661 participants of age 18 to 70 year from 11 centers around
the world to obtain a dataset of 507 participants. The dataset contained glu-
cose concentration readings from SMBG and also from CGM devices. The CGM
devices however only provided ISF readings which were scaled to their correspond-
ing BG by 1.05 as seen in Eq. (3.1b). The Nathan model [3] although provided
as Egs. (3.1), has been popularly used for calculating HbAlc from the calculated
aBG from a series of SMBG readings or from a CGM trace. The Nathan model
[3] is the standard model, that is most popularly used for estimating HbAlc from
aBG and/or aISF values.

Majumdar et al. [18] however, showed HbAlc calculated using the Nathan
equation [3] were statistically not reliable for the Indian population. The Pune-
2021 and the Joshi-2018 datasets used by Majumdar et al. [18] contained CGM
traces and HbAlc for pre-diabetic, T2D and, non-diabetic participants. Taking
the measured HbAlc from the Pune-2021 and Joshi-2018 datasets as a sample and
pairing each of them with the estimated HbAlc, calculated from the CGM trace,
using the Nathan model [3] a sample of paired estimated and observed HbAlc
values were created.

A paired t-test was run on this paired sample and it was found that at a popu-
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lation level, the estimated HbAlc was significantly different from HbAlc measured
experimentally. The Nathan model [3] however, is still used for obtaining HbAlc
estimates for both T1D and T2D patients.

We used the T1D dataset (a combination of T1D 2022-2023 and T1D 2019-
2020 datasets) to generate HbAlc using the Nathan model [3] and performed a
paired t-test by pairing the estimated HbAlc values with their corresponding ex-
perimentally measured HbAlc. A Quantile-Quantile plot was generated using the
experimentally measured HbAlc and the estimated HbAlc. It was used to verify
if the paired differences belonged to a normal distribution. The null hypothesis,
H,, for the paired t-test was taken to be Hy = HbA1c®® — HbA1c®™' =0 and

mean mean
the alternative hypothesis as H, = HbA1c?® — HbA1c™!,  # 0.

If we reject null hypothesis, Hy, we will conclude that Nathan model [3] cannot
be used to reliably estimate the HbAlc for T1D patients from the child and adoles-
cent Indian population. We also constructed a Bland-Altman plot for the paired
differences between the predicted HbAlc and the experimentally measured HbAlc
values as it would help us to understand the reliability of the Nathan model [3]
for CGM traces in Indian patients with T1D. The paired t-tests were computed
using the ttest_ rel function of the SciPy (version 1.12.0) Python package. The
plots were generated using the pyplot module of the matplotlib (version 3.8.3)
Python package. The complete analysis was done using Python (version 3.11.1)

3.2.3 The Direct Model for estimating HbAlc

The Direct Model was first introduced as an alternative to the Nathan model [3],
for obtaining HbAlc estimates for the Indian population by Majumdar et al. [18].
This model estimates the HbAlc from the alSF which is calculated as the mean of
the ISF readings from any CGM trace. The equation describing the direct model
[18] of estimating HbAlc is as follows:

HbA T Canmol/mol = 0.319 X alSFp, /ar, + 16.73, (3.2)

where HbAlcmmol/mol is the HbAlc in mmol/mol and alSF . q1, the alSF in
mg/dL. The aISF was calculated from the ISF readings from a given CGM trace

using the following equation
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i=N
AlSF g /ar, = %; ISF;. mg/dr; (3.3)

where alSF /a1, is the aISF in mg/dL, ISF; g/ar, the ISF in mg/dL and, N
is the total number of ISF measurements. This model just like the Nathan model
[3], computes HbAlc directly from the calculated alSF. The Direct Model [18]
was constructed using a linear regression analysis of the CGM and HbAlc data
from the Pune-2021 and Joshi-2018 dataset described by Majumdar et al. [18].
The Direct Model was then validated using a subset of the Pune-2021 and Joshi-
2018 dataset. As mentioned in Section. 3.2.2, the Pune-2021 and the Joshi-2018
dataset from Majumdar et al. [18] together contained CGM traces and HbAlc
values from only pre-diabetic, T2D and, non-diabetic participants. There were no
T1D participants in the Pune-2021 and Joshi-2018 dataset.

We therefore set out to validate the Direct Model [18] for estimating HbAlc
for T1D patients. We calculated a paired t-test between the measured HbAlc
from the T1D dataset and the estimated HbAlc using the Direct Model [18]. The
null hypothesis, Hy, for the paired t-test was taken to be Hy = HbA1c®™ —

mean

HbA1c®! = 0 and the alternative hypothesis as H, = HbA1c?® —HbALcS =~ #
0

The paired t-test would then verify if the population mean HbAlc is statisti-
cally indistinguishable from the population mean of the estimated HbAlc. The
normality of the paired differences between the estimated and the experimentally
measured HbAlc was verified visually using a Quantile-Quantile plot. A Bland-
Altman plot of the paired differences between the estimated and experimentally
measured HbAlc was also constructed as it helped us further understand the re-
liability of the Direct Model [18] in estimating HbAlc values for patients with
T1D. This paired t-test would help us verify if the Direct Model [18] could be
used to obtain statistically reliable HbAlc estimates from the CGM traces of T1D
patients from the child and adolescent Indian population. The paired t-tests were
calculated using the ttest_ rel function of the SciPy (version 1.12.0) Python
package. The plots were generated using the pyplot module of the matplotlib
(version 3.8.3) Python package. The complete analysis was done using Python
(version 3.11.1)
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3.2.4 The Adapted Nathan Model for estimating HbAlc

The Adapted Nathan Model was first introduced around 2023 by Majumdar et
al. [18] as an alternative to the Nathan model [3] and Direct Model [18] for ob-
taining HbAlc estimates from CGM traces of non-diabetic, pre-diabetic and T2D
patients from the Indian population. As previously stated in Section 3.2.2, the
Nathan model [3] was constructed using BG, ISF and, HbAlc measurements from
507 participants and those ISF readings used to construct the Nathan model [3]
were scaled to their corresponding BG by a factor of 1.05. The adapted Nathan
model [18] uses a scaling factor of 1.17 which was obtained using a constrained
linear regression analysis on the CGM traces and their measured HbAlc from the
Pune-2021 and Joshi-2018 dataset. The equation for calculating HbAlc from alSF
(calculated using Eq. (3.3)) using the Adapted Nathan Model is as follows

HbA1Cmmot/mol = 0.38 x (1.17 X alSF4/ar,) — 5.60, (3.4)

where HbAlCmmol/mol is the HbAlc in mmol/mol and alSF g ar the aISF
in mg/dL. The Pune-2021 and Joshi-2018 dataset which were used to construct
and test the Adapted Nathan Model [18] however, contained only CGM traces
and HbAlc measurements from pre-diabetic, T2D and, non-diabetic participants.
We therefore validated the Adapted Nathan Model on a dataset containing CGM
traces with corresponding HbAlc measurements from Indian children and adoles-
cents with T1D. We performed a paired t-test with the experimentally measured
HbAlc values from the T1D dataset and the estimated HbAlc values calculated
using the Adapted Nathan Model [18] from their corresponding CGM trace. The
null hypothesis, Hy, for the paired t-test was taken to be Hy = HbA1c®™ —

mean

HbA1c® = 0 and the alternative hypothesis as H, = HbA1c®™ —HbA1c™! £
0.

The paired t-test would then verify if the population mean HbAlc was statis-
tically indistinguishable from the population mean of the estimated HbAlc. The
normality of the paired differences between the estimated and the experimentally
measured HbAlc was verified visually using a Quantile-Quantile plot. A Bland-
Altman plot of the paired differences between the estimated and experimentally

measured HbAlc was also constructed as it would help us further understand the
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reliability of the Adapted Nathan Model [18] in estimating HbAlc values for T1D
patients. This paired t-test would help us verify if the Adapted Nathan Model [18]
could be used to obtain statistically reliable HbAlc estimates from the CGM traces
of T1D patients from the Indian population. The paired t-tests were performed
using the ttest_rel function of the SciPy (version 1.12.0) Python package. The
plots were generated using the pyplot module of the matplotlib (version 3.8.3)
Python package. The complete analysis was done using Python (version 3.11.1)

3.3 Results

3.3.1 Validation of the Direct Model

The estimated HbAlc of the paired CGM traces of the T1D dataset were calculated
using Eq. (3.2) as suggested by Majumdar et al. [18]. The paired differences with
the estimated HbAlc and the experimentally measured HbAlc were calculated
and the corresponding Quantile-Quantile plots were constructed (Figure. 3.1) for
all the subsets of the T1D dataset. The Subplot. 2a in Figure. 3.1, shows that
the paired differences between the estimated and experimentally measured HbAlc
belong to a distribution which is very close to a normal distribution and hence
performing a paired t-test with the estimated and experimental HbAlc would be
an appropriate method to verify if the HbAlcs estimated using the direct method
are statistically reliably for T1D patients of the Indian population.

The Quantile-Quantile plot was then constructed for the data-sufficient CGM-
—HDbAlc pairs and also produced as Subplot. 2b in Figure. 3.1. Studying the
Subplot. 2b from Figure. 3.1, we come to a similar conclusion about the paired dif-
ference between the estimated and observed HbAlc for the data-sufficient CGM—-
HbAlc pairs.

We therefore performed a paired t-test with the experimental HbAlc and the
estimated HbAlcs calculated from the CGM traces using the Direct Model [18]
(HbAlc estimates were calculated using Eq. (3.2)). This paired t-test was per-
formed on a total of 334 (df = 333) pairs of estimated and experimentally mea-
sured HbAlc and yielded a p — value = 0.495. The paired t-test was also repeated
on the 297 (df = 296) data-sufficient CGM-HbAlc pairs of the T1D dataset and
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yielded a p — value = 0.801. The results are also provided in Table. 3.2. Fig-
ure. 3.2 shows the Direct Model, Eq. (3.2) as a solid black line along with its 95 %
confidence interval, surrounded by the data-sufficient and data-insufficient CGM—
HbAlc pairs from the T1D dataset. Figure. 3.3 similarly shows the Direct Model
[18] along with its 95 % prediction interval, surrounded by the data-sufficient and
data-insufficient CGM—-HbA1c¢ pairs from the T1D dataset. The figure shows that,
for the T1D patients from the Indian population, the Direct Model [18] represented
by Eq. (3.2) can be used to obtain estimates of HbAlc from the alSF, calculated
using their CGM trace, which are at a population level statistically indistinguish-
able from the experimental HbAlc. The Bland-Altman plot constructed using the
experimentally measured HbAlc and the estimated HbAlc using the direct model
[18] provided as Subplot. 2a and Subplot. 2b in Figure. 3.4, shows that the paired
differences between the estimated and experimentally measured HbAlc are fairly
evenly distributed about the black solid line representing the mean paired differ-
ence and that estimated HbAlc provided by the Direct Model are statistically

reliable at a population level.

All CGM — HbAlc pairs Only data-sufficient CGM

Models )
— HbAlc pairs

df | t—statistics | p—value | df | t— statistics | p— value
Nathan | 333 | 5.484 8.206 X | 296 | 5.045 7.791 X
Model? 10-8 1077
Direct 333 | 0.681 0.495 296 | 0.251 0.801
Model*®
Adapted | 333 | 2.220 0.027 296 | 2.356 0.019
Nathan
Model'®

Table 3.2: This table contains the results of the paired t-tests performed between
the experimentally measured HbAlc and the HbAlc estimated using the Nathan
model [3], the Direct Model [18] and, the Adapted Nathan Model [18] respectively.
The analysis was perform on the set of all CGM — HbA1c pairs and on the set of
all data-sufficient CGM — HbA1c pairs from the T1D dataset.
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Figure 3.1: The Figure shows the Quantile-Quantile plots for the paired differences
between the experimentally measured HbAlc and the HbAlc estimated using the
Nathan [3] (Subplots. 1a and 1b), direct [18] (Subplots. 2a and 2b) and, Adapted
Nathan Models [18] (Subplots. 3a and 3b). The Subplots. la, 2a and, 3a were
generated using all the CGM — HbAlc pairs from the T1D dataset. The Sub-
plots. 1b, 2b and, 3b however were genegffted using only the data-sufficient pairs.



HbAlc Estimation for T1D patients
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Figure 3.2: HbAlc vs glsaisf. The X-axis represents alSF in mg/dL and the
Y-axis represents HbAlc in mmol/mol. The solid black circles represent the data-
sufficient CGM — HbAlc pairs from the T1D dataset. The solid black triangles
represent the data-insufficient pairs. The solid black line represents the Direct
Model [18], the dot-dashed line represents the Nathan model [3] and, the dashed
line represents the Adapted Nathan Model [18]. The corresponding 95 % CI of the
direct and Adapted Nathan Model is also shown as hatched regions.
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Figure 3.3: HbAlc vs glsaisf. The X-axis represents alSF in mg/dL and the
Y-axis represents HbAlc in mmol/mol. The solid black circles represent the data-
sufficient CGM — HbAlc pairs from the T1D dataset. The solid black triangles
represent the data-insufficient pairs. The solid black line represents the Direct
Model [18], the dot-dashed line represents the Nathan model [3] and, the dashed
line represents the Adapted Nathan Model [18]. The corresponding 95 % PI of the
direct and Adapted Nathan Model is also shown as hatched regions.
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Bland-Altman plots for all HbAlc estimate errors
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Figure 3.4: The Figure shows the Bland-Altman plots for the experimentally mea-
sured HbAlc and the HbAlc estimated using the Nathan [3] (Subplots. la and
1b), direct [18] (Subplots. 2a and 2b) and, Adapted Nathan Models [18] (Sub-
plots. 3a and 3b). The Subplots. 1a, 2a and, 3a were generated using all the CGM
— HbAlc pairs from the T1D dataset. The Subplots. 1b, 2b and, 3b however
were generated using only the data-sufficient pairs. The black dashed lines in the
Subplot’s represent the +£1.96SD lines and the black solid line represent the mean
of the paired differences of the estimateg7and observed HbAlc.



3.3.2 Validation of the Nathan model and the Adapted
Nathan Model

The Nathan Model [3] and the Adapted Nathan Model [18] may both be used to
obtain estimates of HbAlc from a CGM trace. For each model alSF is calculated
using Eq. (3.3) and then it is scaled to an estimated aBG by a scaling factor of 1.05
for the Nathan model [3] and a scaling factor of 1.17 for the adapted Nathan model
[18]. The calculated aBG is then used by both models to estimate HbAlc using
Eq. (3.1a) (or Eq. (3.1c) based on the units required). Although these models
are quite similar, as stated earlier in Section. 3.2.2, the Nathan model [3] has
been constructed from a dataset with non-diabetic, T1D and T2D participants.
The adapted Nathan model [18] however was constructed using the Pune-2021
and Joshi-2018 datasets which consisted mainly T2D, T2D pre- and non-diabetics
participants. The dataset used to construct the Nathan model [3] was however
majorly Caucasian, whereas the dataset used to construct the Adapted Nathan
Model [18] contained only Indian participants. Therefore, it is necessary to verify
if these models can be reliably used to estimate HbAlc for T1D patients from the
Indian population.

We obtain estimates of HbAlc from the CGM traces from all CGM-—HbAlc
pairs of the T1D dataset using both the Nathan model [3] and the Adapted Nathan
Model [18]. To verify if these estimates are statistically indistinguishable from
the experimental HbAlc we need to conduct a paired t-test with the estimated
and the experimentally measured HbAlcvalues. This required us to verify if the
paired differences between the estimated HbAlc and its corresponding experimen-
tally measured HbAlc follow a distribution close to a normal distribution. We
constructed a Quantile-Quantile plot using the paired differences between the es-
timated and measured HbAlc for both the models. The construction was then
repeated for both the models using only data-sufficient CGM—HbAlc pairs of
the T1D dataset. Subplot. 1a and Subplot. 1b in Figure. 3.1 show the Quantile-
Quantile plot for the Nathan model [3]. We can conclude from Subplot. 1la of
Figure. 3.1 that the paired differences between the estimated and experimentally
measured HbAlc follow a distribution that is close to a normal distribution for all
the CGM-HbAlc pairs in the T1D dataset. Subplot. 1b of Figure. 3.1 illustrates
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the same for the data-sufficient pairs. Subplot. 3a and Subplot. 3b in Figure. 3.1
show the Quantile- Quantile plot for the Adapted Nathan Model [18]. We can
conclude from Subplot. 3a of Figure. 3.1 that the paired differences between the
estimated and experimentally measured HbAlc follow a distribution that is close
to a normal distribution for all the CGM—-HbAlc pairs in the T1D dataset. Sub-
plot. 3b of Figure. 3.1 illustrates the same for the data-sufficient pairs.

We then performed a paired t-test with the experimental HbAlc and estimated
HbAlc using the Nathan model [3] on all 334 (df = 333) CGM-—HbAlc pairs of
the T1D dataset. The paired t-test yielded a p — value < 0.001. The paired t-test
conducted on only the 297 (df = 296) data-sufficient CGM-HbAlc pairs yielded
a similar p — value < 0.001. Therefore, we concluded that the HbAlc estimates
obtained for Indian T1D patients using the Nathan model [3] were significantly
(for a significance level, a = 0.05) different from the experimental HbAlc. The
results have also been provided in Table. 3.2. Figures. 3.2 and 3.3 show that the
Nathan model [3] as a black dot-dashed line surrounded by its 95 % confidence
and prediction interval respectively. The data sufficient CGM-HbAlc pairs along
with the data-insufficient pairs are also shown in Figures. 3.2 and 3.3.

We then repeated the paired t-test with the experimental and estimated HbAlc
using the Adapted Nathan Model [18] on all 334 (df = 333) CGM-HbAlc pairs of
the T1D dataset. The paired t-test yielded a p — value = 0.027. The paired t-test
conducted on only the 297 (df = 296) data-sufficient CGM—HbA 1c pairs yielded
a p—ovalue = 0.19. Therefore, we conclude that the HbAlc estimates obtained for
Indian T'1D patients using the Adapted Nathan Model [18] are significantly (for a
significance level, o = 0.05) different (for the data-sufficient pairs and, very close
for all pairs from the experimental HbAlc values) and cannot be used reliably to
estimate HbAlc. The results are also provided in Table. 3.2. Figures. 3.2 and
3.3 show the Adapted Nathan Model [3] as a black dashed line surrounded by its
95% confidence and prediction interval respectively. The data-sufficient CGM-
—HbA1c pairs along with the data-insufficient pairs are also shown in Figures. 3.2
and Figures. 3.3. Bland-Altman plots were then constructed for both models using
the estimated and experimentally measured HbAlc values to study how the errors
in the estimated HbAlc behaved. Figure. 3.4 shows us the Bland-Altman plots for
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the Nathan model [3] in Subplot. 1a and Subplot. 1b and, for the Adapted Nathan
Model [18] in Subplot. 3a and Subplot. 3b. It is clear from the Bland-Altman
plots of these models that there is a pattern in the point-cloud. The trend is
very prominent in Subplot. 3b. This shows that for larger HbAlc values, both the
Nathan [3] and the Adapted Nathan Model [18] overestimate the HbAlc values

and are unable to provide a reasonable estimate.

3.4 Discussion

The ability to estimate HbAlc reliably from any given CGM trace is considered im-
portant and an increasingly necessary requirement by modern clinicians. This pre-
vents unnecessary blood tests that are required to experimentally measure HbAlc
and also helps reduce the cost of diabetes management. For patients with T1D it
may be even more helpful as many of them are now equipped with insulin pumps
which require an active CGM device to monitor their blood glucose and so are in
possession of a large collection of their own CGM traces. These traces can be used
to track their progress in diabetes management. Traditionally, HbAlc estimates
have been calculated from a given CGM trace by first calculating the alSF and
then using linear models, often built using standard linear regression analysis, to
provide the HbAlc estimate. The most popular among these models is the Nathan
model [3]. This model was also provided as a recommendation by Danne et al.
[10] as a standard model for estimating HbAlc from any given CGM trace.

The Nathan model [3] was built on a large dataset containing SMBG mea-
surements, CGM traces and HbAlc from a huge group of Caucasian participants.
Majumdar et al. [18] had shown that the Nathan model [3] could not provide re-
liable HbAlc estimates from CGM traces of the Indian population. The analysis
however was based on a CGM dataset containing CGM traces and HbAlc mea-
surements from non-diabetic, pre-diabetic and, T2D participants. Therefore, it is
of utmost importance to verify if the Nathan model [3] could be used to provide
HbAlc estimates from CGM traces of T1D patients from the Indian population.
Other than the traditionally used model, Majumdar et al. [18] also evaluated two
new models to estimate HbAlc from any CGM trace for T2D and subjects with-
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out diabetes from the Indian population. We also wanted to verify if these models
could be used to provide HbAlc estimates for Indian children and adolescents with
T1D.

We therefore performed a series of paired t-tests between the experimentally
measured and estimated HbAlc from the Nathan [3], direct [18] and, adapted
Nathan models [18]. The results (Section. 3.3 and Table 3.2) suggest that the
Nathan model [3] described by Eq. 3.1b provides, from given CGM traces, HbAlc
estimates which are different significantly from experimental values. HbAlc cal-
culated by Eq. (3.4), i.e., the adapted Nathan model [18] were also statistically
different when compared to the measured HbAlc. The HbAlc estimates for both
the models did not improve when only data-sufficient CGM traces were used.
This suggests that both models were not suitable for estimating HbAlc of Indian
children and adolescents with T1D. The Bland-Altman plots showed for all the
CGM-HbA 1c pairs together and also for the data-sufficient pairs using the Nathan
and Adapted Nathan Models tended to overestimate the HbAlc for larger values
of HbAlc, especially above 100 mmol/mol. This effect was seen for the Nathan
model [3] in Subplots. 1a and 1b of Figure. 3.4 as a tendency of the cloud of points
to remain below the solid black line representing the mean paired difference. This
was even more pronounced for the adapted Nathan model [18] (Subplots. 3a and
3b, especially observed in the latter). We believe this effect was more pronounced
for the adapted Nathan model [18] because for any given alSF the correspond-
ing HbAlc estimated by the adapted Nathan model [18] was always greater than
the HbAlc estimated by the Nathan model [3]. This can be verified using the
equations Eq. (3.1b) and Eq. (3.4) describing the two models respectively.

The results as shown in Section. 3.3 suggests that only the direct model [3]
provides an HbAlc estimate that is indistinguishable from the experimental HbAlc
statistically. The Bland-Altman plot for the direct model [18] (Subplots. 2a and
2b of Figure. 3.4) suggests that the paired difference between the estimated and
experimentally measured HbAlc values are distributed about the black solid line
representing the mean paired difference. This indicates that the direct model
[18] has captured the major trend in HbAlc and the remaining errors are nearly

random.
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To the best of our knowledge, ours is the first study to verify the applicability
of available equations to traces of CGM of Indian children and adolescents with
T1D. However, the T1D dataset that was used for our analysis contained CGM
traces from participants who were young (on average 13 years); further, the traces
that were analyzed were of patients who did not have optimum control of T1D.
All patients were also from one center. Thus, a larger dataset containing CGM
traces and their measured HbAlc from a wider age group from multiple centers
may help us to improve the HbAlc estimates and also study if separate models
would be required to obtain clinically reliable HbAlc estimates for individual T1D
patients.

To conclude, the direct Nathan model provides reliable HbAlc estimates from
CGM traces in Indian children and adolescents with T1D at the population level.
Further studies are required to improve HbAlc estimates from CGM traces at
the individual level. We would alos like to thank Prof. Saroj Ghaskadbi from
the Department of Zoology, Savitribai Phule Pune University, Pune, India for her

valuable insight and advice.
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Chapter 4

Estimating continuous BG from
CGM traces

An earlier version of this work was published as an e-poster titled ” A comparison
of algebraic and dynamic models to estimate blood glucose and A1C
from CGM time series” in the 16" International Conference on Advanced
Technologies & Treatments for Diabetes. (EP165/#606) The abstract book for
the event can be found here (DOI) https://doi.org/10.1089/dia.2023.2525.
abstracts and the abstract author index can be found here (DOI) https://
doi.org/10.1089/dia.2023.2526.abstracts.index. An earlier version of this
work was also presented as an oral presentation titled ”How to track blood
glucose from the CGM?” at the 7*" International Diabetes Summit 2023 (IDS
2023) organized by Chellaram Diabetes Institute. The website for the conference

is provided here https://www.cdi.org.in/international-diabetes-summit/.

4.1 Introduction

Diabetes is a metabolic disorder increasingly claiming a larger proportion of the
world population each year. Both type 1 diabetes (T1D) and type 2 diabetes
(T2D) patient numbers are increasing each year and this calls for construction of
better tools for clinical diagnosis and management of diabetes. Traditionally, the

primary tool for diagnosing both T1D and T2D involved measuring the glucose
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concentration in the patients blood, blood glucose concentration (BG). For T2D,
BG was measured before the first meal or after a long period of no food intake as
the fasting blood glucose concentration (FBG) and was measured after a meal as
the post-prandial blood glucose concentration (PPBG). For T1D patients, the BG
had to be regularly evaluated /measured with a complex self-monitoring blood glu-
cose (SMBG) routine. Recent diabetes patients have many alternatives, like fast
glucose monitoring (FGM) devices, continuous glucose monitoring (CGM) devices,
insulin pumps, etc. These modern devices reliably provide the user with various
metrics to evaluate and manage BG and their overall general health. The CGM
devices are recently being extensively used by diabetes patients to manage their
day-to-day BG. Although, these devices provide a great service, they work with
modern metrics which have not completely been incorporated into a standard clin-
ical framework. For example, the CGM device provides the user with a sequence
of interstitial fluid glucose concentration (ISF) measurements and either complex
algorithms are used to convert this sequence into a sequence of BG values or it is
assumed to be reliably close to the corresponding BG trace that the BG could be
substituted by the sequence of ISF measurements. This conversion or substitution
if not completed properly can give rise to a myriad of issues. This is still an active
field of study.

Over the years there have been many attempts to estimate a patients BG using
a non-invasive method. Rebrin et al. [3] studied the relation between BG and ISF
in dogs using a 3 day CGM sensor and concluded that the insulin concentration in
the blood does not influence the BG—ISF dynamics and also concluded that the
delay in ISF can be corrected using a digital filter. Rebrin and Steil [4] later showed
that the differences between ISF and BG were not significant concluded that ISF
could be used as a substitute for BG. Thennadil et al. [6] studied the relationship
between dermal ISF, capillary and venous BG for diabetes patients with rapidly
changing BG levels and they observed that there are no significant lag between
the ISF and BG values. Stout et al. [5] found an average time lag of about 25 min
between the ISF and finger-stick BG measurement but concluded that although
ISF can be used as an alternative for BG for patients routinely monitoring their

glucose; more work is needed to know the relation between ISF and BG. Cobelli
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et al. [12] also showed that the relationship of the ISF and the BG is complicated
and cannot just be explained using a pure time shift. Kulcu et al. [7] showed that
there is a difference between the ISF values and the corresponding BG values both
in magnitude and delay. They concluded that the magnitude of these difference
depend on the measuring devices but they are significant enough to show that there
is a clear physiological difference between the ISF and BG dynamics. It is also
true that different CGM devices use different algorithm for providing an estimate
of the ISF from their measurement and so their calibration plays an important
role in reliably measuring the ISF. Sun et al. [17] in a manuscript compiled all
the calibration algorithms that have been formulated for the reliable measurement
of ISF by CGM sensors so that it can reliably represent BG. Keenan et al. [11]
introduced a time-lag correction for ISF so as to obtain a reliable estimate of the
corresponding BG. There have been many attempts at understanding the BG-ISF
dynamics and in recent times the use of machine learning algorithms have also
become very popular. Miranda et al. [16] raises the question about the need for
such algorithms and if they can reliably used to understand the ISF-BG dynamics.

CGM devices essentially measure the glucose concentration in the interstitial
fluid present just under the skin, at its point of attachment. The measurements are
done periodically and a sequence of ISF measurements are made available which
can be considered as a discrete representation of the continuous ISF. This discrete
representation of the continuous ISF is quite useful and widely used now a days
in insulin pumps for T1D patients and clinically for diagnosis and management of
T1D and T2D.

The traditional methods used for diagnosis and management of diabetes are
generally based on the BG. This would suggest that the continuous BG trajectory
would provide a better clinical tool for diagnosis and management of diabetes.
As, it would allow the clinician to leverage the available research on the glucose
concentration in the blood and its relationship with diabetes. The CGM devices
however only measure ISF and only provide a discrete representation of the contin-
uous ISF trajectory. As a majority of the measured ISF values are within a certain
acceptable range of the corresponding BG values at the instant of measurement, it

is argued that the discrete ISF trace can be considered as a reliable representation
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of the continuous BG.

Although, the measured ISF values may be close to the corresponding BG at a
time of measurement, it does not necessarily mean that the continuous ISF curve
would have the same relationship with the corresponding continuous BG curve at
all times. In 2016, Cobelli et al. [12] showed that the relationship between the
measured ISF and the BG is complicated and could not be explained by a simple
shifting and/or scaling model. It is therefore, important to study new methods
which would allow us generate a reliable estimate of the continuous ISF and BG
curves from a given sequence of ISF measurements (a CGM trace).

We intend to provide an estimate of the continuous ISF and BG curves from
any given CGM trace using trajectory optimization. Estimating the continuous
ISF and BG curves would require us to construct a simple model which would
reliably describe the dynamical relationship between ISF and BG. This model
describing the dynamical relationship between ISF and BG would have to follow
certain a priory known constraints that govern the BG and ISF dynamics.

Now, the glucose concentration in the interstitial fluid is essentially fueled by
the glucose molecules from the blood. We suspect that the glucose molecules diffuse
into the interstitial fluid from the blood through the blood vessels. Therefore, the
glucose present in the blood flowing inside these blood vessels act as a source of
glucose for the interstitial fluid.

On the other hand the glucose molecules in the interstitial fluid act as fuel
for the nearby cells. Therefore, the nearby cells act as sinks for glucose from the
interstitial fluid. These factors are to be taken into account when developing a
dynamical model for glucose concentration in the blood (BG) and interstitial fluid
(ISF).

We introduce a simple model based on first principles that describe the rela-
tionship between BG and ISF. Let BG (¢) and ISF (#) represent the continuous BG
and ISF curves respectively at time ¢ € R* and let ISF°™ (;) represent the mea-
sured ISF values provided by the CGM device at times ¢, € R*, k € {1,2,..., N}.
Here, N represents the total number of measurements in a CGM trace. We intro-
duce a simple model based on first principles that should adequately describe the
relationship between BG and ISF. Our goal is to provide estimates BG®™" (¢) and
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ISF*" (¢) of the continuous ISF and BG, with a suitable degree of smoothness,
such that the total ordinary least squares (OLS) deviation of ISF*" from ISF is

minimized i.e. the following function is minimized.

2

J (ISF, BG) = / (ISF (1) — ISF** (7)) %dr |

periqd of
wearimg a
CGM device
The complete problem can be written down, with the function f describing the

derivative of ISF, as the following optimal control problem

trp
dnin J (ISF, BG) = /t ) (ISF (7) — ISF**" (7)) dr, (4.1a)
subject to %ISF (t) = f(ISF (t),BG (1)), Vt € [tp,tr], (4.1b)
ISF (t) — BG (¢) < 0, Vt € tg tr], (4.1c)
30mg/dL < ISF (t) < 600 mg/dL, Vt € [tp,tr], (4.1d)
30mg/dL < BG (t) < 600 mg/dL, Vt € [tg tr], (4.1e)

We intend to obtain an estimate of BG from the measured ISF using trajectory
optimization. Trajectory optimization problems are essentially optimal control
problems where an optimal trajectory is chosen which minimizes or maximizes a
given objective function while also satisfying a series of equality and inequality
constraints. These problems are fundamentally optimization problems in the infi-
nite dimensional continuous function spaces. However any real world problem of
this type is almost always (if it can not be solved analytically) solved by finding
an approximation in a finite dimensional function space. [2]

This approximation of the solution of the optimal control problem can be
achieved (generally) using two procedures [1, 2]. The first one involves construct-
ing the set of constraints that any candidate trajectory must satisfy in order to
be considered a possible optimal solution. These constraints are then discretized
and the resulting equations solved. This procedure is called an indirect method.

The second method, known as the direct method, involves discretizing the original
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optimal control problem which generates a discrete optimization problem, usu-
ally an nonlinear programming (NLP) problem. This is then usually solved using
standard NLP optimization methods.

The problem we intend to solve is essentially an optimal control problem, where
an optimal trajectory BG needs to be constructed which obeys a given dynamical
system, our simple model, and generates the appropriate ISF trajectory. We use
the direct method approach where we discretize the optimal control problem and
find an approximate to the original BG trace from a finite dimensional functional

space.

4.2 Materials and methods

4.2.1 The Dataset

The Pune-2021 dataset [15] was collected at the Primary Care Health Centre,
Savitribai Phule Pune University, Pune. It contained CGM traces and various
other bio-markers from 50 participants. This dataset was first used in Majumdar et
al. [15] to establish two new methods of estimating Glycated Hemoglobin (HbAlc)
from any given CGM trace. The Abbott Free Style Libre Pro device was used to
collect the CGM traces. The CGM traces contain ISF measurements in mg/dL
intervals of 14 min. The CGM devices were attached to the participants for 14
days. The Pune-2021 dataset contained 50 participants out of which 15 were pre-
diabetic, 17 were diabetic, and 20 were non-diabetic. The dataset will be referred
to as the Pune-2021 dataset as it was done in Majumdar et al. [15]. All our analysis
will be based on CGM traces from the Pune-2021 dataset.

4.2.2 A simple model describing ISF—BG dynamics

We construct a simple model by taking into consideration the constraints and
dynamics described in the Introduction (Section 4.1). This model would be a
simple diffusion model where glucose is diffusing into and out of the interstitial
fluid from the blood vessels and nearby cells respectively. We consider the rates of

glucose diffusion into the interstitial fluid to be different from the rates of glucose
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diffusing out from the interstitial fluid into the surrounding cells. The equation

for this simple model is given below

%ISF (1) = bBG (7) — alSF (1), (4.2)

where, ISF (7) represents the continuous interstitial fluid glucose concentration
(ISF), BG (7) represents the continuous blood glucose concentration (BG), a and,
b represents the coefficients for their contributions into the rate of change of ISF
respectively. The values for the coefficients @ and b were decided based on the
scaling factor used by the adapted Nathan model to estimate average blood glucose
concentration (aBG) from average interstitial fluid glucose concentration (alSF)
in Majumdar et al. [15]. Their values were chosen such that the steady state ISF
and BG values for Eq. (4.2) satisfied the following scaling equation used by the
adapted Nathan model [15].

B fxfg/dL - 117 X ISFfIfg/dL’ (43)

where, ISF[J, 4, represents the steady state interstitial fluid glucose concen-

tration (ISF) in mg/dL and BGyy, 41, represents the steady state blood glucose

concentration (BG) in mg/dL. We considered @ = 1 min~" and b = 1—117 min .

Therefore, the simple model, Eq. (4.2), could be represented by the following

equation

d 1

EISFmg/dL (T) = m

where, ISF 4 /a1, just as previously stated, represents the interstitial fluid glu-

BGmg/dL (7—) - ISFmg/dL (T) ) (44)

cose concentration (ISF) in mg/dL and, BGy,g a1, represents the blood glucose
concentration (BG) in mg/dL.

Now, Eq. (4.4) describes the relationship between ISF and BG with the unit
mg/dL for concentration and minutes for time. In order to obtain a non-diamen-
tionalized equation, we assume ISF,., /a1, = fimg/ar, X ISF, BGyg/ar, = fimg/ar, X BG
and, 7 = 79 x t where, ISF, BG and, ¢ are dimensionless quantities and jimg/ar, is a
constant in mg/dL and 7y a constant in minutes. The non-dimensionalized version

of Eq. (4.4) can now be written as follows
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%ISF ) = (leBG (t) — ISF (t)) | (4.5)
Here, 7y acts as a scaling factor and manipulates the time-scale of BG-ISF
dynamics. We begin our analysis by considering 79 = 1 min but we later consider
different values of 7y to study at which time-scale Eq. (4.5) accurately represents
the BG-ISF dynamics. For 79 = 1 min, Eq. (4.5) can be represented by
d 1

ISF (1) = =BG (1) — ISF (1), (4.6)

where, ISF (¢) represents the non-dimentionalized interstitial fluid glucose con-
centration (ISF) and similarly, BG () represents the non-dimentionalized blood

glucose concentration (BG).

4.2.3 Trajectory optimization

Trajectory optimization is a method developed to solve optimal control problems
where we deduce a suitable trajectory (for any dynamic quantity), based on the
minimization or maximization of an objective function/cost functional, such that
the trajectory obeys the dynamics described by a given set of system equations
and also satisfies an additional given set of constraints. The method essentially
solves an optimization problem where the optimal trajectory minimizes or maxi-
mizes an objective function/cost functional while also obeying a set of constraints
constructed from the differential equations describing the dynamical system and
some other additional constraints.

A typical trajectory optimization problem as described by Kelly [13] would
involve a set X of all desirable trajectories and a set U/ of all desirable control or
driving functions over the time-interval 7 = [tg, tr] C RT. It would also involve an
objective function or, a cost functional (henceforth we will refer to this function as
the objective function) which would typically depend on the time-stamps tp € T
and tp € T, the trajectory x € X', the control or driving function (henceforth we
will refer to this function as the control function) u € U, and is usually comprised
of two functions, the first function Jy, the meyer term, representing the cost due to
the choice of end-points, (tg,x(tg),u(tp)) and (tg,z(tr),u(tr)), and the second
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function J,,, the Lagrange term, representing the cost incurred as the trajectory

x € X is traversed. The objective function could therefore be written as

Lagrange term
"

la ™\

J (tB, f}F, ;C,’U,) = i]O (tB,tF,LE(tB), l’(tp), u(tB),u(tF))/—i—/ ' Jw (T,Q? (T) , U (T)) dT,

-~

lp
Mayer term

(4.7)

The problem would also involve a series of equality and inequality constraints
on the state and control trajectories, known as the path constraints, represented
by g = 0Vj € {1,...,m} = N,, € N (henceforth N,, would represent the set
{1,2,...,n—1,n} for any n € N) and h; < 0 Vi € N,, respectively. These con-
straints could be written as

gj(x(t),u(t)) =0, VteT, jeN,, (4.8)
hi(z(t),u(t)) <0, VteT, ieN,, (4.9)
(4.10)

Typically the state and control trajectories would also be bounded and these

boundary constraints written as the following equations below, would also be con-

sidered as constraints

Tiow (1) < 2 (t) < ayp (t), VEET, (4.11)
Uiow (1) < u(t) < uy (t), VEET, (4.12)
where, T,y () and zy, (t) represents the lower and upper bounds of the state

trajectory at ¢ € 7T and similarly, uiy (t) and wy, (t) represents the lower and
upper bounds of the control trajectory at ¢t € T.

Finally, a typical trajectory optimization problem would involve a dynamical
system which would govern the evolution of the desired trajectories. The differen-

tial equations describing the system dynamics could be written as

%ﬂﬂ—f@x@ﬂdm VteT,zeX uecl (4.13)
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Therefore, taking everything together, a typical trajectory optimization prob-
lem represented by Egs. (4.7)—(4.13) could be described using the following opti-

mization problem,

Jmin T (ot a(to), a(te), ulto) u(te) + /t () u () d
z€X, 0
uel
(4.14a)
subject to %x (t)=f(t,x(t),u(t))), VieT, (4.14b)
hi (z(t),u(t)) <0, VteT, ieN,, (4.14c)
gj (z(t),u(t)) =0, VieT, jeN,, (4.144)
Tlow (1) < 2 () < @y (1), VteT, (4.14e)
Ulow (1) < u () < Uyp (), Vte T, (4.14f)

Here, Eqs. (4.14) represents a typical trajectory optimization problem for con-
tinuous trajectories where the goal is to find the optimal z € X and @ € U trajec-
tories which minimizes the cost function J, given by Eq. (4.14a) while satisfying
the constraints given by Eqs. (4.14b)—(4.14f).

The above trajectory optimization problem if solvable could be used to de-
duce a suitable continuous state and control trajectory with a suitable degree of
smoothness such that the objective function, J, is minimized. In most cases even if
such optimal state and control trajectory solutions exists, it might not be possible
to obtain an explicit analytical form of the continuous trajectories. Therefore, a
numerical approach is generally used.

A numerical approach to the direct solution of a trajectory optimization prob-
lem like Eq. (4.14) as described by Kelly [13] would require us to transcribe the
equations describing the problem into their discrete counter parts. There are two
popular ways in which this transcription can be done. The first is direct transcrip-
tion where the trajectories, constraints and, differential equations describing the
optimization problem are discretized into a discrete NLP problem, which can then
be solved using traditional NLP methods. The second is indirect transcription,

where the necessary conditions that need to be satisfied by a trajectory in order to
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be a solution to the optimization problem are constructed. The functions, opera-
tors and differential equations involved in these necessary condition constraints are
then discretized and the discrete counterparts to these necessary condition con-
straints are obtained. These discrete equations are then solved to obtain a discrete
solution to the optimization problem.

Generally speaking, the indirect transcription methods lead to solutions which
are better approximations of the continuous solutions of the optimization problem
but these methods are difficult to solve reliably when the problem has a large di-
mension. The direct transcription methods usually are able to provide solutions
which are reliable approximations of the continuous-time solutions of the opti-
mization problem. We use direct transcription methods, in particular Trapezoidal
(as described in Kelly [13]) and a modified Hermite-Simpson collocation method
(where the Hermite-Simpson method is as described in Kelly [13]) to discretize our

trajectory optimization problem into a NLP problem.

4.2.4 Collocation methods

The solution to an optimization problem, a differential or an integral equation may
belong to the space of continuous functions, one of its subspaces or, some similar
function space like the Lebesgue space, containing functions acting on a partic-
ular time interval. These solutions, for the optimization problem, by definition
should satisfy all the constraints involved in the problem as well as minimize (or
maximize) the objective function. For the differential and integral equation, the
solution only satisfies the equation and any other constraints involved. Many of
these optimization problems, differential or integral equation problems, may not
be analytically solvable. Therefore a numerical approach must be used where the
actual solution from the appropriate function space is approximated by a function
from a finite dimensional space. Collocation methods allow us to approximate such
solutions which are functions from infinite-dimensional spaces by using functions
from finite-dimensional functional spaces. These functions satisfy the constraints
and the equations involved in the problem only at finite points at their domain. [see
Chapter. 1 8]

These finite-dimensional spaces are called collocation spaces and the finite num-
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ber of points in the domain of the functions are called the collocation points.
Therefore a collocation solution for a functional equation is a member from a fi-
nite dimensional functional space which satisfies all the constraints, differential
equations and, maximizes or minimizes the objective function (for optimization
problems) involved in the problem at some finite collocation points in their do-
main.

For a trajectory optimization problem we first select the collocation points on
the function domain. For some cases these points can be chosen appropriately but
in many cases, circumstances are such that only a few sets of collocation points can
be considered. In our particular problem ideally we want to obtain a continuous
ISF and BG trajectory from the sets C™ (7, R), with an appropriate m € N and on
an appropriate domain T = [tp, tr| where tp represents the time the CGM device
was attached and tp represents the time when the CGM device was removed. We
have CGM traces which are essentially a series of ISF measurements taken at an
interval of 15 min for 14 days. We therefore consider this 14 day time-period as
our domain [tp,tr| and are forced to consider collocation points in this domain
which are 15 min apart and coincide with the time the CGM device took the ISF
measurement.

Let Tn, » represent a mesh on 7 = [tp, tr] where,

tB:t0<t1<"'<tN<tN+1:tF,

hj = tip1 —

0<j<N,
0<g<m< << <cp1<c, <1

TN, n = tj + Cih]’

and let s; = [tj,t;01 ) V j € {0} UNn_1, sy = [tn,tny1], with the h =
max {h;|1 < j < N —1}. Taking Ty, , as the collocation points we want to ap-
pr]oximate the solution trajectories, say u* and x* of the optimization problem
by a function from the polynomial spline spaces S (Py,,; Muy; Tn, n) for u* and
S (P, ; Ma; Tn, n) for o* respectively such that, at the collocation points the es-
timates satisfies all the constraints from the trajectory optimization problem.

Given Ty, ,, as a partition of the domain time-interval [tp,tp] with the sub
intervals labeled as s; = [t;,tj41 ), 7 € {0} UNn_1, sy = [tn,tns1] and M =
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(M, My, ... ,My) with M; € ZT, 1 < M; <m, i € Ny, we can define the space
of polynomial splines S (P,,; M; Tn.) [see 9, for definition] as

Ipo,p1, -, PN € Py,

p(z) =p;(z) Vo € s;,

Dip; s (x;) = Dp; (2;)

Vi€ Ny, Vj € {0} UN,,_1_4,

where P,, represents the space of polynomials of order m and where M =
(My, My, ..., My) represents the multiplicities of the collocation points t;, i €
Ny in Ty,. We generally introduce n collocation points in each of the N 4 1 sub
intervals of Ty, , but this varies according to the constraints that the approximat-
ing function needs to satisfy. For cases where M; = ¢ Vi € Ny for some constant
c € N, we will denote the space S (P, M, Ty ) as S (P, ¢, Tyn) and, when ¢ = 1
we will denote the space S (P, ¢, Tv.n) as S (T ) [following same convention as
9.

The collocation solutions from the finite dimensional spaces would now need
to satisfy the equations and constraints involved in the problem, now called col-
location equations, only at the collocation points in 7y, ,,. We consider only two

collocation methods in this manuscript, they are described below.

Trapezoidal collocation

The Trapezoidal collocation method is one of the most commonly used collocation
methods. In this method, we generally consider collocation points of the form Ty
(= Tn2 with ¢; = 0 and ¢, = ¢o = 1 in each sub interval) over N + 1 sub intervals

in the domain 7 = [tp, tp| where,

Tn={theTltg =ty <ty <-- <ty_y <ty <tyyi =tp},

the control trajectory is interpolated by a linear spline [13] where the collocation
space is S; (Tn) and the state trajectory is interpolated by a quadratic spline [13]
where the collocation space is Sz (Ty).

Let us consider an optimal control problem, very similar to our problem as

described in Section. 4.1.
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min J = / : Jw (x (1) ,u (1)) dr, (4.15a)

TEX,

uelt ts

subject to %x t)=f(x(t),u(t), VteT, (4.15b)
hi (z(t),u(t)) <0, Vte T, i€ Ny, (4.15¢)
gj (z(t),u(t)) =0, VteT,je Np, (4.15d)
Tlow (1) < (t) <y (t), VEET, (4.15¢)
Uow (1) S u(t) <uy (), VEET, (4.15f)

We take the set Ty € T to be the set of N collocation points in 7 with
N + 1 sub intervals. We then assume the state trajectories at collocation points
tr € Ty Vk € {0} UNyy; to be represented by x, = z (¢x) and similarly the
control trajectory by u, = u (tx). In each sub interval [ty,tr.1] € T, the state
trajectory, = (¢) and the control trajectory, u (¢) can be represented by a quadratic
polynomial and a straight line respectively. Trapezoidal collocation also imposes
that the derivatives of the state trajectory remain continuous for the interval 7T .
Now, for the sub interval [ty, k1], we can represent the state trajectory by the

following equations

i (t) = ak(t - tk)2 -+ bk (t — tk) —+ Ck, (416)
T (t) = 2ay (t — t1,) + b (4.17)

To find the expression of z above we need to identify ay, by and, cp. If we
can identify, in total, three values of either x or & in this interval we can identify
the above parameters. Now, taking into consideration that x, and subsequently =,
need to be continuous in the interval 7 we have the following equations [refer to
Section. 2.1 14, Section. 3.2 10, 1, Sections. 1, 3 13, 2, for details of the calculation]
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x (ty) = g (4.18)

i () = @ (4.19)

& (best) = Fpp (4.20)
(4.21)

Using the above equations we can identify the parameters ay, by and, ¢ as [see
1, 2,10, 13, 14]

ar = “*21—];“ (4.22)
by = iy (4.23)
Crp = T, (4.24)

(4.25)

Now, we also need the state and control trajectories to satisfy the dynamical

system equations and therefore we have

Thrr = f (Tt Ung1) (4.27)

Then combining the previous equations we have

h
Tpy1 = Tk + Ek (fk+1 + fk) (4‘28)

where f; represents f (xy,uy) and fri 1 represents f (zx41,urr1). This equation
ensures that the state trajectory in the subinterval [tg,tr11] is represented by a
piecewise quadratic polynomial and not only satisfy the system equation but also
is equipped with a first derivative on 7.

The objective function with the state and control trajectories discretized at the

collocation points Ty can be written as

—_

~

JoS ey

7‘7 Ju, ki1 + Ju, 1) 5 (4.29)

k=0
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where Jy,, p = Jy (xg, ux) Yk € {0}UNy41. The path and boundary constraints

for the discretized state and control trajectories can also be written as

ki =95 (x, ur) = 0, Vitp € Ty, j € Ny, (4.31)
2 <z < 2%, Vk € {0} UNyg, (4.32)
u?™ <y, <upP, Yk € {0} UNy,, (4.33)

The problem given by Eq. (4.15) now boils down to an NLP problem,

N1y
min J=S" (U e1 + Ju &) (4.34a)
h

subject to  xpy = 21 + { (fes1, fx), Yk € {0} UNy, (4.34Db)
hk7 i (ZEk,Uk) <0, Vk € {O} U NN—H’ 1€ Nn, (434C)
gj (zl:k,uk) = O, Vk € {O} U NN+1,j c Nm, (434(1)
o™ < ap, < )P, VEk € {0} UNpyq, (4.34e)
U}COW S U S Uzp, vk € {O} U NN—H» (434f)

where, the points x;, and uy, V k € {0} U Ny need to be estimated such that
they satisfy Eqs. (4.34b)(4.34f) and minimizes J (from Eq. (4.34a)).
Modified Hermite-Simpson collocation

The Hermite-Simpson collocation method is another popular collocation method.
In this collocation method we generally consider the set of collocation points of

the form Ty 3 with N + 1 subintervals in the time domain 7 = [tp,tr] where,

TN73E{tn€T|tB:t0<t%<t1<"'<tN<tN+%<tN+1:tF},

In the Hermite-Simpson collocation method the continuous state trajectory

is approximated by a cubic Hermite spline [13] where the collocation space is
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S (P4, 2, Ty 3) and the continuous control trajectory is approximated by a quadratic
Hermite spline [13] where the collocation space is S (Ps,2,Tn3). The differen-
tial equations representing the system dynamics, the operations in the trajectory
constraints and, the objective function is then approximated using the Simpson
quadrature at the collocation points given by Ty 3.

Let us again consider an optimal control problem, very similar to our problem

as described in Section. 4.1.

mip J— /t: Ju (2 (7),u (7)) dr, (4.35)
subject to %x (t)=f(x(t),u(t), VteT, (4.35b)
hi (z (t),u(t)) <0, VteT, ieN,, (4.35¢)
g; (z(t),u(t)) =0, VteT,je Ny, (4.35d)
Tiow (1) < (t) <ayp (), VEET, (4.35¢)
Uow (1) S w(t) <wunp(t), VEET, (4.35f)

We take Ty 3 € T to be the set of collocation points and then assume the state
trajectories at collocation points ty € Ty s Vk € {0} UNyy1 to be represented by
xp = x (1) and similarly the control trajectory by u, = u (t;). As a cubic spline
interpolation is performed an additional collocation point between all previous
collocation points are required and we represent the collocation point between the
k™ and (k+ 1)™ collocation point as the (k+ 1)™ collocation point, tpy1, and
represent the state and control trajectories at that collocation point as 1=
x <tk+%> and Upyl = U (tk+§) respectively.

The state trajectory in the sub intervals [ty, tx. 1] Vk € {0} U Ny is approxi-
mated by a cubic polynomial and it is also required that the first derivatives of the
state trajectory is continuous over the time interval 7. We therefore can represent

the state trajectory in the sub interval [ty, ¢, 1] using the following equations

k(t — ka)s + bk(t — tk)2 + Ck(t — tk) + dj, (436)
+ bk(t — tk) + ¢k (437)

&
—
~
N—

I

S

83



Now, to identify the parameters ay, bx, ¢ and, d; we need four equations and
using the continuity constraints on the state trajectory we have [calculations in
14, 10, 1, 13, 2]

z () = o, (4.38)
2 (1) = T (4.39)
i (ty) = i (4.40)

) (4.41)

Now solving for ag, bx, ¢ and, dj. gives us

Tpr1 + 35 2 (T — )

= 4.42
i 12 1} (442)
T + 28 3 (T — o)
by = ——F - + +h2 (4.43)
k k

Now the state trajectory in the sub interval [ty, tx41] can be represented by xy,
Tki1, Tk and, Txy1. We now calculate x (thr%) = Tpyl and its derivative in terms

of xy, xpy1, Tr and, Txq. This gives us

1 hy . . .
Tt = 5 (@ + Tpsr) + gk (T — Trt1) (4.46)
. 3 1 . .
Tk} = op, (Tpy1 — op) — 1 (Tk + Tht1) (4.47)

We also know that the state trajectories have to follow the state dynamics and

therefore, at the collocation points we have

& = f(zk, up) (4.48)
Tt = [ (Trr1, Un1) (4.49)
Tyt = f (CBH%,UH%) , (4.50)
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Now, we have obtained a representation of the state trajectory using xx, Tpi1,
2 and, @1 but the constraints used do not verify if the trajectory has a con-
tinuous first derivative nor have we clearly imposed the constraint that the state
trajectory obeys the system equations. We therefore impose the condition that
the first derivative of the state trajectory at the collocation point ;. 1 obeys the

system dynamics equations. We then arrive at the equation

h
Thy1 = T+ Ek (fk + 4fk+% + fk+1) (4.51)

In the traditional Hermite-Simpson collocation method we interpolate the con-
trol trajectory with a quadratic Hermite spline. However, as we would be using
the control trajectory to represent the BG, it is natural to impose an additional
constraint that the first derivative of the control trajectory must be continuous
over the interval 7. If the state and control trajectories both obey the system
dynamics, then imposing the continuity constraint on the first derivative of the
control is equivalent to imposing a similar constraint on the state trajectory that
its second derivative should be continuous over the interval 7. We therefore im-
pose the additional constraint that the second derivative of the state trajectory
should be continuous. This would change the collocation space for the control
trajectories from S (Ps, 2, Ty 3) to S3 (Ty 3) and the collocation space for the state
trajectory from S (Py,2, Ty 3) to Sy (Tns). The additional constraint imposed on

the state trajectory would lead to the following additional constraint equation

3 (2pyo — ) = hip (4ferr + fro + 4 fir2) (4.52)

The objective function J discretized over the collocation points 7y 3 could be

represented by,

=2

-1

j:

h
= (Jw, w1 4Ty g, k) , (4.53)

i\

where J,, = Jy, (tx) Vk € {0 L ., N+ 1} The path and boundary con-

)9
straints applied on the collocation points can be represented by
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1
hii =h; (zx, ug) <0, Vke{ SUE ,N—i—l}, i €N, (4.54)
1
low 1 1
<uzp <z, Vke O’E’ ..,N—|—§,N+1 , (4.56)
low 1 1

The problem given by Eq. (4.35) now boils down to an NLP problem,

A h
min J=3" 1k (Jw, e AT, s+ k) (4.584)
Tp,Uk =0 6 ’ 2
h
subject to  xp 1 = xp + Fk (fk + 4fk+% + fk+1> , VkeZ, (4.58Db)
3 (.’L’k+2 — l’k) = hk (4fk+1 + fk + 4fk+2) ,Vk € Z, (458C)
1 h
[Ek+% = §($k+$k+1)+§k(fk—fi‘k+1),v1€ € Z, (458d)
h]€7 l(xk,uk) <0, Vke Z, 1€ Nn, (4586)
gj (xg, ug) =0, Vke Z 5N, (4.58f)
Thlow < Tk < Thup, VkeZ, (4.58g)
Uk, low < < Uk up s VEke Z, (458h)

where, the points zp and up V k € Z2 = {O, 55 Ly LN+1 N+1} need to
be estimated which satisfies Eqgs. (4.58b)—(4.58h) and also minimizes the objective
function J (from Eq. (4.58a)).
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4.3 Results

4.3.1 Estimating BG and ISF trajectories using Trape-

zoidal collocation

The Pune-2021 dataset contained 50 CGM traces from a total of 50 participants.
These CGM traces were separated into smaller CGM traces, each containing the
ISF measurements corresponding to a particular date. The typical CGM trace
which is 14 days long now had been separated into 15 small CGM traces, out of
which only 13 traces could be considered a full-day long CGM traces. The other
two small traces, usually the first day’s trace and the last day’s trace were only
half a day long. Therefore for the full-day CGM traces we had 96 collocation
points each with a h = 15 min. These small traces were then used to estimate the
continuous ISF and BG traces using Trapezoidal collocation method. We solved
the NLP problem using the 0SQP solver provided by the cvxpy package in Python.
The CGM traces which were not 14 days long were also included in this exercise,
unlike the complete CGM traces these traces provided only a few full-day CGM
traces.

Now, each full-day CGM trace was taken and the set of collocation points
corresponding to the time stamps of each ISF measurement in the full-day CGM
trace was constructed. Therefore, using the trapezoidal collocation method, for

each collocation point, t; we obtained an estimated ISF value, ISF$* | an estimated

BG value, BG$" and, an observed ISF value, ISF$™ from the full-day CGM. The
objective function was constructed as the mean squared error (MSE) or, square of
the root mean squared error (RMSE) between the vectors ISF$™* and ISF™. The

NLP problem that we obtained after trapezoidal collocation can be stated as
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min jo e (Jw. ki1 + Juo. 1) (4.59a)
ot =0 2 ’ ’
where,  J, 4 = (ISF{" — ISF¢™)”
subject to ISFyy; = ISF™" + % (fes1, fx),  Vk € {0} UNy, (4.59Db)
where, fr = f (ISF3*, BG™)
and, f(ISF,BG) =7y (T117BG — ISF) ,

ISFS™ — BGS™" < 0, Vk e {0} UNy 1,  (4.59¢)

30mg/dL < ISF$" < 600mg/dL, Vk € {0} UNyyi,  (4.59d)
30mg/dL < BGY" < 600mg/dL, Vk € {0} UNy,;,  (4.59)

The NLP described by Eqs. (4.59) was solved numerically using the 0SQP solver
from the CVXPY package in Python. We first took 7y = 1 min but later repeated
the process for 7y = 3 min and, 75 = % min.

The full-day CGM trace along with the estimated ISF and BG trace with
To = 1min, émin and, 20 min for participants labeled CGM D 05, CGM PD 06 and
CGM ND 03 have been shown below in Figure. 4.1 to Figure. 4.9.

Now, to study the reliability of the BG estimates, we compared our estimated
BG with the measured ISF values from the CGM traces. This method was used in
the FDA Summary of Safety and Effectiveness Data (PM A P150021) manuscript
to verify the effectiveness of the Abbott Libre FreeStyle Pro CGM device. The
process consists of two approaches. First we verify the degree of agreement of the
estimated BG within the measured ISF ranges. This is shown in Tables. 4.1,4.2
and, 4.3. Here, we first pair the estimated BG values to their corresponding
measured ISF values. Then for a given range of measured ISF value we calculate
the number of pairs where the estimated BG agrees with the measured ISF within
a given level of error. For example in column. 3 of Table. 4.1 we count the number
of estimated BG values that are within 15 % of the measured ISF, while the ISF
is with the ranges given in column. 1 of the same table. The second approach is
similar to the first, in that the estimated BG not takes the place of ISF and vice
versa for the ISF. These tables are shown in Tables. 4.4, 4.5 and, 4.6.
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CGM No. of | No. of | No. of | No. of | No. of | No.

mea- paired | BG BG BG BG of BG
sured mea- within | within | within | within | greater
ISF sured | 15% 20 % 30 % 40 % than
values ISF of of of of 40 % of
and mea- mea- mea- mea- mea-
esti- sured | sured |sured | sured | sured
mated | ISF ISF ISF ISF ISF
BG
overall 61732 | 3482 60137 | 61693 | 61731 |1
40-50 1561 440 1302 1555 1561 0
51-80 15104 | 1314 14519 | 15092 | 15104 | O
81-180 | 41326 | 1673 40601 | 41305 | 41325 |1
181-300 | 3460 35 3438 3460 3460 0
301-400 | 269 18 267 269 269 0
401-500 | 12 2 10 12 12 0

Table 4.1: Table showing the degree of agreement of estimated BG within the
measured ISF ranges. The estimated BG was calculated using trajectory opti-
mization with trapezoidal collocation. The time scaling factor 7 was taken to be
1 min. Given an estimated BG we first pair the BG to its corresponding measured
ISF value. Then the number of such pairs where for a certain range of ISF, the

estimated BG is within a desired percentage of the measured ISF are counted.
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CGM No. of | No. of | No. of | No. of | No. of | No.

mea- paired | BG BG BG BG of BG

sured mea- within | within | within | within | greater

ISF sured | 15% 20 % 30 % 40 % than

values ISF of of of of 40 % of
and mea- mea- mea- mea- mea-
esti- sured | sured |sured | sured | sured
mated | ISF ISF ISF ISF ISF
BG

overall 61732 | 20976 | 46058 | 60369 | 61641 | 91
40-50 1561 672 957 1350 1549 12
51-80 15104 | 5529 10685 | 14696 | 15056 | 48
81-180 | 41326 | 13866 | 31180 | 40591 | 41295 | 31
181-300 | 3460 856 2982 3451 3460
301-400 | 269 o1 244 269 269
401-500 | 12 2 10 12 12

Table 4.2: Table showing the degree of agreement of estimated BG within the mea-
sured ISF ranges. The estimated BG was calculated using trajectory optimization
with trapezoidal collocation. The time scaling factor 7 was taken to be 1/5min.
Given an estimated BG we first pair the BG to its corresponding measured ISF
value. Then the number of such pairs where for a certain range of ISF, the esti-

mated BG is within a desired percentage of the measured ISF are counted.
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CGM No. of | No. of | No. of | No. of | No. of | No.

mea- paired | BG BG BG BG of BG

sured mea- within | within | within | within | greater

ISF sured | 15% 20 % 30 % 40 % than

values ISF of of of of 40 % of
and mea- mea- mea- mea- mea-
esti- sured | sured |sured | sured | sured
mated | ISF ISF ISF ISF ISF
BG

overall 61732 | 29399 | 39424 | 53215 | 58292 | 3440
40-50 1561 785 937 1293 1464 97
51-80 15104 | 7306 9699 13097 | 14317 | 784
81-180 | 41326 | 19672 | 26052 | 35358 | 38848 | 2478
181-300 | 3460 1532 2342 3191 3382 78
301-400 | 269 101 186 265 269
401-500 | 12 3 8 11 12

Table 4.3: Table showing the degree of agreement of estimated BG within the mea-
sured ISF ranges. The estimated BG was calculated using trajectory optimization
with trapezoidal collocation. The time scaling factor 7 was taken to be 1/15min.
Given an estimated BG we first pair the BG to its corresponding measured ISF
value. Then the number of such pairs where for a certain range of ISF, the esti-

mated BG is within a desired percentage of the measured ISF are counted.
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Estimated | No. of | No. of | No. of | No. of | No. of | No. of
BG values | paired | ISF ISF ISF ISF ISF
mea- within | within | within | within | greater
sured | 15% 20 % 30 % 40 % than
ISF of esti- | of esti- | of esti- | of esti- | 40 %
and mated | mated | mated | mated | of esti-
esti- BG BG BG BG mated
mated BG
BG
overall 61732 | 46313 | 61631 | 61731 | 61732 | O
40-50 876 546 876 876 876 0
51-80 5863 4052 5816 5863 5863 0
81-180 47474 | 35505 | 47424 | 47473 | 47474 | O
181-300 6013 5023 6012 6013 6013 0
301-400 702 622 702 702 702 0
401-500 76 60 76 76 76 0

Table 4.4: Table showing the degree of agreement of measured ISF within the
estimated BG ranges. The estimated BG was calculated using trajectory opti-
mization with trapezoidal collocation. The time scaling factor 7 was taken to be
1 min. Given an estimated BG we first pair the BG to its corresponding measured
ISF value. Then the number of such pairs where for a certain range of estimated
BG, the measured ISF is within a desired percentage of the estimated BG are

counted.

92



Estimated | No. of | No. of | No. of | No. of | No. of | No. of
BG values | paired | ISF ISF ISF ISF ISF
mea- within | within | within | within | greater
sured | 15% 20 % 30 % 40 % than
ISF of esti- | of esti- | of esti- | of esti- | 40 %
and mated | mated | mated | mated | of esti-
esti- BG BG BG BG mated
mated BG
BG
overall 61732 | 35417 | 56890 | 61681 | 61730 | 2
40-50 745 590 745 745 745 0
51-80 6211 3996 5478 6201 6210 1
81-180 47149 | 26487 | 43416 | 47112 | 47149 | O
181-300 6100 3426 5806 60697 | 6099 1
301-400 698 424 692 698 698 0
401-500 78 35 78 78 78 0

Table 4.5: Table showing the degree of agreement of measured ISF within the esti-
mated BG ranges. The estimated BG was calculated using trajectory optimization
with trapezoidal collocation. The time scaling factor 7 was taken to be 1/5min.
Given an estimated BG we first pair the BG to its corresponding measured ISF
value. Then the number of such pairs where for a certain range of estimated BG,

the measured ISF is within a desired percentage of the estimated BG are counted.
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Estimated | No. of | No. of | No. of | No. of | No. of | No. of
BG values | paired | ISF ISF ISF ISF ISF
mea- within | within | within | within | greater
sured | 15% 20 % 30 % 40 % than
ISF of esti- | of esti- | of esti- | of esti- | 40 %

and mated | mated | mated | mated | of esti-
esti- BG BG BG BG mated
mated BG
BG
overall 61732 | 34776 | 47722 | 59001 | 61350 | 382
40-50 849 679 849 849 849 0
51-80 7146 5556 6402 7056 7141 5

81-180 45661 | 24940 | 34792 | 43660 | 45389 | 272
181-300 6377 2655 4333 5790 6280 97
301-400 730 311 044 706 729 1
401-500 88 26 73 86 87 1

Table 4.6: Table showing the degree of agreement of measured ISF within the esti-
mated BG ranges. The estimated BG was calculated using trajectory optimization
with trapezoidal collocation. The time scaling factor 7 was taken to be 1/15min.
Given an estimated BG we first pair the BG to its corresponding measured ISF
value. Then the number of such pairs where for a certain range of estimated BG,

the measured ISF is within a desired percentage of the estimated BG are counted.
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4.3.2 Estimating BG and ISF trajectories using a modified

Hermite-Simpson collocation method

As done in Section. 4.3.1, the CGM traces of the 50 participants of the Pune-
2021 dataset were separated into smaller CGM traces, where each containing the
ISF measurements corresponding to a particular date. A the full-day CGM trace
usually had 96 collocation points (taking N = 94), unless the CGM device dropped
a few measurements due to some defect, each with a h = 15 min. These small traces
were then used to estimate the continuous ISF and BG trajectories using a modified
Hermite-Simpson collocation method. We solved the NLP optimization problem
using the 0SQP solver provided by the cvxpy package in Python. The CGM traces
which were not 14 days long were also included in this exercise, unlike the complete
CGM traces these traces provided only a few full-day CGM traces.

Now, each full-day CGM trace was taken and the set of collocation points
corresponding to the time stamps of each ISF measurement in the full-day CGM
trace was constructed. Then additional collocation points corresponding to center
of the interval between each ISF measurement were added to the set of existing
collocation points. Now, for the modified Hermite-Simpson collocation method
we have a set of collocation point which have corresponding ISF measurements
obtained from the full-day CGM trace. There are additional collocation points
where we use linear interpolation to obtain an estimate of the measured ISF value.
Therefore for each collocation point of the form ¢, where k € N we have a corre-
sponding observed ISF value from the CGM trace, represented by ISF$™ and for
each collocation point of the form ¢, 11 owe estimate, using linear interpolation a
value of the observed ISF. However for all collocation points, ¢ or ¢, 11, we obtain
an estimate of the ISF, represented by ISF$* and we also obtain an estimate of
BG, represented by BGy". Therefore we as was the case with trapezoidal collo-
cation we eventually have for every collocation point ¢ an estimated ISF value,
ISFS" an estimated BG value, BGS™ and, an observed ISF value, ISF{". Similar
to Section. 4.3.1 we construct the objective function as the RMSE between the
vectors ISF$™ and ISF(™. The NLP problem that we obtained after using the

modified Hermite-Simpson collocation can be stated as
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i /= Ek (Jw’ ket T 4Dy et o, k) (4.60a)
e k=0 2
where, o = (ISFZSt' _ ISFZbS)2

h
subject to ISFl, = ISF™" + Ek ( fe+Afpn + fk+1) ., VkeZ,  (4.60b)

3 (ISF§ty — ISF™) = hy (Afer + fr + 4fke2), VEE Z,  (4.60c)

1 he .
ISFiyy = 5 (ISFP + ISFE) + < (6% — d) Yk € 2, (4.60d)

where, fr = f (ISF", BGR") |

and, f(ISF,BG) =1 (%NBG - ISF) ,
ISFPt — BGP* <0, Vk € {0} UNpy4,
(4.60e)
30 mg/dL < ISFS" < 600 mg/dL, Vk € {0} UNy1,
(4.60f)
30 mg/dL < BGS" < 600mg/dL, Vk € {0} UNy1,
(4.60g)

The NLP described by Eqs. (4.59) was solved numerically using the 0SQP solver
from the CVXPY package in Python. We first took 79 = 1 min but later repeated
the process for 79 = — min and, 75 = 20 min.

The full-day CGM trace along with the estimated ISF and BG trace with
To = 1 min, émin and, 20 min for participants labeled CGM D 05, CGM PD 06 and
CGM ND 03 have been shown below in Figure. 4.10 to Figure. 4.18.

Just as it was done in Section. 4.3.1 we verified the degree of agreement between
the estimated BG and the measured ISF. This is shown in Tables. 4.10to 4.12 for

the agreement about BG and Tables. 4.7 to 4.9 for the agreement about ISF ranges.
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CGM No. of | No. of | No. of | No. of | No. of | No.
mea- paired | BG BG BG BG of BG
sured mea- within | within | within | within | greater
ISF sured | 15% 20 % 30 % 40 % than
values ISF of of of of 40 % of
and mea- mea- mea- mea- mea-
esti- sured | sured | sured | sured | sured
mated | ISF ISF ISF ISF ISF
BG
overall | 61732 | 260 61538 | 61731 | 61731 |1
40-50 1561 6 1529 1561 1561 0
51-80 15104 | 52 15001 | 15104 | 15104 | O
81-180 41326 | 200 41267 | 41325 | 41325 | 1
181-300 | 3460 3460 3460 3460 0
301400 | 269 269 269 269 0
401-500 | 12 12 12 12 0

Table 4.7: Table showing the degree of agreement of estimated BG within the mea-
sured ISF ranges. The estimated BG was calculated using trajectory optimization
with a modified Hermite-Simpson collocation. The time scaling factor 7 was taken
to be 1 min. Given an estimated BG we first pair the BG to its corresponding
measured ISF value. Then the number of such pairs where for a certain range

of ISF, the estimated BG is within a desired percentage of the measured ISF are

counted.
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CGM No. of | No. of | No. of | No. of | No. of | No.
mea- paired | BG BG BG BG of BG
sured mea- within | within | within | within | greater
ISF sured | 15% 20 % 30 % 40 % than
values ISF of of of of 40 % of
and mea- mea- mea- mea- mea-
esti- sured | sured | sured | sured | sured
mated | ISF ISF ISF ISF ISF
BG
overall | 61732 | 9964 55970 | 61722 | 61728 | 4
40-50 1561 260 1444 1560 1560 1
51-80 15104 | 2487 13996 | 15102 | 15104 | O
81-180 | 41326 | 6918 37007 | 41319 | 41323 | 3
181-300 | 3460 294 3245 3460 3460 0
301400 | 269 4 268 269 269 0
401-500 | 12 1 10 12 12 0

Table 4.8: Table showing the degree of agreement of estimated BG within the mea-
sured ISF ranges. The estimated BG was calculated using trajectory optimization
with a modified Hermite-Simpson collocation. The time scaling factor 7 was taken
to be 1/5bmin. Given an estimated BG we first pair the BG to its corresponding
measured ISF value. Then the number of such pairs where for a certain range

of ISF, the estimated BG is within a desired percentage of the measured ISF are

counted.
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CGM No. of | No. of | No. of | No. of | No. of | No.

mea- paired | BG BG BG BG of BG

sured mea- within | within | within | within | greater

ISF sured | 15% 20 % 30 % 40 % than

values ISF of of of of 40 % of
and mea- mea- mea- mea- mea-
esti- sured | sured | sured | sured | sured
mated | ISF ISF ISF ISF ISF
BG

overall | 61732 | 22595 | 46030 | 58854 | 61305 | 427

40-50 1561 461 1260 1500 1542 19

51-80 15104 | 5743 11916 | 14664 | 15023 | 81

81-180 | 41326 | 15191 | 29970 | 39059 | 41005 | 321

181-300 | 3460 1139 2653 3350 3454

301400 | 269 60 221 269 269

401-500 | 12 1 10 12 12

Table 4.9: Table showing the degree of agreement of estimated BG within the mea-
sured ISF ranges. The estimated BG was calculated using trajectory optimization
with a modified Hermite-Simpson collocation. The time scaling factor 7 was taken
to be 1/15min. Given an estimated BG we first pair the BG to its corresponding
measured ISF value. Then the number of such pairs where for a certain range

of ISF, the estimated BG is within a desired percentage of the measured ISF are

counted.
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Estimated | No. of | No. of | No. of | No. of | No. of | No. of
BG values | paired | ISF ISF ISF ISF ISF
mea- within | within | within | within | greater
sured | 15% 20 % 30 % 40 % than
ISF of esti- | of esti- | of esti- | of esti- | 40 %
and mated | mated | mated | mated | of esti-
esti- BG BG BG BG mated
mated BG
BG
overall 61732 | 53620 | 61731 | 61731 | 61732 | O
40-50 864 756 864 864 864 0
51-80 5846 4907 5846 5846 5846 0
81-180 47469 | 40930 | 47468 | 47468 | 47469 | O
181-300 6003 5611 6003 6003 6003 0
301-400 705 689 705 705 705 0
401-500 73 73 73 73 73 0

Table 4.10: Table showing the degree of agreement of measured ISF within the
estimated BG ranges. The estimated BG was calculated using trajectory opti-
mization with a modified Hermite-Simpson collocation. The time scaling factor
7 was taken to be 1 min. Given an estimated BG we first pair the BG to its
corresponding measured ISF value. Then the number of such pairs where for a

certain range of estimated BG, the measured ISF is within a desired percentage

of the estimated BG are counted.
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Estimated | No. of | No. of | No. of | No. of | No. of | No. of
BG values | paired | ISF ISF ISF ISF ISF
mea- within | within | within | within | greater
sured | 15% 20 % 30 % 40 % than
ISF of esti- | of esti- | of esti- | of esti- | 40 %
and mated | mated | mated | mated | of esti-
esti- BG BG BG BG mated
mated BG
BG
overall 61732 | 42040 | 61340 | 61728 | 61731 |1
40-50 898 47 898 898 898 0
51-80 5937 4421 5894 5936 5937 0
81-180 47317 | 317769 | 47005 | 47316 | 47316 |1
181-300 6102 4040 6068 6100 6102 0
301-400 696 491 696 696 696 0
401-500 75 55 75 75 75 0

Table 4.11: Table showing the degree of agreement of measured ISF within the
estimated BG ranges. The estimated BG was calculated using trajectory opti-
mization with a modified Hermite-Simpson collocation. The time scaling factor
7 was taken to be 1/5min. Given an estimated BG we first pair the BG to its
corresponding measured ISF value. Then the number of such pairs where for a
certain range of estimated BG, the measured ISF is within a desired percentage

of the estimated BG are counted.
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Estimated | No. of | No. of | No. of | No. of | No. of | No. of
BG values | paired | ISF ISF ISF ISF ISF
mea- within | within | within | within | greater
sured | 15% 20 % 30 % 40 % than
ISF of esti- | of esti- | of esti- | of esti- | 40 %
and mated | mated | mated | mated | of esti-
esti- BG BG BG BG mated
mated BG
BG
overall 61732 | 36254 | 55219 | 61499 | 61719 | 13
40-50 903 743 903 903 903 0
51-80 6316 4631 5973 6298 6314 2
81-180 46789 | 26942 | 41733 | 46623 | 46783 | 6
181-300 6196 3060 5220 6152 6193 3
301-400 728 373 648 725 726 2
401-500 80 37 78 80 80 0

Table 4.12: Table showing the degree of agreement of measured ISF within the
estimated BG ranges. The estimated BG was calculated using trajectory opti-
mization with a modified Hermite-Simpson collocation. The time scaling factor
7 was taken to be 1/15min. Given an estimated BG we first pair the BG to its
corresponding measured ISF value. Then the number of such pairs where for a
certain range of estimated BG, the measured ISF is within a desired percentage

of the estimated BG are counted.
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4.4 Discussion

Diabetes is a metabolic disorder characterized by a consistently high BG. Under-
standing the BG dynamics like, knowing what the current BG value is, what it’s
value would be after a meal of certain calories and, so on, plays an important
role in the diagnosis, construction of medication plan and, the management of
diabetes. Traditionally, single point BG measurements were made and labeled as
metrics like, FBG and, PPBG. Later, metrics like HbAlc, time in range (TiR)
and, so on acted as metrics which indicated the degree of glycation and indirectly
indicated the degree of consistent high or low BG. Recently, with the introduction
of FGM and CGM devices, we are introduced to ISF readings and ISF traces.

We know that traditionally methods for diagnosis, management and, treatment
of diabetes were based on single point measurements of BG and, proxies for long-
term aggregate BG, we need new methods which will proved us with reliable
conversions to and from the traditional BG based metrics to the new CGM based
metrics. This can be achieved in various ways like, finding algorithms to reliably
estimate BG based metrics like HbAlc from a given CGM trace (see Chapter. 2,
Chapter. 3) or, can be done by first estimating the BG trace corresponding to the
measured ISF trace provided by the CGM.

In this manuscript we try to construct an estimate of the continuous BG and
the corresponding continuous ISF, which when sampled (or say measured at spe-
cific time stamps), generates a CGM trace close to the CGM trace generated by
the CGM device. The notion of closeness can be described by an appropriate cost
functional. This was done using the trajectory optimization method. Trajectory
optimization is a method developed to solve optimal control problems where an
optimal control trajectory is to be found which would satisfy a given set of differ-
ential, equality and, inequality constraints and would minimize/maximize a given
cost functional. Our problem can be boiled down to an optimal control problem
which in turn is an optimization problem, if the constraints are suitable for a
unique feasible solution, trajectory optimization can be used as a suitable method
for finding solutions to our problem.

In trajectory optimization we first describe the system that the optimal tra-

jectories must follow. Here, we consider a simple compartmental model describing
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the dynamics between ISF and BG. We also impose additional constraints on the
system, that the ISF < BG, 30mg/dL < ISF < 600mg/dL and, 30 mg/dL <
BG < 600mg/dL. After considering the objective function/cost functional that
need to be minimized to be the L, norm of the difference between the estimated
ISF and measured ISF, the problem essentially becomes an optimization problem.

Now solving the above mentioned optimization problem is difficult and more-
over we only have a discrete-time ISF trace as the measured ISF. Therefore we
discretize the optimization problem over a set of collocation points, which coincide
with the time stamps at which the ISF was measured by the CGM device. After
discretization the optimization problem becomes a NLP problem, which is solved
using traditional NLP solvers. The solution of the NLP problem would provide
us with the estimated ISF and BG values at the collocation points, effectively a
discrete-time ISF and BG estimate. We then interpolate the estimates between
the neighboring collocation points with the proper interpolation method, accord-
ing to the collocation method, to obtain the continuous-time estimates of both ISF
and BG. We consider only two collocation methods for solving our problem. We
first use trapezoidal collocation where the continuous ISF trajectory is obtained as
quadratic spline and the BG trajectory as a linear spline. We then use a modified
Hermite-Simpson collocation where the ISF trajectory is obtained as a cubic spline
and the BG trajectory as a quadratic spline.

We now have obtained an approximate continuous ISF and BG trace, from
both trapezoidal collocation and a modified Hermite-Simpson collocation, which
satisfy at the collocation points, the path constraints imposed and the differential
equations we imposed as the system equations and moreover the estimated ISF
trajectory pass as close as possible to the measured ISF points. Therefore, given
a CGM trace we can provide a piecewise linear or a piecewise quadratic BG trace
that would generate a corresponding ISF trace, following our system equations,
that would pass as close as possible to all the CGM trace points.

This method would indeed help clinicians as they would have the continuous
BG trace for reference when designing a medication schedule or an insulin bolus
schedule. It would help clinicians also evaluate their previously designed medi-

cation regime. It would also help patient customize their diets and potentially
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become better at diabetes management. It could potentially also help us obtain
better estimates of BG based metrics like HbAlc, glucose monitoring index (GMI),
etc.

Although, we have obtained estimates of the continuous ISF and BG, these
estimates are essentially approximates of the continuous BG and ISF from finite-
dimensional functional spaces. We assume that the continuous BG and ISF should
have a certain degree of smoothness and we then find their approximates in the
corresponding finite-dimensional function spaces. Moreover, in our formulation of
the optimization problem the measurement error incorporated in the ISF trace is
not taken into account and therefore for 75 = 1 min, the estimated ISF trajectory
either passes through the measured ISF trace or it passes very close to it. De-
creasing the value of 75 we can see from Tables. 4.2, 4.3, 4.5, 4.6, 4.8, 4.9, 4.11
and, 4.12 that we get a more realistic ISF and BG trace and more over for ranges
around the average glucose concentration there seem to be more agreement be-
tween the estimated ISF and BG. Although it is difficult to say which 7y should
be chosen, it it clear that introducing a scaling factor 7y significantly improves the
degree of agreement between the estimated ISF and BG for glucose concentration
about the default range. The next step would be to obtain an estimate of 7y and
to include the measurement error associated with each ISF measurement by the
CGM device. It would also be appropriate to consider a more complicated system

dynamical equations to describe the dynamics between BG and ISF.
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BG and ISF estimate Trapezoidal collocation method alpha=1/ 1.0 min
patient id:CGM _D 05 - day:2
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Figure 4.1: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM D 05 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 7y = 1 min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/ 5.0 min
patient id:CGM _D 05 - day:2
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Figure 4.2: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM D 05 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 75 = 1/5min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/15.0 min
patient id:CGM _D 05 - day:2
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Figure 4.3: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM D 05 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 75 = 1/15min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/ 1.0 min
patient id:CGM _PD 06 - day:2
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Figure 4.4: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM PD 06 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 7y = 1 min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/ 5.0 min
patient id:CGM _PD 06 - day:2
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Figure 4.5: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM PD 06 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 75 = 1/5min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/15.0 min
patient id:CGM _PD 06 - day:2
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Figure 4.6: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM PD 06 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 75 = 1/15min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/ 1.0 min
patient id:CGM_ND 03 - day:2
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Figure 4.7: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM ND 03 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 7y = 1 min.
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BG and ISF estimate Trapezoidal collocation method alpha=1/ 5.0 min
patient id:CGM_ND 03 - day:2
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Figure 4.8: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM ND 03 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 75 = 1/5min.

116



BG and ISF estimate Trapezoidal collocation method alpha=1/15.0 min
patient id:CGM_ND 03 - day:2
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Figure 4.9: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM ND 03 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time, have
been shaded. These ISF and BG estimates were generated using the trapezoidal

collocation method with a 75 = 1/15min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/ 1.0 min
patient id:CGM _D 05 - day:2
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Figure 4.10: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM D 05 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 79 = 1 min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/ 5.0 min
patient id:CGM _D 05 - day:2
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Figure 4.11: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM D 05 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1/5min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/15.0 min
patient id:CGM _D 05 - day:2
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Figure 4.12: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM D 05 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1/15min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/ 1.0 min
patient id:CGM _PD 06 - day:2
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Figure 4.13: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM PD 06 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1 min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/ 5.0 min
patient id:CGM _PD 06 - day:2
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Figure 4.14: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM PD 06 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1/5min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/15.0 min
patient id:CGM _PD 06 - day:2
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Figure 4.15: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM PD 06 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1/15min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/ 1.0 min
patient id:CGM_ND 03 - day:2
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Figure 4.16: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM ND 03 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1 min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/ 5.0 min
patient id:CGM_ND 03 - day:2
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Figure 4.17: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM ND 03 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1/5min.
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BG and ISF estimate; modified Hermite-Simpson Collocation a=1/15.0 min
patient id:CGM_ND 03 - day:2
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Figure 4.18: Estimated BG and ISF vs. time. The plot contains the day 2 full-day
CGM trace of patient CGM ND 03 which are measured ISF values represented by
black crosses. The plot also contains the estimated ISF which is represented by
a dashed black line and finally the plot also contains the estimated BG which is
represented by a dot-dashed line with solid black circle markers representing the
estimated BG values at the collocation points. The glucose concentration values
which are within 20 % of the estimated BG values, at the same instant of time,
have been shaded. These ISF and BG estimates were generated using the modified

Hermite-Simpson collocation method with a 75 = 1/15min.
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Chapter 5

An Web Application for
calculating CGM metrics

5.1 Introduction

There has been various metrics suggested to study many aspects of an individuals
continuous glucose monitoring (CGM) record but Danne et al. [4] provides us with
a consensus on these metrics and provides us with a minimum set of required
metrics for evaluating an individuals CGM record.

We present a web application which, given a CGM record, calculates many of
the metrics suggested by Danne et al. [4] and also estimates the continuous blood
glucose concentration (BG) trajectory corresponding to the measured discrete in-

terstitial fluid glucose concentration (ISF) trace.

5.2 Using CGM Analyzer

The CGM Analyzer (version 0.1 and version 2.0) web application calculates the
essential metrics suggested by Danne et al. [4]. from any given CGM trace. These
metrics are required by clinicians to properly analyze any given CGM trace. The
CGM Analyzer, both versions 0.1 and 2.0, are capable of analyzing and calculating
every metric for single CGM traces as well as multiple CGM traces at the same

time in a batch mode (or Multi mode for version 2.0).

127



CGM Analyzer (version 0.1) is written in MATLAB and was initially compiled
using the MATLAB Web App Compiler R2022a, but later have been compiled
using the subsequent versions of the Web App compiler. CGM Analyzer (version
2.0) has also been written in MATLAB and has been compiled using MATLAB
Web App Compiler R2024b.

The CGM Analyzer was initially designed to evaluate CGM traces, by calcu-
lating various metrics, which were generated by the Abbott FreeStyle Libre Pro
CGM device. CGM Analyzer (both versions 0.1 and 2.0) follows strict conditions
for the CGM traces that can be processed. The Web Apps takes CGM traces in
the .txt and .csv extensions only. The CGM trace file will only be considered

valid if it is in the following format

Jane Doe
ID Time Record Type Hystoric Glucose (mg/dL)
101336 2021/09/16 06:30 0 180
101337 2021/09/16 06:45 0 176

The Web Apps, both version 0.1 and version 2.0, requires the glucose concen-
tration readings to be in mg/dL, any other format for the CGM data files will not
be accepted as valid data files by the Web Apps. In case of missing measurements
or values the entry in the CGM data file is ignored.

CGM Analyzer is located here in url: https://digimed.acads.iiserpune.
ac.in/fgm-tools The link is also provided in Majumdar et al. [5] where the CGM
Analyzer (version 0.1) was first introduced. Therefore, a user can follow the link
and click on CGM Analyzer to open the MATLAB Web Application Server
where, CHM Analyzer’s both versions are displayed as tiles/icons. The user can

see a tile for CGM Analyzer version 0.1 and version 2.0.

5.2.1 Using CGM Analyzer version 0.1

CGM Analyzer version 0.1, is one of many web application created over the years

that allow the user to upload a CGM trace and calculate various clinically relevant
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metric using the uploaded CGM trace. This application in its initial version 0.1,
is our first attempt at building one such application. This web application can be

operated in two modes, a Mono mode and an Multi mode.

1. The Mono mode: The step-by-step instructions to follow to use CGM Analyzer

version 0.1 to analyze a singe CGM trace is as follows

(a) Loading the CGM traces. On the top left corner a Load button will
appear. Please click on this button and select the appropriate input
data file containing the desired CGM trace to be analyzed. Please
allow a few moments for the file to load. As the file loads the ISF and
calculated /estimated BG trajectory of the CGM traces will be available
as a graph. The Load button will convert to an Erase button and Data
Sufficiency Lamp will turn green to indicate a data-sufficient[4] CGM
trace. If the Data Sufficiency Lamp turns red and no error messages
are posted, we can assume that the CGM trace is not data-sufficient. If
there is an error loading the input data file an appropriate error message

will be displayed and the Data Sufficiency Lamp will turn red.

(b) Calculate the metrics. Now, we can push the Calculate button on
the top right to calculate the values of all the available metrics. Please

allow a few moments for the calculation to complete.

(c) Downloading the calculated metrics. After the calculation of all
the metrics are complete the Calculate button will turn into an Print
button. This button can be used to obtain a text file containing the
calculated values of the metrics. The Erase button can then be used

to reset the web application.

2. The Multi mode: The steps to follow to use the CGM Analyzer to analyze

a multiple CGM traces in a batch is as follows

(a) Loading the CGM traces into the application. On the top left
corner a Load button will appear. The user can click on this button

and select the appropriate input data files containing the desired CGM
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traces to be analyzed. It may take several minutes to complete the
loading process. A progress bar will indicate the state of file loading
and processing. After completion the total number of files selected and
the number of valid and invalid files will be shown. The Load button

will change to an Erase button.

(b) Calculating the desired metrics. After successfully loading all the
desired CGM traces, the Calculate button can be click so that all
the metrics for each of the selected CGM traces are calculated. The

Calculate button will also change to a Print button.

(c) Downloading the calculated metrics. The user can click the Print
button to download the calculated metrics for each of the CGM trace
files. The Erase button can then be used to reset the web application

and repeat the steps to analyze another set of CGM traces.

5.2.2 Using CGM Anlayzer version 2.0

The CGM Anlayzer version 2.0, is the next iteration of the CGM Analyzer Web
Application. This version of the CGM Analyzer Web Application uses MATLAB
Stateflow for its control and interface logic. The usual metrics suggested by Danne
et al. [4] have been implemented in CGM Analyzer version 2.0, just as it was done
in version 1.0. This new version however has an additional feature, the estimation
of the continuous BG corresponding to the discrete ISF trace. We describe in the
next section how this continuous estimate of the BG is obtained. The metrics
suggested by Danne et al. [4] can be calculated in version 2.0 of CGM Analyzer.
The algorithms for calculating each metric is almost similar, with a few exceptions
like the duration metric. Version 2.0 of CGM Analyzer therefore should give the
same value for the metrics calculated by version 0.1. The visualization of the
CGM trace has changed to a single day window. this allows for proper analysis of
everyday CGM variation and also allows quick BG estimation. The usual functions
like zooming, panning, etc are still available and just like version 0.1 are provided
by the MATLAB back-end.

The CGM Analyzer (version 2.0) has two modes the Mono mode and the Multi

mode. In the Mono mode the CGM Analyzer app can be used to analyze a single
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CGM trace file. The metrics and the corresponding continuous BG can be calcu-
lated and analyzed for the given CGM trace. The calculated metrics can then also
be downloaded into an excel spreadsheet. The day-to-day CGM trace along with
the estimated BG trace can also be visualized and analyzed in this Mono mode.

In the Multi mode however, the application can be used to analyze a group
of CGM trace files. The group of CGM trace files can be selected and uploaded
after which the application can calculate all relevant metrics and generate an excel
spreadsheet ready for download. As mentioned earlier, in the Mono mode the CGM
trace can be visualized along with the estimated BG trace in a day-wise 24 hour
window however, in the Multi mode, the CGM traces cannot be visualized and
only the metrics can be calculated and later downloaded.

The step-by-step instructions to use the CGM Analyzer (version 2.0) to evaluate

and analyze a given CGM trace for the two modes are given below:

1. The Mono mode: The Mono mode can be activated by switching the toggle
switch on the top right corner of the application to Mono. The Load button
on the top left of the application will be activated and will be the only button
active till a CGM trace is loaded. The steps that need to be followed to load

and analyze any given CGM trace in the Mono mode are listed below:

(a) Loading a CGM trace: To load a CGM trace into the application in
the Mono mode we need to click the Load button and select the CGM
trace file in the appropriate location and click the Open button. Only
*.txt and *.csv files are accepted and only one CGM trace can be
loaded at a time. the CGM trace file chosen should also follow the
same data format as stated earlier for version 0.1 of the CGM Analyser,
i.e. the data in the CGM trace file should be of the format given below:

Jane Doe
ID Time Record Type Hystoric Glucose (mg/dL)
101336 2021/09/16 06:30 0 180
101337 2021/09/16 06:45 0 176
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Here, Jane Doe refers to the name of the patients, sometimes the patient
ID, the ID column represents the measurement ID, the Time column
represents the timestamp when the measurement was taken, the Record
Type represents the type of the measurement and the Hystoric Glucose

column represents the ISF in mg/dL.

After the CGM trace file has been selected and the open button clicked,
the application would try to load the CGM trace data from the file. If
the loading succeeds, the CGM trace of the first calender day the CGM
device was active will be displayed. If the application fails to load the
file an error message will be displayed. The data sufficiency of the
uploaded CGM trace is also evaluated immediately after a successful
upload. The lap at the top right corner of the application turns red if
the CGM trace uploaded is not data sufficient and green if the trace is
data sufficient. The Load button is rendered inactive while the Erase
and calculate button is rendered active. If there was an error loading
the CGM trace file, the Load button would be rendered inactive and

the Erase button would be rendered active.

Visualizing the CGM trace. As soon as a CGM trace file is suc-
cessfully loaded, the data from the trace file is separated into smaller
traces corresponding to the calender dates in their timestamps and by
default the CGM trace corresponding to the first calender date the
CGM trace was active is displayed. The CGM trace is shown as a solid
blue line with blue crosses ("x”) representing the data points from the
CGM trace. The plot can be zoomed in/out, panned according to our
requirements. The home button on the plot tool bar can be used to
auto scale the plot. The lines representing the BG levels for Level 1
and 2 Hypoglycemia and Hyperglycemia are also present by default in
this plot. The Previous Day and the Next Day buttons can be used
to view the corresponding CGM traces. The calender day for which
the CGM trace need to be visualized can also be chosen from the drop

down date picker.

Estimating the continuous BG trace. Given a CGM trace file
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has been successfully loaded in the application, and the appropriate
CGM trace for a calender day bas been chosen. The continuous BG
trace corresponding to that days ISF trace can be estimated. We first
need to select an required scaling factor, o, and then select an required
collocation method from the drop down menu and the click on the
Estimate Blood Glucose button. After a few moments the estimated
continuous BG and the corresponding estimated continuous ISF trace
will be displayed. The estimated BG is shown as a blue solid line,
where as the estimated ISF is shown as a red solid line. The discrete
CGM trace is also shown as solid black circles corresponding to each
ISF measurement. This plot can also be analyzed, zoomed in/out and

panned as per the user’s choice.

Calculating the metrics. After a CGM trace file is loaded success-
fully into the application, the Load button is rendered inactive and the
Calculate and Erase button is rendered active. The lamp at the top
right hand corner of the application indicated if the loaded CGM trace
is data-sufficient or not. The lap turns green if the loaded CGM trace
is data-sufficient otherwise it turns red. The remaining metrics however
are not immediately calculated. To calculate the remaining metrics we
need to click the Calculate button. After clicking the Calculate but-
ton, in a few moments all the metrics should be calculated and displayed
in their appropriate text boxes. After clicking the calculate button
the button would be rendered inactive and the Download and Reset
buttons will be rendered active. The Reset button can be pressed to
remove the current calculation from memory, so that the application
becomes ready to repeat the calculation as a fresh calculation. It will
render the Download and Reset button inactive and the Calculate

button active again.

Download the calculated metrics. After the Calculate button
is clicked, the Reset and Download button is rendered active while
the Download button is made inactive. Clicking the Download button

would then open a dialog box where you can select /create an excel file of
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* . x1sx extension where the major calculated metrics would be written.
This file will then be downloaded into your system. Unlike version 0.1
of CGM Anlayzer, only afew metrics are saved into the excel file. These
metrics include

e The CGM trace file name,

e the average interstitial fluid glucose concentration (aISF) in mg/dL,

e The inter quartile range (IQR) in mg/dL,

e the Standard deviation (SD) in mg/dL,

e the Coefficient of Variation (CV),

e the high blood glucose index (HBGI),

e the low blood glucose index (LBGI),

e the area under the curve (AUC) in mgh/dL,

e the Glycated Hemoglobin (HbAlc) calculated using the Nathan
Model [3] in mmol/mol,

e the HbAlc calculated using the Direct Model [5] in mmol/mol,

e the HbAlc calculated using the Adapted Nathan Model [5] in mmol/mol,
e The percentage duration of time the CGM device was active,

e The duration of time the CGM device was active,

e The glycemic state, i.e., if the patients ISF is glycemic stable,

e The total no. of readings in the uploaded CGM trace file and,

e the total number of expected readings from the CGM trace file.

These calculated metrics can be repeatedly downloaded by clicking on

the Download button and selecting files with unique names.

2. The Multi mode: The Multi mode, similar to the mono mode can be
activated by toggling the switch at the top right corner of the application.
After toggling the Multi mode switch, only the load button will be active.
The labels, text fields and plot windows will be rendered inactive (hidden in
Multi mode). This mode allows us to calculate the relevant metrics for a
large number of CGM traces in bulk at the same time and download a large

excel spreadsheet with the calculated metrics populating the spreadsheet.
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The step-by-step instructions to use the CGM Analyzer version 2.0 to evalu-

ate multiple CGM traces in bulk are as follows:

(a)

Loading multiple CGM traces. In the Multi mode a number of
CGM traces can be loaded into the application at the same time. The
CGM trace files however have to be of the format described for the Mono
mode. After clicking the Load button a dialog box will appear which will
allow multiple *.txt and *.csv files to be loaded into the application.
After selecting the desired files we need to click on the open button. This
will start loading the selected CGM traces into the application. The
Load button will then be rendered inactive. After loading the selected
files a message will appear informing the user about the number of files
that have been successfully loaded into the application. The lap at the
top right part of the application will glow green if at least one CGM
trace file is loaded otherwise, it will glow red. The Calculate and
Erase button will be rendered active. The Erase button can be used

to remove all the uploaded CGM trace and start afresh.

Calculating the metrics After successfully loading the selected CGM
trace files, we can click on the newly activated calculate button to
calculate all the metrics for each of the CGM traces loaded. This may
take a while and an appropriate message will be displayed once all the
metrics have been processed. The Download and Reset button will be
rendered active. The Reset button can be used to remove the current

calculation and allow the application to run a fresh calculation.

Downloading the Calculated metrics. After calculating all the
metrics for each of the CGM traces selected and uploaded into the
application we can download the some of the calculated metrics using
the Download button. Clicking the Download button opens a dialog
box where an excel file can be selected /created with *.x1sx extension
where a subset of the calculated metrics for each CGM trace uploaded
will be saved. The list of calculated metrics which are saved are the

same as that for the Mono mode.
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5.3 Estimating continuous BG from a CGM trace

The continuous BG trace in the web application is estimated using trajectory op-
timization as described in Chapter 4. We assume that the relationship between
BG and ISF can be represented by a simple diffusion ordinary differential equa-
tion (ODE). We then impose additional constraints, called path constraints, on
the BG and ISF trajectories, or curves, constructing essentially an optimal control
problem where the BG acts as the control/driving force and the ISF represent
the state. The objective of this optimal control problem is to minimize the or-
dinary least squares (OLS) error between the estimated ISF and the measured
ISF provided by the CGM device while satisfying the system ODEs and the path
constraints. The measured ISF provided by the CGM devices are discrete time
series and moreover as we are numerically solving the optimal control problem, we
can only consider solutions which belong to finite-dimensional spaces and can be
represented properly by a computer. The continuous trajectories in the optimal
control problem are therefore discretized at specific collocation points according to
a collocation method. The problem is then numerically solved for the values of the
trajectories at those specific collocation points. This converts the problem essen-
tially into a nonlinear programming (NLP) problem. The standard NLP solvers
can then be used to numerically solve these problem. In our case we used two
collocation methods, the trapezoidal collocation and a modified Hermite-Simpson
collocation method for discretizing the optimal control problem. We then used the
fmincon function provided by MATLAB to find the solution of the corresponding
NLP problem. The estimated values of the ISF and BG trajectories at the col-
location points are then appropriately interpolated according to their collocation
methods to the approximate continuous solutions of the optimal control problem.
This method essentially provides an estimate of the continuous ISF and BG trace
which could give rise to the ISF trace when measured by the CGM device. This
method involved the non-dimensional ODE and therefore could be scaled by an
« parameter. CGM Analyzer version 2.0 also allows for this o parameter to be
tuned so that the user can explore different ISF and BG estimates and choose an

appropriate estimate.
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5.4 Metrics

The metrics which the CGM Analyzer web application calculates are described in

the following subsections. These are the metrics recommended by Danne et al. [4].

5.4.1 Duration of the record

The Duration of the record represents the time elapsed between the first and the
last CGM measurement. Using this duration we calculate the no. of days the
for the CGM record which plays a vital role in every percentage time in range
calculation later.

The duration is expressed in the following format days, (DD:hh:mm) in ver-
sion 0.1 of the CGM Analyzer; where (DD:hh:mm) represents the duration in days,
hours and minutes, and days represents the duration rounded off to the nearest
number of days. For example a duration 16 days 10 hours and 30 minutes long
would be displayed as 16, (16:10:30) but a duration 16 days 12 hours and 30
minutes long would be displayed as 17, (16:12:30). In the version 2.0 of the CGM
Analyzer application the duration is expressed in the format DD:hh:mm:ss where,
dd represents the no of days elapsed between the first and last CGM measurement,
the remaining symbols have their usual meaning.

The duration is calculated by subtracting the datetime value of the time stamp
of the first reading in the CGM record, provided by the input data file, from the
datetime value of the time stamp of the last reading in the CGM record. The no.
of days, hours and minutes elapsed are calculated using the days, hours, minutes
MATLAB functions.

5.4.2 Time CGM Device active

CGM devices like the Abbott Freestyle Libre Pro remain active on the patients
body for approximately 14 days and take regular readings at 15min intervals.
These devices however occasionally miss a few readings. The percentage Time
CGM Device active metric actually calculate the fraction of ISF readings that
have been taken out of all the possible reading the CGM device is supposed to
take.
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We calculate the percentage of possible CGM recordings from the ratio of
number of measurements present in the CGM trace to the number of measurements
that could have been taken in the no. of days the device was active. The output

is rounded off to 1 decimal place using MATLAB’s round function and displayed.

5.4.3 Data Sufficiency Lamp

The Data Sufficiency Lamp indicates if the CGM trace obtained from the input
data file is data sufficient[4]. The lamp is green when the CGM trace is data-
sufficient otherwise it is red. In version 0.1 of the CGM Analyzer application, the
lamp is also red if there is an error in accessing the data present in the file or any
error in uploading the input data file.

As suggested in Danne et al. [4], the CGM record is considered data sufficient
if the no. of days calculated for the duration is greater than or equal to 14 days
and the percentage of possible CGM recordings is greater than 70%.

We first calculate the duration of time(days) the CGM device was active and
then the percentage of time the CGM device was active(as shown in Sec 5.4.2). If
the given CGM data file is data sufficient then we turn the data sufficiency lamp

green, otherwise it turns red.

5.4.4 Average Interstitial Glucose (aISF)

The Average Interstitial Glucose value is the average of all the ISF readings pro-
vided in the input data file. As the input data file is reporting the ISF values in
mg/dL the average interstitial fluid glucose concentration (alSF) calculated is also
in the same units.

The average is calculated using MATLAB’s mean function and the result is
rounded off to integer values using MATLAB’s round function.

The equation for calculating alSF from the ISF values provided in the input

data file can be written as

i=N
alSF = ) "1ISF;, (5.1)
=1
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where alSF is average interstitial fluid glucose concentration (aISF) in mg/dL,
ISF is the interstitial fluid glucose concentration (ISF) in mg/dL and, N the total
number of ISF readings in the input data file.

5.4.5 Standard Deviation (SD)

The Glycemic Standard Deviation is calculated as the Standard deviation (SD) of
the all the ISF readings provided in the input data file. As the input data file is
reporting the ISF values in mg/dL the SD calculated is also in the same units.

This is labeled as SD in the web application and it is calculated using MAT-
LAB’s std function. The result is then rounded off to 2 decimal digits using
MATLAB'’s round function.

5.4.6 Coefficient of Variation (CV)

The Glycemic Coefficient of Variation is calculated as the Coefficient of Variation
(CV) of all the ISF readings provided in the input data file. As the input data file
is reporting the ISF values in mg/dL the CV calculated is also in the same units.
The calculated CV is rounded off to 2 decimal figures using MATLAB’s round
function.

The formulae used to calculate CV is as follows

_ SD
~ alSF’

where CV is the CV in mg/dL, SD is the SD in mg/dL and, aISF represents the
alSF in mg/dL.

(5.2)

5.4.7 Glycemic Stability Lamp

The glycemic stability lamp demonstrates if the uploaded input data file contains
a CGM trace with glycemic stability. A CGM record is suggested|[4] to be glycemic
stable if the coefficient of variation is below 36%. Therefore, after the calculation
of the CV, if the value is less than 36% the lamp labeled Glycemic Stable is set

to green, otherwise it is set to red.
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5.4.8 Inter Quartile Range (IQR)

The metric IQR represents the inter quartile range (IQR) of the measured ISF
values of the input dataset. It is calculated using the MATLAB function iqr. As
the input data file is reporting the ISF values in mg/dL the IQR calculated is also
in the same units and is rounded off to 1 decimal figure using MATLAB’s round

function.

5.4.9 Glucose Indexes HBGI and LBGI

The web application calculates the high blood glucose index (HBGI) and the low
blood glucose index (LBGI) from all the ISF readings provided in the input data
file.

The calculation is based on the formulae suggested in Kovatchev et al. [2] and
Kovatchev et al. [1]. The calculated HBGI and LBGI is rounded to 2 decimal
places using MATLAB’s round function.

The algorithm used to calculate HBGI and LBGI is provided below. We con-

sider the functions

tr(g) = 1.509 ((log g)" *** — 5.381) (5.3)
r(g) =10 x tr(g) (5.4)

Now, for all N ISF measurements g; we calculate rl(g;) and rh(g;), where,

rh(g) = (5.5)
0 r(g) <0
and
r(g) 7(9) <0
rl(g) = (5.6)
0 7(g) >0
Then we calculate HBGI and LBGI as
N
HBGI =Y rh(g;) (5.7)
i=1
N
LBGI =) rl(g;) (5.8)

=1
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5.4.10 Estimated Glycated Hemoglobin (HbAlc)

The web application provides three estimates of HbAlc. HbAlc in all three cases
are estimated from the calculated alSF in mg/dL.

The first HbAlc estimate is based on the equations suggested by Nathan et
al. [3], it is the standard Nathan Model used by the Abbott Freestyle Libre Pro
device. The formulae for the HbAlc estimate as suggested by Nathan et al. [3]

can be written as
HbAlc = 0.380 x (1.05 x aISF) — 5.60, (5.9)

where HbAlc is the HbAlc in mmol/mol and alISF is the calculated alISF in mg/dL.
The calculated HbAlc value is rounded off to 1 decimal place using MATLAB’s
round function.

The remaining two HbAlc estimates are based on two models published in
Majumdar et al. [5], the direct model and the adapted Nathan model.

The equation for the Direct Model[5] HbAlc estimate can be written as

HbAlc = 0.319 x alSF + 16.73, (5.10)

where HbAlc is the estimated HbAlc in mmol/mol and alSF is the calculated
alSF in mg/dL. For further details of the formulae or calculation for the confidence
interval please see the supplementary sheet for Majumdar et al. [5].
The equation for the Adapted Nathan Model[5] HbAlc estimate can be written
as
HbAlc =0.380 x (1.17 x aISF) — 5.60, (5.11)

where HbAlc is the estimated HbAlc in mmol/mol and alSF is the calculated
alSF in mg/dL. For further details of the formulae or calculation for the confidence
interval please see the supplementary sheet for Majumdar et al. [5].

The estimated HbAlc values in all three cases are rounded off to 1 decimal
place using MATLAB’s round function. The HbAlc estimates of the direct model
and the adapted Nathan model also have their 95 % prediction intervals displayed
along with the HbAlc estimate.
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5.4.11 Area under the curve

The area under the curve (AUC) represents the area under the ISF curve obtained
from the CGM trace provided by the input data file. The Abbott Freestyle Libre
Pro CGM records contain ISF readings in intervals of 15 min. We assume that the
input data file also has a similar format and has ISF readings at 15 min intervals.
We calculate an approximate area under the ISF curve.

To calculate the area under the ISF curve we make an assumption that the ISF
value remains constant for 15 min till the next ISF measurement is taken. The area
under the ISF curve is then approximated as the sum of the areas of rectangles
with a height provided by the ISF measurement and a width of 15 min.

The equation used is as follows

N
A=) 15 x ISF, (5.12)
t=1
where N is the total number of ISF measurements, ISF; the ith ISF measurement
and A the area under the glucose curve in mg/dL min. The area is then converted
to mg/dL hr and rounded off to an integer using MATLAB’s round function and
displayed as output.

5.4.12 Duration in ranges

The amount of time the ISF values of the CGM trace provided by the input data
file are found in certain ranges is represented by the duration in range metric.

As suggested in Danne et al. [4] for the individual to be considered in the
Hypoglycemic Level 1 state the glucose readings should be between 54 mg/dL
and 70 mg/dL, for the Hypoglycemic Level 2 state the glucose readings should
be below 54 mg/dL and similarly for the Hyperglycemic level 1 state the glucose
readings should be above 180 mg/dL and for the Hyperglycemic Level 2 state it
should be above 250 mg/dL.

We calculate the no. of glucose readings which are greater than or equal to
54 mg/dL but below 70 mg/dL and multiply it with 15 min (measurement inter-
val) to obtain the amount of time elapsed in Hyperglycemic Level 1 state. The

time elapsed in Hypoglycemic Level 2 state is calculated similarly by counting the
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no. of glucose readings below 54 mg/dL and multiplying it by 15. In the Hy-
perglycemic Level 1 and Level 2 cases we calculate the no. of readings equal and
above 180 mg/dL and 250 mg/dL and multiply it by 15 to get the duration of
time the individual was in the respective states. These calculations are carried out
over the entire length of data available and for the ranges 06 : 00 to 24 : 00, the
wake range and for the range 00 : 00 to 06 : 00, the sleep range. These durations

are then displayed appropriately corresponding to the glycemic range.

5.4.13 Average Duration per Day

The average duration per day metric represents the average duration of time the
ISF values of the CGM trace provided by the input data file is in a given glycemic
state in a day. Similar to the duration in range metric(as described in Sec 5.4.12)
the duration of time the ISF values remain in each glycemic state is calculated
for each day and an average value is calculated and displayed. These calculation
however only take into account the nearest number of day from the duration i.e.
if we have a duration of 16 days 10 hours and 10 minutes, the time in the different
ranges will be calculated for each day and will be averaged over 16 days only and
if we have a duration of 16 days 16 hours and 10 minutes, the time in the different
ranges will be calculated for each day and will be averaged over 17 days. The

Averaged durations per day is then displayed in minutes.

5.4.14 Percentage time in ranges

The percentage of time the glucose measurements are in the respective Hypo-
glycemic and Hyperglycemic ranges are also calculated and displayed as percent-
ages rounded off to 1 decimal points. The number of glucose readings in the
required range is counted and the total number of possible readings that should
have been taken in the duration that the device was active is calculated. Their
ratio in percentage gives us the percentage of time spent in the corresponding

ranges.
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5.4.15 No. of Episodes

The No. of Episodes metric represents the number of episodes the ISF values
of the CGM trace in the input data file has endured in a particular glycemic
state. We present the No. of Episode metric for the Level 1&2 Hypoglycemia
and Level 1&2 Hyperglycemia states. The No. of Episodes for all the glycemic
states are also calculated for the time range 06 : 00 to 24 : 00, the wake range
and for the time range 00 : 00 to 06 : 00, the sleep range. If there are consecutive
reading within a particular state then the individual is considered to be having an
episode of the corresponding Hypoglycemic or Hyperglycemic state. In the case
of missing measurements in any episode, we assume the individual remains in the
episode unless the next available measurement suggests otherwise. The results are

displayed as integers in the web application..
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Chapter 6
Discussion

The daily functioning of the human body involves numerous metabolic processes,
many of which are modulated by amount of food intake, type of food intake,
amount and intensity of exercise, etc. One such set of metabolic processes are
the ones involved with the glucose-insulin dynamics of the human body. These
metabolic processes are involved in the consumption of glucose by different tissues
in the body, production of glucose by the liver, and eventually the maintenance
of the blood glucose concentration (BG) in the human body. Insulin is a hormone
that plays an essential part in many of these metabolic processes, and therefore
eventually plays a major part in the glucose-insulin dynamics of the human body.
It is involved with the maintenance of glucose homeostasis i.e. maintenance of
BG in the human body, fat deposition in the adipose tissues, etc. The number
of cases of metabolic disorders like type 1 diabetes (T1D) and type 2 diabetes
(T2D) are gradually increasing and it is important that we reliably understand
these disorders and develop methods/treatments to manage and eventually cure
them. As many of these metabolic disorders, especially T1D and T2D, are intrin-
sically involved with the glucose-insulin dynamics of the human body, the state
of the glucose-insulin dynamics in the human body is used as a probe to identify
and evaluate the extend of these disorders. This involves measuring the fasting
blood glucose concentration (FBG) and post-prandial blood glucose concentration
(PPBG) to study the deviation of the glucose dynamics from homeostasis or mea-

suring Glycated Hemoglobin (HbAlc) to study the deviation of the BG over a long
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period of time, usually 120 days.

Understanding the glucose-insulin dynamics of the human body is necessary
to study these metabolic disorders. Studying models describing various features
of the human glucose-insulin dynamics is an active area of research. Traditionally,
probing the glucose-insulin dynamics of the human body involved regular blood
tests for FBG, PPBG, HbAlc, etc. These methods are not only painful but also
expensive. Modern fast glucose monitoring (FGM) and continuous glucose mon-
itoring (CGM) devices have provided a great tool for probing the glucose-insulin
dynamics of the human body. These CGM devices are relatively cheap (w.r.t pre-
vious sensors from the previous decade) and their sensors are quite robust. Studies
can be arranged where a large number of people could be given these CGM de-
vices and be asked to follow a certain dietary routine or any particular exercise
routing. These CGM devices contain sensors which probe the interstitial fluid and
periodically measure the glucose concentration in the fluid. This devices essen-
tially give us a partial snapshot of the glucose-insulin dynamical system at fixed
intervals of time. The CGM therefore has the potential to be a remarkable tool for
understanding the glucose-insulin dynamics of the human body. With increasing
accuracy of these CGM devices we get increasingly reliable discrete time repre-
sentations of the continuous interstitial fluid glucose concentration (ISF). With
an appropriate algorithm we can interpolate through these points and obtain an
approximation of the continuous ISF or impose a set of constraints representing
the dynamics between BG and ISF and obtain a reliable approximation of the
continuous BG too.

In this thesis we first show, using the combined Pune-2021 and Joshi-2018
dataset, that the standard method, i.e. the Nathan model [1], used for estimating
HbAlc from any given CGM trace provides HbAlc estimates that are statistically
unreliable at a population level when used with CGMs traces obtained from T2D
patients, pre-diabetic patients or non-diabetics from the Indian population. We
then introduced two new methods, using linear and constrained regression analy-
sis, for reliably estimating HbAlc from any given CGM trace of an individual from
the Indian population. We used a part of the combined Pune-2021 and Joshi-2018
dataset, that was kept separate, to validate both the Direct Model [3] and the
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Adapted Nathan Model [3] to confirm that both that these two models provides
HbAlc estimates which are statistically indifferent from the experimentally mea-
sured HbAlc values at a population level. We then constructed a web application
using Matlab which allows anyone to upload a CGM trace and calculate all the
important metrics described in Danne et al. [2] along with the HbAlc estimates
provided by the Nathan model [1], the direct and adapted Nathan model [3].

We now have two new models, the direct [3] and the adapted Nathan model
[3], that can provide, at a population level, reliable estimates of HbAlc from CGM
traces of non-diabetic, pre-diabetic and/or T2D diabetic patients from the Indian
population. These models however have not been validated or tested with CGM
traces and HbAlc measurements from T1D patients from the Indian population.
Although a clear relationship between average blood glucose concentration (aBQG)
and HbAlc has been established, as previously described, it was still not clear
how this relationship was affected by the gender, race and type of diabetes, T1D
or T2D, exhibited by the patient. Salam et al. [4] showed using a dataset of 343
participants, which included 191 T1D and 152 T2D participants, that overall for a
given average interstitial fluid glucose concentration (alSF) value, calculated from
the given CGM traces, the HbAlc of the T2D participants were significantly higher
than the HbAlc measured from the T1D participants. This should indicate that
the overall relationship between HbAlc and alSF calculated from CGM traces are
significantly different for T1D and T2D participant. Salam et al. [4] however also
showed that after stratifying on racial terms, for a given alSF value there were no
significant difference between the corresponding HbAlc for T1D and T2D. This
showed that after stratifying on racial lines there were no significant differences
between the relationship between alSF and HbAlc. We therefore expect the new
direct model [3] and the adapted Nathan model [3] to provide HbAlc estimates
which are statistically indistinguishable from experimentally measured HbAlc for
Indian T1D patients. We therefore used the T1D 2022-2023 and T1D 2019-2020
T1D dataset together to validate the direct model [3], the Nathan model [1] and
adapted Nathan model [3]. We verified that the HbAlc estimates provided by the
Nathan model [1] and the adapted Nathan model [3] were statistically different

from the experimentally measured HbAlc values. The HbAlc estimates obtained
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using the direct model [3] however, were statistically indistinguishable from the
experimentally measured HbAlc values. We therefore, now have a validated model,
i.e. the direct model [3] that can be used to reliably estimate HbAlc from CGM
traces of Indian pre-diabetic, non-diabetic, T2D diabetic and also T1D diabetic
patients.

As we had mentioned earlier traditionally the metrics used for diagnosis and
management of diabetes were all based on BG. They essentially were indicators
for BG or indicators for a consistently high BG. Modern FGM or CGM devices
however do not measure BG; they measure and provide only ISF measurements.
Therefore there is a need for an algorithm that would reliably provide an estimate
for the continuous BG give a discrete-time representation of the continuous ISF
trace. We used trajectory optimization to obtain an estimate of the continuous BG
with a suitable degree of smoothness. This would allow us and clinicians to refer
to a smooth approximation of the actual BG trajectory when designing dietary
and bolus schedules for insulin. Although We have not been able to provide an
approximate of the continuous BG trajectory with an arbitrary small error. We

will continue our work on the algorithm to provide a more reliable BG estimate.
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Appendix A

Blood glucose concentration (BG)
trace estimates for the Pune-2021

dataset

Two new methods for estimating the continuous blood glucose concentration (BG)
trajectory of any individual from their continuous glucose monitoring (CGM) trace
were described in Chapter 4. Here, we used these two new methods for estimat-
ing the continuous BG trajectories for all the CGM traces from the Pune-2021
dataset. We provide below figures showing the continuous BG estimates using the
trapezoidal collocation and the modified Hermite-Simpson collocation methods.
The figures show the estimated BG for each participants from the Pune-2021
dataset along with the measured interstitial fluid glucose concentration (ISF) val-
ues obtained from the day 2 full-day CGM trace. The measured ISF values are
represented by black crosses. The estimated BG values are shown by dot-dashed
lines (black for 7, = 1 min, red for 75 = 1/5min and, blue for 7y = 1/15min) along
with a solid circle as marker for the estimated BG values at the collocation points.
The estimated ISF for 7y = 1min is represented by a black dashed line. The
shaded region represents the glucose concentration values that are within 20 % of

the estimated BG for 7y = 1min.
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BG and ISF estimate Trapezoidal collocation method
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BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.1: Estimated BG and ISF for CGM D 02 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_03 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.2: Estimated BG and ISF for CGM D 03 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_04 - day:2
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_05 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.4: Estimated BG and ISF for CGM D 05 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_06 - day:2

X CGM Data
=== Estimated ISF alpha=1/1.0 min
—@- Estimated BG alpha=1/1.0 min
|[5255 Estimated BG+20%
Estimated BG alpha=1/5.0 min
—@- Estimated BG alpha=1/15.0 min

NS
5
S
'
1

)
o
(e}

Glucose Concentration (mg/dL)

Jul=29 03:00 06:00 09:00 12:00 15:00 18:00 21:00 Jul—30

Tlme (mln) 2021—Jul-30
(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
patient id:CGM _D 06 - day:2

x  CGM Data A
—--=- Estimated ISF alpha=1/1.0 min ,'//‘
j —e— Estimated BG alpha=1/1.0 min .‘{\\
3250' 771 Estimated BG£20% '
%D —8— Estimated BG alpha=1/5.0 min
— —e— Estimated BG alpha=1/15.0 min
S
] 200'
©
A
s}
c
(O]
2
o B
8 150
(]
0
[}
O
=
© 100+

Jul=29 03:00 06:00 09:00 12:00 15:00 18:00 21:00 Jul—30

Time (mm) 2021—Jul—-30

(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.5: Estimated BG and ISF for CGM D 06 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_07 - day:2
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Figure A.6: Estimated BG and ISF for CGM D 07 for 75 =

1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_08 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.T: Estimated BG and ISF for CGM D 08 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_09 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.8: Estimated BG and ISF for CGM D 09

for 1 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_10 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.9: Estimated BG and ISF for CGM D 10 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_11 - day:2
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BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.10: Estimated BG and ISF for CGM D 11 for 7, =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_12 - day:2
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BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.11: Estimated BG and ISF for CGM D 12 for 7, =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_13 - day:2

X CGM Data

300- Za” ot 5 At o min
=] S P
%D —@- Estimated BG alpha=1/15.0 min
=250
.©
£ 9001
O
5
()
g 1501
T

1001 \

Aug—08 03:00 06:00 09:00 12:00 15:00 18:00 21:00 Aug—09

Time (min) 2021—Aug—09

(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
patient id:CGM D 13 - day:2

x  CGM Data
300 —--=- Estimated ISF alpha=1/1.0 min
- —e— Estimated BG alpha=1/1.0 min

T 771 Estimated BG£20%

%D —8— Estimated BG alpha=1/5.0 min
—— Estimated BG alpha=1/15.0 min |;

=250 Phe /15,0 min)

2001

150

Glucose Concentration

1001 :
Aug—08 03:00 06:00 09:00 12:00 15:00 18:00 21:00 Aug—09

Time (min) 2021-Aug—09

(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.12: Estimated BG and ISF for CGM D 13 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_14 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation

method
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Glucose Concentration (mg/dL)

BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_15 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_16 - day:2
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BG and ISF estimate; modified Hermite-Simpson Collocation
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_D_17 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
patient id:CGM _D _17 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.16: Estimated BG and ISF for CGM D 17 for 7, =
1min, 1/5min and, 1/15min
167



BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_01 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.1T7: Estimated BG and ISF for CGM ND 01 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_02 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.18: Estimated BG and ISF for CGM ND 02 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_03 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
patient id:CGM_ND 03 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.19: Estimated BG and ISF for CGM ND 03 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_05 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
patient id:CGM_ND 05 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.21: Estimated BG and ISF for CGM ND 05 for 75 =
1min, 1/5min and, 1/15min
172



BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_06 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.22: Estimated BG and ISF for CGM ND 06 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_08 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.24: Estimated BG and ISF for CGM ND 08 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_09 - day:2
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BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.25: Estimated BG and ISF for CGM ND 09 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.28: Estimated BG and ISF for CGM ND 12 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_13 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
patient id:CGM_ND 13 - day:2

x  CGM Data
—--=- Estimated ISF alpha=1/1.0 min
—e— Estimated BG alpha=1/1.0 min
i/ 7 Estimated BG+20%
200 || —®— Estimated BG alpha=1/5.0 min
—8— Estimated BG alpha=1/15.0 min

Glucose Concentration (mg/dL)

Aug—08 03:00 06:00 09:00 12:00 15:00 18:00 21:00 Aug—09
Time (min) 2021—Aug—09
(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.29: Estimated BG and ISF for CGM ND 13 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_14 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method
BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.30: Estimated BG and ISF for CGM ND 14 for 71, =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_15 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.31: Estimated BG and ISF for CGM ND 15 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_16 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.32: Estimated BG and ISF for CGM ND 16 for 75 =

1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method

patient id:CGM_ND_18 - day:2
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_19 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.34: Estimated BG and ISF for CGM ND 19 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_ND_20 - day:2
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BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_01 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.36: Estimated BG and ISF for CGM PD 01 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_02 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.37: Estimated BG and ISF for CGM PD 02 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.38: Estimated BG and ISF for CGM PD 03

1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_04 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.39: Estimated BG and ISF for CGM PD 04 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_05 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.40: Estimated BG and ISF for CGM PD 05 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_06 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.41: Estimated BG and ISF for CGM PD 06 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.42: Estimated BG and ISF for CGM PD 07 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_08 - day:2
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BG and ISF estimate; modified Hermite-Simpson Collocation
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_09 - day:2
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(a) The estimates here are obtained using the trapezoidal collocation method

BG and ISF estimate; modified Hermite-Simpson Collocation
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation

method

Figure A.44: Estimated BG and ISF for CGM PD 09 for 79

1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_11 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.46: Estimated BG and ISF for CGM PD 11 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_12 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.4T: Estimated BG and ISF for CGM PD 12 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
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Figure A.48: Estimated BG and ISF for CGM PD 13 for 75 =
1min, 1/5min and, 1/15min
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BG and ISF estimate Trapezoidal collocation method
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Figure A.49: Estimated BG
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BG and ISF estimate Trapezoidal collocation method
patient id:CGM_PD_15 - day:2
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(b) The estimates here are obtained using the modified Hermite-Simpson collocation
method

Figure A.50: Estimated BG and ISF for CGM PD 156 for 75 =
1min, 1/5min and, 1/15min
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Appendix B

Published works

B.1 Published articles

Here is a list of the published papers

1. Majumdar, S. et al. Evaluation of HbAlc from CGM traces in an Indian
population. Frontiers in Endocrinology 2023, 14, 1264072, DOI: 10.3389/
fendo.2023.1264072, https://www.frontiersin.org/journals/endocrinology/
articles/10.3389/fendo.2023.1264072/full

B.2 Conference posters and presentations

Here is a list of conference posters and presentations given.

1. Conference Poster: An e-poster titled ” A comparison of algebraic and
dynamic models to estimate blood glucose and A1C from CGM
time series” in the 16'" International Conference on Advanced Technolo-
gies & Treatments for Diabetes. EP165/#606
Abstract book DOI: https://doi.org/10.1089/dia.2023.2525. abstracts
Abstract author index DOI: https://doi.org/10.1089/dia.2023.2526.

abstracts.index.

2. Conference Oral Presentation: Oral presentation titled ” How to track
blood glucose from the CGM?” at the 7" International Diabetes Summit
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https://doi.org/10.1089/dia.2023.2525.abstracts
https://doi.org/10.1089/dia.2023.2526.abstracts.index
https://doi.org/10.1089/dia.2023.2526.abstracts.index

2023 (IDS 2023) organized by Chellaram Diabetes Institute. The website for
the conference is provided here https://www.cdi.org.in/international-diabetes-summit

and https://www.cdi.org.in/7th-international-diabetes-summit-2023/.

B.3 Copyright and Licence

The copyright and license information about the published artile is provided below

e Majumdar S, Kalamkar SD, Dudhgaonkar S, Shelgikar KM, Ghaskadbi S and
Goel P (2023) Evaluation of HbAlc from CGM traces in an Indian
population. Front. Endocrinol. 14:1264072. doi: 10.3389/fendo.2023.1264072

This is an open-access article distributed under the terms of the
Creative Commons Attribution License (CC BY). The use, distribution

or reproduction in other forums is permitted, provided the original
author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted

which does not comply with these terms. (see Figure. B.1)
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Appendix C

Ethics Statements

The ethics clearance documents are provided for the datasets used in this the-

sis
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IHEC clearance for Pune-2021 dataset

Wit s fien vd Srgwme R qo

INDIAN INSTITUTE OF SCIENCE EDUCATION AND RESEARCH PUNE
. ST 94T AT, IO 411008, HERTS, WIRA | Dr. Homi Bhabha Road, Pune 411008, Maharashtra, India

T +912025908001 W wwwiiserpune.acin IISER PUNE

IHEC APPROVAL CERTIFICATE

Date: 24t September 2021

To,

Dr. Pranay Goel
IISER, Pune

Dear Dr. Goel,

This is with reference to your project proposal titled “Bioenergetics health index(BHI)in progression of diabetes
and its relationship with metabolically active tissues”. It was considered by the committee in its meeting held

on September 6th, 2021. The proposal is approved for the duration of 03 years, as requested by you.
With this approval you are asked to submit a final report to the Committee.

The project has been assigned serial number IHEC/Admin/2021/015.

Yours sincerely

/-

Dr. Aurnab Ghose

Secretary, IHEC




IEC clearance for Pune-2021 dataset

Prof. Sharad Deshpande
Chairman
sharad.unipune@gmail.com
+91 9424347778

Savitribai Phule Pune University
Institutional Ethics Committee

DHR, Gol registration no. EC/NEW/INST/2010/267
Office address: Interdisciplinary School of Health Sciences, SPPU, Ganeshkhind, Pune 411007

Ref. No.: SPPU/IEC/2020/102 Date: [ChGiEzaT

To,

Dr. Saroj Ghaskadbi,

Emeritus Professor,

Dept of Zoology

Savitiribai Phule Pune University,
Pure 411007

This is with reference to your proposal entitled “Bioenergetics health index(BHI)in progression
of diabetes and its relationship with metabolically active tissues”, which was discussed at the
meeting held on 31% of Dec 2020.

Your proposal is deemed to meet the requirements put forth by the national ethical guidelines
for research projects hence ethical approval has been granted for the project period. The
standard conditions of this approval are;

e You are required to conduct this research strictly as per the submitted and granted
protocol and any amendment in the protocol should be submitted to the IEC.

e Provide a progress report for every year of the approval.

e Provide a final copy when the project is complete.

Please note that failure to comply with the conditions of approval may result in withdrawal of
approval for the project.
You may now commence your project.

Thank you.

QAR

Chairman,
Institutional Ethics Committee
Savitribai Phule Pune University

CHAIRMAN
Institutional Ethics Committee
Savitribai Phule Pune Universj+

Ganesh Khind; Pune-411077.




IHEC clearance for Joshi-2018 dataset
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INDIAN INSTITUTE OF SCIENCE EDUCATION AND RESEARCH PUNE
B, B AT AT, 9O 411008, HEITE, HIRE | Dr. Homi Bhabha Road, Pune 411008, Maharashtra, india

T 4912025908001 W www.iserpune.acin IISER PUNE

Date: 26" May, 2023

To,

Dr. Pranay Goel
IISER, Pune
Dear Dr. Goel,

This is with reference to your project proposal titled “Bioenergetics health index (BHI) in progression of
diabetes and its relationship with metabolically active tissues”, IHEC/Admin/2021/015.

We have considered your request to include Dr. K. M. Shelgikar, Joshi Hospital Pune, as a partner in this
project and have approved it.

You are requested to indicate this inclusion in your final report to the Committee.

Yours sincerely

/-

Dr. Aurnab Ghose
Secretary, IHEC




IEC clearance for Joshi-2018 dataset

*(.,u\CAI. Reg

& “ y y
% MAHARASHTRA MEDICAL RESEARCH SOCIETY
i {Registered under the Sacieties Registration Act 1860)
2 778, Shivajinagar, Opp. Kamala Nehru Park, Pune - 411 004.
S Tel.: 020 -'4109 6666, 4109 6628 Email : mmrs@mmifhospitals.in

Our Ref. : Date :

YourRef. :
14/3123
To,

Dr. K M Shelgikar
Principal Investigator
Maharashira Medical Foundation Hospitals Association Joshi Hospital Pune

Protocol Title : Estimation of HbAlc (eHbAlc) from continuous glucose monitoring
(CGM 2020 study) sensor data of type 2 diabetes (T2D) patients

Subject: Approval for above mentioned protocol,

Dear Dr. Shelgikar,

The Institutional Ethies Committee Maharashtra Medical Research Society reviewed and
discussed your application to conduct the Research Study entitled “Estimation of HbAlc

(eHbAlc) from ¢ontinuous glucose monitoring (CGM 2020 study) sensor data of type
2 diabetes (T2D) patients.

Institutional Ethics Committee approved this extension study for the patients who were
enrolled in the previous study of CGM. And suggested Principal Investigator to conduct the
study further in its presented form,




IEC clearance for Joshi-2018 dataset

Following members of the ethics committee were present at the meeting held on 25T
FEBRUARY 2023 Saturday at 3.00pm in Joshi Hospital Conference Hall.

FSr TNames i Gender | Affiliations | Qualifications IEC Designation | Voted Not
| No. | & Role voted
T T Mrs. Vaishali [F NO BSC (Zoology) MSC (Anthropology) | Chairperson Voted
- Diploma in Clinical Research
| Deshpande
2 | Dr. Abhijeet Joshi M YES DNB (Medicine) Member Voted |
Secretary
. l Dr. Avijit Basu M [ YES MS, M.Ch (Cardiovascular & Thoracic | Clinician Voted
Ll | Surgery) , FRCS (Ed)
4 Dr. K M Shelgikar M I'YES MD (Medicine) Clinician Voted
_ 8 |
g Dr. Swapnil Kulkarni M YES MD  (Pulmonary Medicine) DMNB | Clinician Voted
(Respiratory Medicing) FAPSR (Japan)
] FIMV
0y Dr. Smruti Pradhan F YES MD (Pathology) Basic Moedical | Voted |
Scientist
7 Adv Madhav Godse M No M.Sec. B.Ed, LLB, CAIIB Legal Expert Voted
8 | Mrs Vijaya Chaudhari | F No M.A.(Marathi) Lay Person Voted
0 Mns Vidya Garkhedkar | F No B.Ed, MA (Phiolosaphy) Social Scientist | Voted
10 [ Adv Santosh Pati ™ No BSL, LLB Legal Expert | Vorted T
| |

~ The Ethics Committee expects to be informed about the progress of the study, any SAE occurring
wn the course of the study, any change in the protocol and patient information/ informed consent
and dlso let us have a peériodic report on the progress of the study Six monthly.
[t is to be noted that neither you nor any of your proposed study team members were present during
the decision-making procedures of the Ethics Committee.
The Ethics Committee works as per the guidelines of ICH- GCP, New Drugs and Cliiical Trial
Ruiles 2019, and all applicable local regulatory réquirements.
Institutional Ethics Committee NABH Accreditation Number : EC-CT-2021-0178

The Ethics Committee registration number is ECR/31 1/Inst/MH/2013/RR-19.
Yours sincgkely,

N\

Mrs. Vaishali Deshpande
Ch’nrperson Institutional Ethics Committee, Maharashtra Medical Research Society (MMRS)
RAHARAS - Ll SOGETY

778, fnn-w;Jni\A' hl‘l il RANALA BEHRU PARK,
PUNE - 411 0604,




IHEC clearance for T1D 2022-2023 and T1D 2019-2020 dataset

el sy fien wa i wiRen qo1
INDIAN INSTITUTE OF SCIENCE EDUCATION AND RESEARCH PUNE &

i 7l wear A, U 411008, MERTE, AIRE | Dr. Homi Bhabha Road, Pune 411008, Maharashtra, India
T 912025908001 W www.iiserpune.ac.in IISER PUNE

IHEC APPROVAL CERTIFICATE

Date: 6 September, 2023
To,

Dr. Pranay Goel
IISER Pune

Dear Dr. Goel,

This is with reference to your project proposal submitted to the IISER Pune Institutional Human Ethics
Committee titled ‘Analysis of continuous glucose monitoring (CGM) data in Indian children and
youth with Type 1 Diabetes’. It was considered by the committee in its meeting held on August 18,
2023. The proposal is approved for the duration of 3 years, as requested by you.

With this approval, you are asked to submit annual reports and a final completion report to the

Committee.

The project has been assigned serial number IHEC/Admin/2023/002.

Sincerely

fe

Aurnab Ghose
Member Secretary
IISER Pune, Institutional Human Ethics Committee

i e e Eet, G WG ) g R

An Autonentous Institution of the Ministry of Human Resource Development, Government of india




EC clearance for T1D 2022-2023 dataset

ETHICS COMMITTEE JEHANGIR CLINICAL DEVELOPMENT _

CENTRE PVT, LTD. q;g { D(
Jehangir Hospital Premises, 32 Sassoon Road, Pune - 1 P¥ X

Tel.:+91-20-67268821 / 67268800 ELINICEL PRECISION

Date: 21% August 2023

To,

Dr. Anuradha Khadilkar

HCJIMRI, Lower Ground Floor, Block V,
Jehangir Hospital Premises

32, Sassoon Road, Pune -411001

Study Title: Assessment of the clinical utility of Fructosamine, an intermediate-term glycemic
index, as a reliable proxy to continuous glucose monitoring (CGM) in children and youth with

Type 1 Diabetes (T1D)
Subject: EC approval for the above-referenced study.

The Institutional Biomedical and Health Research Ethics Committee, Jehangir Clinical
Development Center Pvt. Ltd. reviewed and discussed your application dated 21 July 2023 to
conduct the study entitled “Assessment of the clinical utility of Fructosamine, an intermediate-
term glycemic index, as a reliable proxy to continuous glucose monitoring (CGM) in children
and youth with Type 1 Diabetes (T1D)”. The following documents were reviewed and

discussed at the online Ethics Committee e-meeting held on 19" August 2023.

The below-mentioned documents were approved by EC in its presented form: -

Sr. No. Study Document

I. Study Protocol

2. Consent Form — English

3. Consent Form — Hindi and Marathi
4. CV & MRC of Principal Investigator
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EC clearance for T1D 2022-2023 dataset

ETHICS COMMITTEE JEHANGIR CLINICAL DEVELOPMENT _

CENTRE PVT, LTD. %}; J CDC

Jehangir Hospital Premises, 32 Sassoon Road, Pune - 1 ’
Tel.-+91-20-67268821 / 67268800 CLINUGAL BRECISIOR

The meeting was conducted online between 05:00 PM to 06:30 PM. The members who attended the
meeting where your proposal was discussed are as below. LIST OF MEMBERS WHO ATTENDED

THE MEETING:

MEMBER | OFFICE ORGANIZATION | SEX | PRIMARY AFFILIATION

NAME ON EC TITLE/HIGHEST SCIENTIFIC OR | WITH
DEGREES NONSCIENTIFI | INSTITUTION(S)
EARNED C SPECIALITY YES/NO, IF YES

WHICH ONES

Dr. Chairperson | Ph.D. Medicine, M Scientific No

Ravindra M.Sc.

Ghooi (Pharmacology),
B.Sc.

Mrs. Member B.Pharm, MBA. F Scientific Yes

Neelambari | Secretary

Bhosale

Dr. Piyush | Clinician MBBS, DNB. M Scientific Yes

Chaudhari

Col. Lay B.E. M Non-Scientific No

Prakash Member

Shinde

Dr. Mohini | Basic MD in Clinical F Scientific No

Barde Medical Pharmacology &

Scientist Therapeutics,

MBBS.

Mr. Social B. Com, MBA. M Non-Scientific No

Framroz Scientist

Garda

Dr. Deepa | Legal Ph.D., L.LM,, F Non-Scientific No

Paturkar Expert L.L.B.

Dr. Esther Social Ph.D.,, M.A., BA. F Non-Scientific No

Chopra Scientist in Philosophy
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EC clearance for T1D 2022-2023 dataset

ETHICS COMMITTEE JEHANGIR CLINICAL DEVELOPMENT

CENTRE PVT, LTD. { D(
Jehangir Hospital Premises, 32 Sassoon Road, Pune - 1 ¢
Tel.-+91-20-67268821 / 67268800 CLINWGAL. PRECISION

Biomedical Health and Research Ethics Committee, Jehangir Clinical Development Centre Pvt. Ltd.
expects to be informed about the progress of the study, any SAE occurring in the course of the study,
any changes in the protocol and patient information/informed consent and asks to be provided a copy

of the final report.

The approval validity of the study is for 3 years. (Till 18" August 2026.)

Yours Sincerely,

Dr. Ravindra Ghool
Chairperson
Biomedical Health and Research Ethics Committee Jehangir Clinical Development Centre Pvt.

Ltd.
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ETHICS COMMITTEE JEHANGIR CLINICAL DEVELOPMENT CENTRE PVT. LTD.

Jehangir Hospital Premises, 32 Sassoon Road, Pune - 1
Tel.:+91-20-67268821/67268804 Fax : 26059319

CLINICAL PRECISION

To, 01-Nov-2019
Dr. Anuradha Khadilkar,

Principal Investigator

Department of Anaesthesia,

Jehangir Hospital, 32, Sassoon Road,

Pune- 411001.

Study title: To study the effect of use of metformin with insulin in Indian adolescents and young

adults with type 1 diabetes- a 6 month randomized controlled trial.

Subject: Initial EC approval for the above referenced study.

Dear Dr. Anuradha Khadilkar,

The Institutional Ethics Committee, Jehangir Clinical Development Center Pvt. Ltd. reviewed and
discussed your Submission letter dated 16-Oct-2019 to conduct the clinical trial entitled “To study
the effect of use of metformin with insulin in Indian adolescents and young adults with type 1
diabetes- a 6 month randomized controlled trial.”; the following documents were reviewed and

discussed at the Ethics Committee meeting held on 19-Oct-2019.

The below mentioned documents were approved by EC:-

Study Thesis.

o Informed Consent Form English, Marathi and Hindi.
e Translation Certificates of ICFs - English to Marathi.
¢ Translation Certificates of ICFs - English to Hindi.

¢ CV and MRC of Principal Investigator
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The meeting was conducted at JCDC Conference hall, between 11.00 am to 03.00 pm. The

members who attended the meeting where your proposal was discussed are as below:

LIST OF MEMBERS WHO ATTENDED THE MEETING:

MEMBER | OFFICE ON EC | ORGANIZATION SEX | PRIMARY AFFILIATION
NAME TITLE/HIGHEST SCIENTIFIC OR | WITH
DEGREES NONSCIENTIFI | INSTITUTICON
EARNED C SPECIALTY (S) (YES/NO; IF
YES, WHICH
ONE(S))
Dr. Ravindra | Chairperson Ph.D. Medicine, M.Sc | M Scientific No
Ghooi (Pharmacology), B.Sc
1. Piyush Member Secretary | MBBS, DNB M Scientific Yes
¢ Chaudhari
Mrs. Vrinda | Member B.A(Psychology), F Non- Scientific Yes
Pusaikar M.S.W(Generic)
Dr. Pratibha | Clinician MBBS,PG diploma in | F Scientific No
- Nayak medico legal system
DA
Mz, Lay Member B.A, B.com M Non-Scientific No
Chandrakant
Joshi
Dr. Vikram | Basic Medical | M.B.B.S. M.D. M Scientific Yes
Padbidri Scientist
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Mr. Social Scientist M.B.A,, B.Com M Non- Scientific No
Framroze

Garda

Mr. Ajay | Legal expert LLM, MMS, M.Sc- | M Non-Scientific No
Deuskar Statistics

We approve the study to be conducted in its presented form.
Ethics Committee, Jehangir Clinical Development Centre Pvt. Ltd. expects to be informed about
the progress of the study, any SAE occurring in the course of the study, any changes in the protocol

and patient information/informed consent and asks to be provided a copy of the final report.

We hereby confirm that Ethics Committee, Jehangir Clinical Development Centre Pvt. Ltd. is
organized and operates as per Schedule Y of the Drugs and Cosmetics Rule 1945 and applicable
regulations.

The approval of the study is valid till 18-Oct-2020.

Yours Sincerely,

. Z\90\3
Signature : 6 \\\\\
Name : Dr. Piyush Chaudhari.
Member Secretary

Ethics Committee Jehangir Clinical Development Centre Pvt. Ltd.
EC registration No: ECR/352/Inst/MH/2013/RR-19
NABH Certification No: EC-CT-2018-0023.
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Abbreviations

aBG average blood glucose concentration 4, 9-11, 23, 24, 26, 27, 29, 31, 33, 40,
42, 44, 48, 58, 73, 148

alSF average interstitial fluid glucose concentration 8, 9, 11, 12, 24, 27-35, 41,
42, 44, 48-51, 53, 55, 56, 58, 60, 61, 73, 134, 138, 139, 141, 148

AUC area under the curve 134, 142

BG blood glucose concentration viii, 1-5, 7-12, 23, 24, 26, 29, 33, 41-43, 48, 51,
68-74, 78, 85, 87, 88, 95, 96, 103-105, 127, 129-133, 136, 146, 147, 149, 151

CGM continuous glucose monitoring v, 2-5, 7-12, 23-35, 41-62, 68-70, 72, 78,
87, 88, 95, 96, 103-105, 126139, 142-144, 147-149, 151

CV Coefficient of Variation 134, 139

DCCT Diabetes Control and Complications Trial 40

DM diabetes mellitus 1, 4, 12, 41

FBG fasting blood glucose concentration 3, 7, 11, 23, 29, 40, 68, 103, 146, 147
FGM fast glucose monitoring 2, 4, 23, 68, 103, 147, 149

FSL few shot learning 11

GMI glucose monitoring index 3, 4, 9, 12, 42, 43, 105



HbA1c Glycated Hemoglobin 3-5, 7-12, 23, 24, 26-33, 36, 40-62, 72, 103, 105,
134, 141, 146-149

HBGI high blood glucose index 134, 140
Hb hemoglobin 3, 8, 9, 12

HPLC high-performance liquid chromatography 3, 9, 40

IFCC International Federation of Clinical Chemistry and Laboratory Medicine
40

IQR inter quartile range 134, 140

ISF interstitial fluid glucose concentration viii, 1, 3-5, 7, 12, 23, 25, 26, 28, 29, 33,
41, 43, 45, 48-51, 68-74, 78, 87-91, 95-99, 103-105, 127, 129, 130, 132-134,
136-140, 142-144, 147, 149, 151

LBGI low blood glucose index 134, 140

MADS mean absolute difference score 3
MCYV mean corpuscular volume 9

MSE mean squared error 87
NLP nonlinear programming 72, 76, 77, 82, 8688, 95, 96, 104, 136

ODE ordinary differential equation 136

OLS ordinary least squares 24, 28-31, 71, 136
PPBG post-prandial blood glucose concentration 3, 7, 23, 29, 68, 103, 146, 147

RBC red blood cell 8, 9, 11, 12, 42, 43

RMSE root mean squared error 28, 30, 87, 95

SD Standard deviation 134, 139



SMBG self-monitoring blood glucose 4, 10, 24, 27, 41, 42, 48, 60, 68

T1D type 1 diabetes 1, 2, 4, 7, 11, 12, 26, 40-46, 49-53, 58-62, 67-69, 146, 148,
149

T2D type 2 diabetes 1, 4, 9, 11, 12, 23, 26, 29, 40, 41, 43, 44, 48-51, 58, 60
67-69, 146149

TiR time in range 3, 23, 41, 103
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