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Abstract

Glucose clamps are experimental techniques used to assets insukction and
glucose utilization. By "clamping" the blood glucose of the patient to a desired
level, insulin sensitivity and  -cell functioning can be investigated. In this work
we present an approach to modulate glucose infusion rate (GIR) through aemi-
automated clamp technique, serving as a decision support system tdigicians.

We make two key contributions. Firstly, we investigate the application
of control algorithms, speci cally Proportional-Integral-Derivative (P 1D) con-
trollers and Model Predictive Control (MPC), in the context of glucos e clamp ex-
periments. Using MATLAB and Simulink simulations, the two approaches were
evaluated in both ideal and realistic scenarios, considering measuresnt vari-
ations and uncertainties typical in clinical environments. The reallts obtained
were promising, demonstrating the e cacy of our semi-automated clamp tech-
nigue in achieving targeted blood glucose (BG) levels. Both the Proprtional-
Integral-Derivative (PID) control algorithm and the Model Predictiv e Control
(MPC) approach e ectively modulated the glucose infusion rate (GIR), leading
to close adherence to prede ned clamp BG targets.

The second contribution is the design of a mobile application, Glucas 2.0,
to support clinical researchers conducting glucose clamps expemnents. This
app, which enables the possibility to carry out more than one experimet at the
time, provides suggestion of glucose infusion rates (GIR) generated b PID
controller.
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Chapter 1

Introduction

Experimental techniques such as the glucose clamp methodology havesén in-
strumental in advancing our comprehension of glucose metabolism and in$in
sensitivity. The glucose clamp, introduced by DeFronzo et al. [[4]m 1979, has
since become a cornerstone in the modeling of metabolic systems,ading pre-
cise assessment of insulin action and glucose utilization in vivo. Thesclamps
serve not only to elucidate fundamental physiological mechanisms but ab to
model complex biological systems, including the intricate dynamis of diabetes.

While the glucose clamp technique provides valuable insights intansulin
action and glucose regulation, its application in clinical research and pratice is
hampered by several limitations. First and foremost, traditional glucos clamp
studies are resource-intensive and laborious, requiring speciaéd equipment,
skilled personnel, and extensive participant monitoring. In addition to that, the
complexity of clamp procedures and the variability in individual responses can
introduce bias and limit the reproducibility of results.

In recent years, there has been a growing interest in leveraging cqmta-
tional approaches and advanced technologies to enhance the e ciency and ac-
curacy of glucose clamp experiments. Mathematical modeling techniges, such
as compartmental models and physiological-based models, have been doyed
to simulate glucose-insulin dynamics and optimize clamp protocols. Tiese mod-
eling approaches enable researchers to predict glucose clamp outcomdssign
personalized clamp protocols, and investigate the underlying mechasms of in-
sulin resistance and -cell function.

In glucose clamp experiments the glucose regulation mechanism is perbed,
and blood glucose concentration is forced to remain at a desired levea¢hieved
by "clamping" blood glucose concentration) through intravenous administration
of glucose. There are three main types of glucose clamps that serve dient
research purposes:

Hyperglycemic Clamp In hyperglycemic clamps, blood glucose (BG) levels
are elevated above normale range (up to 230-24fig=dl). This enables to
quantify -cell sensitivity to glucose and examine the early and late phase



Hyperglycemic Clamp

Common plateau:
Around 230 mg/dl

Insulin Infusion:
No

Possible outcomes:
¢ B-cells sensitivity to glucose

Euglycemic Clamp

Common plateau:
Around 100 mg/dl

Insulin Infusion:

Yes, either insulin or other
insulin analogs under study

Possible outcomes:
* Quantify insulin sensitivity

Hypoglycemic Clamp

Common plateau:
Around 50 mg/dl

Insulin Infusion:

Yes, required to lower blood
glucose leves to hypoglycemia

Possible outcomes:
* Hormonal counter-

® First and second phase
insulin secretion

regulation to hypoglycemia
¢ Symptomatic perception of
hypoglycemia

Figure 1.1: Common protocol of glycemic clamp experiments including pasble
outcomes.

of insulin secretion.

Euglycemic Clamp  Euglycemic clamps involve maintaining blood glucose at
a constant, normal level (100mg=dl) despite the introduction of additional
insulin. By measuring the amount of glucose required to counterbalane
the insulin-induced increase in glucose consumption, researchgecan quan-
tify insulin sensitivity.

Hypoglycemic Clamp  In hypoglycemic clamps blood glucose is decreased
(typically by extra-insulin administration) and maintained in hypogl ycemia
(50 mg=dl) to facilitate the study of hormonal counter-regulation, cogni-
tive functions during hypoglycemia, and the perception of hypoglycent
awareness.

Another type of clamp we wanted to explore is the I1SO-IV clamp. These
studies consist in a two day experiment. On the rst day, the patient takes
a Oral Glucose Tolerance Test (OGTT) ingesting a xed quantity of glucose
(in our study we analyzed both the 40g and 75g scenarios). The next day, the
patient is subjected to an isoglycemic infusion (ISO-IV) of glucose, ogether
with a bolus of subcutaneous insulin.

These types of clamp are useful to assest the incretin e ect. Thenicretin
e ect is the increase in insulin response to nutrient ingestion ompared to the
response to glycemia alone. It is crucial in understanding how our bdies handle
ingested carbohydrates and regulate glucose levels. It refers to thexéreased
insulin response triggered by food intake compared to just the blod sugar
levels alone. This response, mediated by factors in the gastrointestal tract, is
essential for keeping blood sugar levels stable after meals. Measogithe incretin



e ect provides valuable insights into diabetes and other metabolic dsorders
related to mealtime glucose control. It also helps us understand howhe gut
and pancreas interact to regulate glucose levels. Accurate measuremeaof the
incretin e ect is important for research and clinical studies, as it can guide the
development of new treatments for conditions a ecting glucose metabosm.

As depicted by Aulinger and D'Alessio [18], with (almost) identical glucose
doses administered (one via OGTT and one via ISO-IV) (Fig.[1.2), the insilin
response exhibits a stark contrast (Fig.[ 1.B). The incretin e ect marifests as
a more than twofold increase in the insulin response to oral glucose ingésn
(OGTT) compared to intravenous administration (ISO-IV).
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Figure 1.2: Glucose response for Figure 1.3: Insulin response for
OGTT vs ISO-1V, taken from [19]. OGTT vs ISO-1V , taken from [19].

There are two main approaches to modulate the glucose infusion rate (GIR
In non-computerized clamps, GIR adjustments are made based on frequeBG
measurements and clinical judgment. This task is far from trivial, and the
expertise of the sta signi cantly impacts the quality of control achie ved. Con-
versely, in fully automated clamps, BG levels are continuously monibtred using
a glucose sensor, which feeds data into a closed-loop algorithm. Thisgarithm
then dynamically adjusts GIR in response to BG levels and prede nel targets.
In these clamp systems, glucose infusion occurs through an automatic actor,
eliminating the necessity for user intervention. The aim of automatel clamps is
to minimize variability in BG control stemming from human operators, t hereby
reducing control deviation overall. Nonetheless, their implemenation necessi-
tates additional specialized hardware to integrate automatic BG measurerants
and actuation of the GIR, resources that are frequently lacking. Moreove,
complete automation presents regulatory hurdles in light of the MedicalDevice
Regulation.

In this work we propose a third approach to modulate glucose infusion rate
We developed a semi automated clamp technique intended to serve asdeci-
sion support system rather than a fully automated clamp system. This lybrid
approach allows for enhanced control over BG levels while still levexging the
expertise of clinical sta. Crucial to this decision support system is the design of
control algorithms to modulate blood glucose in glucose clamps. In thistsdy,
we developed both a Proportional-Integral-Derivative (PID) control algorithm



and a Model Predictive Control (MPC) approach for adjusting the GIR to attain
prede ned clamp BG levels.

Additionally, we have designed a mobile application as part of the deci-
sion support system for clinical researchers conducting glucose clamexperi-
ments. This app aims to help investigators by suggesting the optimal GR to
achieve pre-determined BG levels. Users retain the ability to itervene with the
suggested control action, thus integrating clinical reasoning into thedecision-
making process.



Chapter 2

Computational Methods
and Theory

In this section, we outline the design of the PID and MPC algorithm employed
to o er GIR suggestions. To achieve this, we conceptualize BG controin glucose
clamp experiments as a reference tracking problem in a closed looprategy.

Closed-loop controllers, also known as feedback control systems, argsential
components across various engineering and scienti ¢ disciplines, ering precise
regulation and stabilization in dynamic environments. Unlike open-loopsystems
that operate without feedback, closed-loop controllers continuously ronitor sys-
tem output and adjust control actions based on measured feedback signals,rat
ing to maintain desired set points or track reference trajectories In Fig. P.1}
we can observe a general closed-loop controller scheme. The controllgses the
outputs of the system y(t) (measured by the sensor), together with with the
reference valuer (t), to generate the control inputs u(t). These inputs are then
applied to the system, which produces the outputs, and the procgs continues.
Additionally, there may be disturbances acting on the system.

o ~| Contraller '4':»‘ System
o ‘ P ift) wit)

Sensor

Figure 2.1: General closed-loop controller architecture, taken from[32]

In this framework, we will work with discrete variables, and we will assume
uniform sampling, dening Ts = ¢ = tx tx 1. Congruent with standard
glucose clamp experiments, in our control algorithms we considered a saiing



time of 5 minutes.

Let y(k) 2 R (mg=dl) be the patient BG levels at time tx, the measured
output of the process we want to control. Letyg(k) 2 R (mg=dl) be the desired
glycemic reference trajectory ¢(t) in Fig.. We aim to track yg as closely as
possible.

The variable we can manipulate, the control input, is the glucose infugn
rate u(k) 2 Ry (g=min). This quantity must be greater than or equal to zero,
leading to a strongly asymmetric e ect on the admissible control actiors.

21 PID

The rst control technique we used is Proportional-Integral-Derivat ive control,
where the computed GIR is the sum of three components:

upip (k) = up (k) + u (k) + up (k): (2.1)

We de ne the tracking error as e(k) = yo(k)  y(k).
The rst term is called 'proportional action’, and it is proportional to  e(k),
so the control action is:
up (k) = Kp e(k) (2.2)

higher K, higher the control aggressiveness.

The second term is called 'integral action' and it is proportional to the satu-
rated version of the integral of the tracking error | (k). We have, in continuous
time:

Z t
U (t) = K e(t)dt (23)
0
which in discrete time it becomes:
u (k) = Ky 1(k) (2.4)

where | (k) is the discrete integral of the error and it is de ned as:
I (Kunsat = 1(k 1)+ ek) Ts (2.5)
The saturated version is:

I'(k) = max(I'min ;1 (K)unsat ) (2.6)

and
(k) = min (I'max ; | ((K)unsat ) (2.7)

This approach is referred to as an 'Anti-wind-up scheme’, implemeted to
prevent the accumulation of large quantities in the integral memory. In our
scenario, we setl pin = 0 ™™ and | pa = 10000 MM We selected these
values because in our problem, an accumulation of negative integral error is

justi able, particularly in euglycemic and hypoglycemic clamps, as the patient's



blood glucose (BG)y tends to be greater than the desired referencgq for the
majority of the experiment. In PID control, the integral action plays a vital role
as it enables the system to achieve zero-error tracking in steady-ate conditions.

The third term is called 'Derivative Action' and it is proportional to t he
derivative of the tracking error. We have, in continuous time:

de(t
Up (t) = KD 7:(‘:) (28)
which in discrete time it becomes:
ek) ek 1
up (k) = Kp % (2.9
S

The derivative action takes into account the error trend, aiding in the prevention
of overshoot. To mitigate large control actions resulting from sudden chnges
in the reference signal, we calculate the derivative of the output istead of the
derivative of the error. Thus, we have:

k k 1
up (k)= Ko w (2.10)
S
The three parametersKp [90-], K| [r%Sm7], and Kp [&3] are em-

ployed to adjust the weighting of the various control actions.

Although it is a relatively simple technique, the PID approach is widely
employed across diverse control problems and consistently deliverstrong per-
formance. The general PID architecture is displayed in Fid.2.p.

Figure 2.2: General PID controller architecture, taken from [32].

2.2 MPC

Another technique we employed is Model Predictive Control (MPC). Operating
primarily in the digital framework, MPC is utilized to "re-formulate " the control

problem as an optimization problem. The MPC algorithm computes the optimal
control action for tracking the reference. An e ective analogy for descibing

MPC reasoning is likening it to a chess player. In a match, the chss player can
anticipate the impact of their moves on the game. Therefore, each timetiis

their turn:



1. They explore all possible sequences of N moves and choose the most ef
fective one after evaluating their impact on the game.

2. They make the rst move of the sequence and await the opponent's reac
tion.

3. Upon their next turn, if the opponent's reaction is unexpected (not consid-
ered in their predictions), the chess player will recompute a ew optimal
sequence of N moves.

4. They once again apply the rst move and wait for the opponent's reaction.

This strategy is repeated until the game concludes.
Similar to the chess player, MPC utilizes a model of the systema predict
the impact of a sequence of N control actions. Thus, at each step, the MPC

1. Evaluates all possible sequences of N control actions and selects thetiep
mal one based on their anticipated e ect on the system over the next N
steps.

2. Implements only the rst control action and awaits the system's reponse
(a new measurement).

3. Upon receiving the new measurement, the MPC updates or recomputes
the optimal sequence of control actions for the next N steps.

4. It then applies the rst control action once again.

This iterative process continues throughout the control task.

In MPC, N is referred to as the 'Prediction Horizon', indicating the span
into the ‘future' that the controller considers. Had the controller e xecuted all
N control actions in the initial step without pausing for measurements this
method would be termed 'open-loop’. What distinguishes the MPC stategy
as 'closed-loop' is that, following the application of the rst control action, the
controller awaits the new measurement and recalculates the entireegjuence. In
Fig[2.3 we can see the general closed-loop scheme for reference tragkof a
MPC controller.

10
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Figure 2.3: MPC for reference tracking controller scheme, taken from3Z2].

The key factors needed to describe a MPC algorithm are:
1. A mathematical model of the system to be controlled,
2. A cost function to optimise,

3. A set of constraints.

The Model Predictive Control framework o ers considerable exibil ity re-
garding model requirements for the algorithm. For our purposes, we opté to
utilize a state-space model, which represents a highly versasl class of models.

u(kT) S y(kT)

[

| x(KT)

Figure 2.4: Discrete-time system, taken from[[3R2].

Let us consider a discrete-time system S (Fig[ 2]4), withm inputs u(kT) 2
R™ and p outputs y(kT) 2 RP. A general description for the system S is:

X((k+21)T) = f (x(kT); u(kT))

(2.11)
y(kT) = g(x(kT); u(kT))

11



wherex 2 R" is called State of the systemf : R"*™ ! R" andg:R"*™M |
RP.

For our objectives, we concentrated on linear systems, which residtin the
following state model:

( X((k+21)T)= Ax(kT)+ Bu(kT)+ Md(kT)

(2.12)
y(kT) = Cx(kT)+ Du(kT)

with A2 R" ;B2 R" ™M 2 R" Mat ;C 2 RP ";D 2 RP ™, Addi-

tionally, we will assume D = 0. d(kT) is a possible disturbance acting on the
system. Even if extremely simpli ed, in this work we chose to ug the following

monocompartimental model to for internal reasoning in our MPC. (Fig. [2.5).

The Fig[2.§ illustrates the model used for MPC reasoning in the euglgemic
and hypoglycemic clamp. As we can see there is an unknown disturbanait)

caused by the increased insulin level needed to lower BG. Sindg unknown, we
will not consider it in our MPC model, so we will set d(kT)=0;

AO;M‘M??: a
vV

y(t) = ABG =
u(t) =g(t)

Figure 2.5: Monocompartimental model for MPC reasoning.

"':“'Qi',‘n'r.inl’.‘in'l

y(t) = ABG =
yit) 7

u(t) = g(t)

d = P, /-" r
() z(t) l Ko

Figure 2.6: Monocompartimental model for MPC reasoning in euglycemic and
hypoglycemic clamps.

This simple model describes how an input infusionu(t) = g(t) [g=min]
a ects the quantity of glucose in the plasma Qpjasma = Qplasma  Qeq[Mg].

12



Y 210 @dI]
BGeq | patient specic, it represents BG at the beginning of the experiment (130-160 fng=dl])

Table 2.1: Model parameters.

The model's output is BG = BG BGgq = %[mg:dl]. From this

state-space model, we derived the following equations:

Q(t) = Kempr Q(t)+10009(t)

BG ()= 229

We observe that this system is linear. Thus, we ndA = Kemp, B = 1000,

= y»andD = 0. Since this system is in continuous time, we will discretize he
model in MATLAB. The parameters Kempr and V (Table @ were estimated
from experiments on patient #adult001 and used for all the population.

In addition to the model, MPC requires a cost function to minimize. We
opted for a quadratic cost function for reference tracking, signifyingour desire
for the MPC to track the reference signal in the output yg, while also ensuring
that the input ug remains reasonably close to a predetermined value. The cost
function is:

IX 1
J= (gk+1)  yo(k+i)TQM(k+1i) yo(k+ i)+ (u(k+i) uo(k+i)TR(u(k+i) uo(k+ i)
i=0
(2.14)
Where Yk + i) represents the predicted output at time k + i in response to the
previous control action u(k + i 1), and u(k + i) denotes the control action
planned for time k + i. Since we are dealing with a SISO system (Single Input
Single Output), we have Q;R 2 R, so we can rewrite 2.1%4 as:
X1 Q . . . .
J= rOK+1) yolk+ )%+ (u(k+1i) uo(k+ i)? (2.15)
i=0
The parametersQ and R regulate control aggressiveness. Speci cally, i@ >>
R, the controller will exhibit more aggressiveness because deviatingom yg will
incur a higher cost. On the other hand, ifQ << R , the controller will tend to
apply control actions closer toug, thereby reducing aggressiveness.

The nal key element is the set of constraints. MPC can as a matter of
fact incorporate constraints on both the input and state of the system. h our
problem, we have only one constraint on the control action: it must be greagr
than or equal to 0 (since we cannot remove glucose once it has been injed).
Therefore, our set of constraints is simplied tou(k) 08k .

2.2.1 MPC with Integral Action

As we have seen in Sectiof 212, the MPC controller at each step attemptsot
minimize the cost function J, continuously trying to nd a trade o between

13



following output and input references yp and ug. In contrast to PID control,

where zero tracking error in steady state is achieved through the irggral action,
the MPC strategy reviewed so far does not garantee to eliminate the o seas
the controller continuously aims to nd balance between the two comporents in
J. There are several techniques available to incorporate the integral don into

our MPC controller. We will explore two of these methods: the Full Increment
Velocity Form and the Unmeasured Disturbance Estimator approach.

2.2.1.1 Full Increment Velocity Form

The idea under this technique is to penalize u (k) in J instead of u(k). By
penalizing u (k) = u(k) u(k 1) the controller can deliver a constant control
action without penalty. The way this is done is considering the variation of all
variables. Starting from the system model

(
x(k+1) = Ax(k) + Bu(k) + Md(k) (2.16)
y(k) = Cx(k)
we consider the increment of the statex (k) = x(k) x(k 1) and of the
other variables: d(k) = d(k) d(k 1), y(k+1)= Cx(k+1), y(k+1)=
Cx(k+1)+ y(k)= CAx (k)+ CBu (k)+ CM d (k) + y(k): We introduce the
augmented state

xa(K) = ;ékk)) (2.17)
that leads to the augmented model
x(k+1) _ A 0 x(k B M
yk+1) = CA 1 yk T cs Y+ oy dK) 218
_ x (k) '
=01y

This strategy, known as the full-increment velocity form (FIVF), enables
zero tracking error in steady state. In Figure[2.7, we can observe its cdrol
scheme.

14
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3 lodel i Tx(KT)
3 kT Sx(kT |
3 ¥k Observer ! Fx(kT) ;
t | ukT)f -Ausment y(kT) Iy(ch) }

u(kT) g y(kT)

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 2.7: Full increment velocity form control scheme, taken from [B2].

In our case, the augmented system becomes

Qplasma (k+1) _ A O Qplasma (K) B
gG(k+1) = CcA 1 gG(k) *cg 9K 21
— Qplasma (k) ( . )
BG(k)= 0 1 o

where the matricesA; B and C are the discrete version of the matrices of the
continuous-time system.

2.2.1.2 Unmeasured Disturbance Estimator

An alternative approach to the velocity form is the Unmeasured Disturbance
Estimator (UDE). The idea behind this strategy is that if the MPC comp utation
does not provide a zero-error tracking in steady-state, a constant umeasured
disturbance d, (k) might be acting on the system. The new model becomes:

8
> x(k+1) = Ax(k) + Bu(k)+ Md(K) + Mydy(K)

Jdu(k+1)= dy(k) (2.20)
" y(k) = Cx(k) + Cydu(k)

After introducing the augmemted state x,(k) = (;(((kk)) , the augmented model
u
is
x(k+1) _ A My x(k) B M
d(k+1) — 0 1 dyk) T o U+ 5 dlk) 220
- x(k) '
y(k) = C Cu du(k)

15
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ot d, | do dy
(1: dnu(kT . Targte‘i. T o MPC u(kT) S y(k"];)
u amputation @ (kTY| Optimization [ e ”
rEies
R(KTY i 2
y(kT dy (kT) i
Observer E

1| ukD) 2(kT)

Figure 2.8: Unmeasured Disturbance Estimator control scheme, taken fronji32].

The matricesM, and C, are design parameters to be chosen by the algorithm
designer. It has been shown that estimating the unmeasured distlrance (by
estimating the augmented state) leads to zero-error tracking in steag-state. In
Figure [2.8, we can observe its control scheme. In our problem the augmente
model becomes

Q asma (k + 1) _ A M u Q asma (k) B
Z.'u(k +1) T~ 0 | ?jlu(k) * o 9k
(2.22)

— Qplasma (k)
BG(k)= C C, du (K)
again, the matricesA;B and C are the discrete version of the matrices of the
continuous-time system.

2.2.1.3 State Estimation: the Kalman Filter

As we have seen in the previous section, to estimate the unmeasureisturbance

acting on our system we need to estimate the augmented state, (k) = (;(((kk)) .
u

we will do this using the Kalman lter.

The Kalman lIter is a recursive algorithm that estimates the state of a
dynamic system from a series of noisy measurements. It operates on arigs
of measurements over time, providing an optimal estimate of the stateof the
system by taking into account both the system's dynamics and the unertainty
in the measurements.

State equation with noise:
x(k +1) = Ax(k)+ Bu(k) + w(k)

Where x(k) is the true state at time k and w(k) is the process noise, assumed
to be Gaussian with zero mean and covarianc€)y.
Measurement equation with noise:

y(k) = Cx(k) + v(k)

16



Where y(k) is the measurement at timek and v(k) is the measurement noise,
assumed to be Gaussian with zero mean and covariand®.

The Iter consists of two main steps: prediction and update. In the predic-
tion step, the Iter uses the system's dynamic model to predictthe state at the
next time step, incorporating the process noise. Mathematically, he prediction
step is represented by the following equations:

R(k +1jk) = AR(kjk) + Bu(k)
P(k +1jk) = AP (kjk)AT + Q

Where x(k +1jk) is the predicted state estimate at time k+1 given measure-
ments up to time k, R(kjk) is the previous state estimate,P is the covariance
matrix of the estimation error x(k) = x(k) R(k).

In the update step, the Iter incorporates a new measurement, adjusing the
predicted state estimate based on the di erence between the pradted measure-
ment and the actual measurement. The update equations are as follows:

M(k+1)= P(k+1jk)CT(CP(k+1jk)CT + R) 1!
Rk+1jk+1)=%(Kk+1jk)+ M(k+1)(y(k+1) Cr(k+1jk))
P(k+1jk+1)= P(k+1jk) P(k+1jk)CT(CP(k+1jk)CT + R) *CP(k+1jk)

Where M is called Kalman gain.

These equations encapsulate the core operations of the Kalman lter, en-
abling it to provide an optimal estimate of the system's state even inthe pres-
ence of noise and uncertainty.

Regarding the Full Increment Velocity form, luckily the augmented state
x (k)
y(k)
it since both x (k) and y(k) are variables we have access to. However, in
the Unmeasured Disturbance Estimator approach, we do not have this Ixury
because we need to estimate the disturbance, which is inheregtiunknown.

is de ned as x4(k) = , So the Kalman lIter is not needed to estimate

17



Chapter 3

MATLAB and Simulink

To tune and test the control algorithms, we implemented them using MAT-
LAB and Simulink. MATLAB (MATrix LABoratory) and Simulink are powerful
computational tools widely used in various elds, including engineeing, science,
mathematics, and nance. Developed by MathWorks, MATLAB provides an in-
teractive environment for numerical computation, data analysis, viswalization,
and algorithm development. Simulink, on the other hand, is a graphical ain-
ulation and model-based design platform that allows engineers and resedrers
to simulate, model, and analyze dynamic systems using block diagrams

MATLAB is renowned for its versatility and ease of use, o ering a rich set of
built-in functions and toolboxes for solving a wide range of mathematial and
engineering problems. Its intuitive syntax and extensive library of functions
make it an ideal choice for prototyping algorithms, conducting numerical sim-
ulations, and performing data analysis tasks. MATLAB supports various data
types, including scalars, vectors, matrices, and multidimensioal arrays, mak-
ing it suitable for handling complex mathematical operations and large datasts
e ciently.

In addition to its core functionality, MATLAB provides specialized t oolboxes
for speci ¢ applications, such as signal processing, image processirgpntrol sys-
tems, optimization, and machine learning. These toolboxes extend MALAB's
capabilities, enabling users to tackle domain-speci c challenges ahaccelerate
their research and development e orts.

Simulink complements MATLAB by o ering a graphical environment for
designing, simulating, and analyzing dynamic systems. Using a block id-
gram approach, users can model complex systems by connecting preded
blocks representing various components and subsystems. Simukinsupports
both continuous-time and discrete-time simulations, allowing engneers to sim-
ulate the behavior of systems over time and analyze their dynamic rgmonses.

One of the key advantages of Simulink is its seamless integration with MA-
LAB, enabling users to incorporate MATLAB code directly into Simulin k mod-
els and vice versa. This integration facilitates the development of hiprid mod-
els combining numerical computation, algorithmic logic, and system dymamics,
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making it easier to prototype and verify complex control algorithms and dy-
namic systems.

3.1 Type 1 Diabetic Simulator

To ne-tune the control algorithm and conduct comprehensive testing before
running a trial in humans, we utilized a realistic simulator to perform glucose

clamp experiments in silico. The simulator comprises an accurate maal of
glucose-insulin physiology.

Meal —
/ \
GASTRO-INTESTINAL
TRACT
Rate of Appearance
Renal Excretion
e MUSCLE
GLUCOSE and
LIVER i
Production BYTEM Utilization ADIPOSE
TISSUE
A i i F Y
] ] i [ ’
[} 1 b ' H
[ R RS TR R T o e s s asE e e S A A b
1 1
' i
V !
s S SRR SR SRR T i
SUBCUE INSULIN
INSULIN p————p gQYSTEM
DELIVERY Rate of Appearance Degradation

Figure 3.1: Scheme of T1D model proposed by Dalla Man et al[[3].

To model the pharmacodynamics and pharmacokinetics of glucose and in-
sulin in type 1 diabetic patients (see Fig.), we utilized a simfi ed version of
the simulator proposed by Dalla Man et al. [3], [14],[15]. This simpli ed version
of the simulator includes 100 virtual patients to mimic the metabolic variabil-
ity observed in real subjects. The UVA/Padova Type 1 Diabetes Simuhbtor is
accepted by the Food and Drug Administration as a substitute to animal trials
for studies on Type 1 Diabetes.
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Type 1 Diabetetic Patient

Figure 3.2: Simulink scheme of the simpli ed version of the T1D modeproposed
by Dalla Man et al. [3].

In Fig.B.2the Simulink scheme of the simpli ed version of the T1D smulator
is displayed. We have 4 main inputs:

Meal intake

"~ Subcutaneous Insulin Infusion
Intravenous Insulin Infusion
Intravenous Glucose Infusion

and the main output is the blood glucose level (BG) of the patient. In ou study,
the control variable that both the PID and MPC algorithms can manipulate is
the intravenous glucose infusion rate. The other inputs of the simuhtor remain
unchanged by the controllers.
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3.2 PID controller

To design and tune the PID algorithm we developed the Simulink schera shown

in FigB.3 and Fig[3.4.

‘‘‘‘‘‘‘‘‘‘ L
=
] [

Figure 3.3: Simulink scheme of the closed loop PID controller.

@  —— Interpreted
MATLAB Fen
y(k)
PID function
y(k-1) R y(k)
)
I_e(k-1) 1 I_e(k)
fr

Figure 3.4: Zoom inside the PID block
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function output=compute_PID_control(ref,y,Ie_old,y_old,controller paramters)

%% Proportional Action
P=controller_paramters.Kp*(ref-y}; %[g/min]

%% Integral Action

% Integral of the error
Ie=Ie_old+(ref-y)*controller_paramters.Ts; %[(mg/dl)*min]

% Antiliind-up
Ie=min(Ie,controller_paramters.Ie_max);

Te=max(Te, controller_paranters.Te_min);

I=controller_paramters.Ki*Ie; %[g/min]

%% Derivative Action
dy=(y-y_old)/controller_paramters.Ts;  %[mg/dl/min]
D- -controller_paramters.Kd*dy; %[g/min]

%% Total Control Action
u= P414D; %[g/min]

% Building the Output Vector
output=[u,Ie,y,P,1,0]';

Figure 3.5: MATLAB Function to calculate the GIR with PID controller.

The "Interpreted MATLAB function” we used is the one displayed in F ig[3:5.
The function takes the following inputs:

1.
2.

The reference BG signal fef).

The BG y(k) resulting from the suggested GIR passed through feedback
(¥).

. The last system output valuey(k 1), necessary for computing the discrete

approximation of the derivative when the current system output becomes
available (y_old).

. The past integration of the error, de ned as the sum of all previous erros

to calculate the integral action (Ie_old).

. The chosen controller parameters Kp, Ki, Kd, le_max, le_min).
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3.3 MPC controller

Similarly to what has been accomplished for the PID controller, we hae devised
a Simulink scheme for the MPC controller. In the upcoming sectionswe will

present the MATLAB and Simulink components for both the Full Increment

Velocity form and the Unmeasured Disturbance Estimator approaches, vih

and without the look ahead feature.

3.3.1 Full Increment Velocity Form

In Fig.B.6] and Fig[3.7 the Simulink scheme for the MPC controller with Full
Increment Velocity form without look ahead is displayed.

‘‘‘‘‘‘‘‘ o
ﬂ
saf2 =
= 7

T

Figure 3.6: Simulink scheme of the closed loop MPC with FIVF controller.

(7]

Figure 3.8: Zoom inside the
Figure 3.7: Zoom inside the block used to access to the state
MPC with FIVF block. of the system.
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x_augmented=[delta_x;y_current];

Q_gp= condensediatrices.call BC'*condensediatrices.call_Q condensediatrices.call_BCtcondensediatrices.call R;

c_gp=condensediatrices.call BC'*condensedatrices.call Q= (condensediatrices.call AC*x sugmentedscondensediatrices.call HC*d-y8)-condensediatrices.call R*ud;

A_gp=-condensediatrices.call F;
b_gp=u_k_meno_1*ones(N,1);

options =
[delta_u_sequence,~,exit_flagl=quadprog({Q_ap+Q ap')/2,c_ap,A ap,b_ap,[1.[1,[1.[1.[],0ptions); % To Avoid warning

delta_u_MPC_sequence=reshape(delta_u_sequence,num_of_input,size(delta_u_sequence,1)/num_of_input};

delts_u MPC=delta u_MPC_sequence(:,1);

rrent,u_k_meno_1,condensediatrices,num_of_input,N)

optimset('Display’, off', 'Algorithm’, *interior-point-convex');

Figure 3.9: MATLAB Function to calculate the GIR with MPC with FIVF
controller.

The "Interpreted MATLAB function” we used is the one displayed in F ig[3:9.
The function takes the following inputs:

1.

© N o

9.

The reference BG signal to which is subtractedBGeq, to have a step
reference that starts from 0 (yO_current).

. the discrete version of the derivative of the reference control vaable

delta_uO_current, we set it to O.

. The discrete version of the derivative of the state of the systemdelta_x).

The BG y(k) resulting from the suggested GIR passed through feedback
(y_current).

The value of the disturbance acting on the systemd_current (since it is
unannounced we set it to 0).

The value of the previous control actionu_k_meno_1
The condensed matrices needed for the MPC algorithm
the number of inputs m (in our case is 1)

the prediction horizon N

In Fig.B.10 the Simulink scheme for the Full Increment Velocity form with
look ahead is shown. It is quite similar to the one without this feature, but we
can see that now the scheme has the "clock" block.
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Figure 3.10: Simulink scheme of the closed loop MPC with FIVF controllerwith
look ahead.

Ffunction delta u MPC=compute HPC control fivf lock shead(delta ub_current,delta x,y current,d current,u_k meno 1,current _time,reference,condensedMatrices,num of input,N)
PH=N;
ron(ones(N,1),delta_ug_current);

dekron(ones(N,1),d_current);
te=reference.time;
y@_total-reference.signals.values;
current_index = find(t8==current time);

urrent_index:PH>1len
index_remaining=
¥8_call=y®_total.
for i=1:index_re g

yo_call-[ye_call;ya_total(end)]s

th(yo_total)
rent_index+PH-length(ya_total);
wt_index+1:length(y8_total));

@

y@_call = yo_total{current_index+1:current_index+PH);
end|
x_augmented=[delta x;y_current];

Q_gp- condensedatrices.call_BC'*condensediatrices.call_Q*condensediatrices.call BC+condensediatrices.call R;
¢_gp=condensedilatrices.call BC' “condensedHatrices.call Q*(condensediatrices.call AC*x augmentedtcondensediatrices.call HC*d-y@ coll)-condensediatrices.call R*uB;

A_gp=-condensedMatrices.call_F;
b_qp=u_k_meno_1*ones(N,1);
options = optimset('Di sty
= P, [1,01,[1,[1,[1,0ptions); % To Aveid warning
a_u_sequence,1)/num_of_input);

d que.
delta u MPC=delta u MPC_sequence(:,1);

Figure 3.11: MATLAB Function to calculate the GIR with MPC with FIVF
controller with look ahead.

By analyzing the function that computes MPC FIVF control with look ahead
(Fig. B.11), we can observe that the reference value is no longer constanter
the prediction horizon. Through the utilization of the clock, we determine
the current time instance in the simulation. Consequently, we cancompute
the vector of reference values over the prediction horizony0_call), taking into
account the impact of the future N control actions when making decisionsin
the present.

To understand the importance of the look ahead feature we propose an
example on a simple "toy" problem: the tank level control (Fig.). The
input of the system is the in ow of water and the output is the height of the
water column.
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Tank Level Control

Height [m]
)
@

04

= = = -reference
FIVF without look ahead
FIVF with look ahead

100
time [s]

Inflow [I/s]
o

FIVF without look ahead
FIVF with look ahead

150

time [s]

Figure 3.13: Tank level control:
Figure 3.12: Tank level prob- MPC FIVF with and without
lem. look ahead.

In Fig. B.I3, we can observe the performance of two MPC controllers with
full increment velocity form: one with look ahead and one without. It is ap-
parent that the former possesses the capability to anticipate the chage of the
reference and consider its transition over the prediction horizon if this case,
N = 20). This feature is essential to all MPC controllers.

3.3.2 Unmeasured Disturbance Estimator

As we have seen for the Full Increment Velocity form, also for the Unneasured
Disturbance Estimator technique we implemented the controllerswith and with-
out look ahead. In this section we will introduce only the Simulink schemes and
MATLAB functions used to derive a MPC UDE controller with look ahead.
The considerations outlined in section[3.3.]l regarding the di erencebetween
look ahead and non-look ahead controllers hold true for the Unmeasured Dis-
turbance Estimator approach as well.
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Figure 3.14: Simulink scheme of the closed loop MPC with UDE controller vith

look ahead.

H
w0

QO
] =B

(@D P MATLAB Fon
% I MPC UDE
du

Figure 3.15: Zoom inside the
MPC with UDE block.

Figure 3.16: Zoom inside the
Kalman Iter block used to es-
timate the state.
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+PH-Length (y8_total ) ;
iex+1: Length (y0_total ));

@ qp= « ices.call sC'= tatrices.call @ ensediiatrices.call BC+condensediatrices,call R;
c_gqp=condensedfiatrices.call_8C' *c trices.call Q*(condensediatrices.call AC™x_augmented+condensediatrices.call MC*d-y8_call)-condensedMatrices,call R*ue;

1.[1.[1,0ptions); ¥ To Avaid warning

Figure 3.17: MATLAB Function to calculate the GIR with MPC with UDE
controller.

In Fig.B.14 the Simulink scheme for this technique to achieve zeresror ref-
erence tracking in steady state is displayed, with a zoom insidette "MPC" and

"Kalman Filter" block (Fig.3[15 hnd Fig.3.16 |respectively). The "Inter preted
MATLAB function" we used to compute MPC control is the one displayed in

Fig8.17. The function takes the following inputs:
1. The reference control variableuO_current, we set it to 0.

2. The value of the disturbance acting on the systenmd_current (since it is
unannounced we set it to 0).

3. The value of the estimate of the state of the systemX_hat_current).

4. The value of the estimate of the unmeasured disturbance acting on the
system (du_hat_current).

5. The current time of the simulation to activate the feature of look ahead
(current _time)

the reference value to track
The condensed matrices needed for the MPC algorithm

the number of inputs m (in our case is 1)

© © N o

the prediction horizon N

On the other hand, the function responsible for providing an estimae of the
augmented state using the Kalman Filter is depicted in Fig. [3.18. It takes
as inputs the current blood glucose measurement and the previous giose in-
fusion rate, in addition to the system model matrices and a structue named
"tuning _parameters" which encompasses all parameters necessary for tuning
the controller to achieve the desired performance. As we have alreadsxplained
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in Section[2.2.1.3, the Kalman lIter provides an estimate of the augmentedstate
in this con guration, which is then used to compute MPC control and achieve
zero-error tracking. In all our con gurations, we set the initial estimation of
the state to 0, while the initial variance of the estimation error to th e identity
matrix.

function x_hat - KalmanFilter(y, u, SystemModel,tuning_parameters)

persistent P_hat x_hat_prev;

rameters.RK;
Po=tuning_parameters.ro;
x@=tuning_parameters.x@;

1f isempty(P_hat)
P_hat = P8;

x_hat_prev = x8;
end

x_hat_minus = A * x_hat_prev + B * u;
P_minus - A = P_hat * A" + Q3

K =P minus * C* / (C * PLminus * C' + R);
x_hat - x_hat_minus + K = (y - C = x_hat_minus - D * u);

(eye(size(A)) - k * €) * P_minus;
ev = x_hat;

Figure 3.18: MATLAB Function to calculate the estimate of the augmented
state by using the Kalman lter.
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3.4 Reference Proles

As mentioned in section[], we have three main types of clamps: hypergtgmic,
huglycemic and hypoglycemic.

At the onset of each simulated trial, the patient's blood glucose leveis at its
basal range (approximately 130-160 mg/dl). During the initial 90 minutes, blood
glucose measurements are collected, and no intravenous glucose is adistiered.
The experiment will last for approximately 250 minutes for an hyperglycemic
clamp, and around 400 minutes for euglycemic and hypoglycemic clamps.

For the hyperglycemic clamp, the target reference is 230 mg/dl, as we can
see in Fig.3.19 (the BG level before the step is the basal one of patient@01).
The two grey lines represent 10% of the BG target. No intravenous insulin
will be administered in these glucose clamps , only basal subcutaneousfusion
simulating pancreas-generated basal insulin.

Hyperglycemic reference
260 ¢ ypergly

240

220

200

180

Blood Glucose [mg/dl]

160

140 1 L L L J
0 50 100 150 200 250

Time [min]

Figure 3.19: Reference pro le for an hyperglycemic clamp (patient #001).

For the euglycemic clamp, the target is 100 mg/dl (Fig[3.20). Here, beyond
the basal subcutaneous insulin, intravenous insulin infusion is achinistered cor-
risponding to half the basal one, which is of course patient-dependén
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Euglycemic reference
160

150

140

130

120 v

—_
-
(=]

Blood Glucose [mg/dl]

100

90

80 3 g g 3 3 ; g 3
0 50 100 150 200 250 300 350 400
Time [min]

Figure 3.20: Reference pro le for an euglycemic clamp (patient #001).

Lastly, for hypoglycemic clamps the target BG level is 50 mg/dI (Fig.
Similarly to euglycemic clamps, here we administer both subcutaneus and in-
travenous insulin, the latter being 1.5 times the former. Here, tke two grey
lines are the values of 20% of the BG target. This is considered to be the
safety range of BG values. In all three types of glucose clamps we de n€
=[ Tstep; Tena] @s the period of time that goes from the change in the reference
to the end of the experiment.
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Figure 3.21: Reference pro le for an Hypoglycemic clamp (patient #001).

As previously introduced, we wanted to explore the "ISO-IV" clamp. In this
type of clamp we gather information about the Oral Glucose Tolerance Test
(OGTT) response of the patient on the rst day and on the second we try to
replicate it with intravenous glucose infusion instead of carbohydrag ingestion.
This helps to quantify the incretin e ect and provide valuable in sights into dia-
betes and other metabolic disorders related to mealtime glucose controlTo do
this we need the OGTT pro le of the patient, which is obviously patie nt-speci c.
The UVa/Padova Type 1 Diabetes Simulator, as we have seen in Fif.3|2, has an
input corresponding to the meal. Here we can simulate the ingestion of gtose,
both 40g and 75g as previously explained. In Fi§.3.22 and Fig.3.23 the response
to 40g and 75g respectively are shown (notice that for the latter the BG val
ues are higher). Here we do nothave administered any bolus of subcutaoes
insulin, so the patient returns to basal range quite slowly (this sSmulation lasts
1200 minutes).
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OGTT response of patient#001 to 40g of glucose, no subctunaneous insulin OGTT response of patient#001 o 75g of glucose, no subctunaneous insulin

Blood Glucose [mg/dl]
Blood Glucose [mg/di]

200 400 600 800 1000 1200 o 200 400 600 800 1000 1200
Time [min] Time [min]

Figure 3.22: OGTT response
of patient#001 at 40g of glu-
cose, no bolus of subcutaneous
insulin administered.

Figure 3.23: OGTT response
of patient#001 at 75g of glu-
cose, no bolus of subcutaneous
insulin administered.

In Fig.B:24 and Fig[3:25 the response of a 40g OGTT is shown where a
subcutaneous bolus of insulin is administered. The rate of the bolussicalculated
like this, measured in U/h: rpous = 22us = _Gleato = lamo Deame  Gjnce

. D bolus . CR D bolus CR D bpous
the duration of the bolus and of the assumption of carbohydrates are both set

to 1 minute, we have: rpous = % [U/R]. In Fig.and Fig. we see
the response to the 75g OGTT with the bolus of insulin.

OGTT resp to 40g of glucose, insuli i OGTT response of patient#001 to 40g of glucose, subctunaneous insulin administered
STT g of g T resp p: g of gl

210
= 200

190

Blood Glucose [mg/d!
@
g

Blood Glucose [mg/d

200 400 600 800 1000 1200 0 50 100 150 200 250
Time [min] Time [min]

Figure 3.24: OGTT response
of patient#001 at 40g of glu-
cose, bolus of subcutaneous in-
sulin administered.

Figure 3.25: OGTT response
of patient#001 at 40g of glu-
cose, bolus of subcutaneous in-
sulin administered, zoom.



OGTT resp i to 75 of glucose, insulin adminis OGT response of patient#001 to 40 of glucose, subctunaneous insulin administered

Figure 3.26: OGTT response Figure 3.27: OGTT response

of patient#001 at 75g of glu- of patient#001 at 75g of glu-
cose, bolus of subcutaneous in- cose, bolus of subcutaneous in-
sulin administered. sulin administered, zoom.

The UVa/Padova Type 1 Diabetes Simulator is equipped with 100 virtual
patients, each exhibiting a distinct response to an OGTT. These esponses are
illustrated in Fig.B.28]and Fig8.29, with the mean values highlighted in bold
and purple. For the ISO-IV clamp, each patient had its response from tke
OGTT of the day before as reference. This type of experiment lasts aund 250
minutes.

OGTT 40g of 100 patients OGTT 75g of 100 patients

o

lucose [mo/di]

Figure 3.28: OGTT response of Figure 3.29: OGTT response of
the 100 patients at 40g of glu- the 100 patients at 75g of glu-
cose. cose.
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3.5 Performance metrics

In our analysis of the results obtained from the application of control algorithms
to glucose clamp experiments, it is essential to employ appropriat@erformance
metrics to quantitatively assess the e cacy and accuracy of the control strate-
gies. These metrics serve as objective measures to evaluate how Mhé control
algorithms regulate blood glucose levels and estimate physiological paraness.

One commonly used performance metric in the eld of control systems ad
data analysis is the Mean Absolute Percentage Error (MAPE). MAPE is a
measure of the accuracy of a forecasting or estimation technique and is p#ou-
larly suitable for assessing the performance of control algorithms in maitining
glycemic control within target ranges.

MAPE is de ned as:

1 X y(te)  Yo(tk)

N o Yo(tk)

MAPE = 100 (3.1)

where Tret = [ Tstep; Tend ], @s de ned in Section (for the ISO-1V clamps the
MAPE will be calculated on the entire length of the experiment). The closer
the Mean Absolute Percentage Error (MAPE) is to 0%, the better the control
performance. This performance metric will be calculated only for theresults
achieved across the entire population.

It is important to note that for certain types of clamps, the MAPE may
be relatively small, while for others, such as the euglycemic and hygglycemic
clamps, it may be considerably larger. This is a consequence of the aoh of
insulin, which takes time to lower BG levels, as we will see in Sgion @l The
controller's performance will be evaluated relative to each other. Comaring
the MAPE between the hyperglycemic and hypoglycemic clamps would nobe
meaningful; instead, we will compare the MAPE of the PID in hypoglycemia
with that of the MPC in hypoglycemia, for instance.

35



Chapter 4

Results

In this section, we present the outcomes of our simulations and analyseson-

ducted using MATLAB and Simulink. The results are divided into tw 0 main

categories: the Noise-free Scenario, where BG measurements are assdnh@

be without measurement error, and the Realistic Scenario, where measement

errors are considered. The selected parameters for the PID and MPC cen
trollers are those that yielded the optimal performance for each type of gicose
clamp. These parameters were chosen following automated and manual tumg

processes.

4.1 Noise-free Scenario

In the Noise-free Scenario, we assume ideal conditions where BG measurents
are free from errors. This scenario serves as a baseline for evaluatitige per-
formance of our control algorithms under optimal conditions.

41.1 PID controller

In this section we will provide results using PID controller on the di erent types
of glucose clamps analyzed.

4.1.1.1 Hyperglycemic Clamp

As previously indicated in Section[3.4, it was established that the targé blood
glucose level during the hyperglycemic clamp procedure is set at 23@g/dl.

Speci cally, in Fig. £.1I] the trajectory of patient#001's blood glucose levels
over time is depicted under the control of the PID controller (rst half of the
image). The suggested GIR provided by the controller is shown in thesecond
half of the image.

36



PID, hyperglycemic clamp
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Figure 4.1: Evolution of BG level in a hyperglycemic clamp using the PD
controller, patient#001.
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Figure 4.3: Mean std con-
Figure 4.2: Spaghetti plot of dence interval of 100 patients
100 patients in a hyperglycemic in a hyperglycemic clamp using
clamp using PID controller. PID controller.

In Fig. f-2)we can see the "spaghetti” plot of the entire population, whilein
Fig.@ the mean output (in black) 1 standard deviation con dence interval
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(the blue shaded area) is displayed.

PID parameters are shown in Tab{4.], for both patient#001 and the entire
population. In the case of the entire population subjected to hyperglgemic
clamp and controlled using the PID controller, we obtained a MAPE value of
2.87%.

It is apparent that ve minutes after the reference changes from the kasal
blood glucose level to the target level of 230 mg/dl, the PID controller intiates
the glucose infusion rate and promptly delivers a substantial control ation.
This action rapidly brings the BG levels close to the target, resulting in a minor
overshoot, followed by a gradual settling to 230 mg/dl.

Patient#001 | Population
Ko [ ] 0.02 0.02
Ki [gin 0.001 0.001
Kg [%] 0.002 0.001

Table 4.1: PID controller parameters for hyperglycemic clamp on patient#001
and on population.
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4.1.1.2 Euglycemic Clamp

For the euglycemic clamp, we set the target of BG to 100 mg/dl. In Fig
the trajectory of patient#001's blood glucose levels over time is defcted under
the control of the PID controller, together with the suggested glucose irfusion
rate. In Fig.f.5 and Fig/4.g the spaghetti and mean std plot are shown. The
PID controller parameters are in Table [4.2. In the case of the entire popu-
lation subjected to euglycemic clamp and controlled using the PID cotroller,
we obtained a MAPE value of 14.62%. As previously mentioned, a MAPE of
14.62% may appear high, but it is crucial to consider that during euglycent
and hypoglycemic clamps, the blood glucose levels remain above the gt for
a considerable duration, accumulating a signi cant error. This is dueto the
time required for insulin to lower BG levels, during which the controller does
not intervene with any control action.
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Figure 4.4: Evolution of BG level in a euglycemic clamp using the PID con
troller, patient#001.
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spaghetti plot PID euglycemic clamp

PID on 100 patients
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Figure 4.5: Spaghetti plot of 100
patients in a euglycemic clamp us-

ing PID controller.

mean =+ std PID on population, euglycemic clamp
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Figure 4.6: Mean std con -
dence interval of 100 patients in
a euglycemic clamp using PID
controller.

Patient#001 | Population
Ko [momm] 0.025 0.025
Ki [mginz) 0.003 0.003
Ka [$5] 0.001 0.001

Table 4.2: PID controller parameters for euglycemic clamp on patient#001 and

on population.

We can see from Fig.4 4 that the PID controller remains inactive until around
minute 240/245, during which time the injected insulin causes a redution in
the blood glucose level. After reaching values close to the target (100 gAdl),
the controller starts to provide GIR and, after a small undershoot, reaches the
desired BG level. It is apparent from the plots of the entire population that in
this clamp, we observe higher variability both in the output of the controller
(blood glucose values) and in the control action (glucose infusion rate).This
variability is a consequence of the individual insulin sensitivty among di erent

patients.

40



4.1.1.3 Hypoglycemic Clamp

In Fig. we observe the evolution of the blood glucose (BG) level in @
tient#001 under the control of the PID controller, with the target sett o 50
mg/dl. Additionally, Fig. 45 hnd Fig. 4.6 |depict the spaghetti plot and the
mean standard deviation plot, respectively. The PID controller parameters
are listed in Table[4.2. For the entire population subjected to euglycenic clamp
and controlled using the PID controller, we obtained a MAPE value of 45.72%.

Similarly to the euglycemic clamp, in the hypoglycemic clamp, the RD
controller remains inactive until the insulin has su ciently low ered the blood
glucose levels close to the target (50 mg/dl). Subsequently, followigp a minor
undershoot, the controller initiates glucose infusion rate to reach he desired
target value. Also in this scenario, the variability is higher due to individual
di erences in insulin sensitivity among the patients.
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Figure 4.7: Evolution of BG level in a hypoglycemic clamp using the PID on-
troller, patient#001.
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Figure 4.8: Spaghetti plot of
100 patients in a hypoglycemic
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clamp using PID controller.

Figure 4.9: Mean
dence interval of 100 patients
in a hypoglycemic clamp using
PID controller.
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Patient#001 | Population
Ko [momm] 0.02 0.02
Ki [mgnin 0.001 0.001
Ka [$5] 0.05 0.001

Table 4.3: PID controller parameters for hypoglycemic clamp on patient#001

and

on population.

42



4.1.1.4 1SO-IV Clamp

In this paragraph we will analyze the performance of the PID controller on the
ISO-IV clamps, both on OGTTs with 40g and 75g of glucose. As already stated,
each patient will follow its OGTT response. In Fig[4.10, the evolution of blood
glucose (BG) levels for patient#001, patient#002, and patient#003 is depict ed.
Since displaying the responses of all 100 patients and their variabtyf would
not convey meaningful insights due to variations in the reference thoughout
the entire population (as apparent in Fig), we have chosen to visuate
the mean relative tracking error, as shown in Fig.4.I]l. This vector of vales is
de ned as the mean of the relative tracking error between all subjecs. The same
rationale applies to the 75g OGTT, where the responses of the rst 3 patnts
and the tracking error are presented in Fig.4.12 and Fig.4.13, respectaly. PID
parameters (for the population) can be found in Table[4.4, while the Mean
Absolute Percentage Error (MAPE) in Table

ISO-IV clamp with PID controller, OGTT 40g, first three patients

Output PID

o 50 100 150 200 250
Time [min]

Control Action PID

I
Ll

°

Intravenous Glucose Infusion [g/min]
T
w

100 150 200 250
Time [min]

Figure 4.10: Evolution of BG level in a ISO-IV clamp (OGTT 40g) using the
PID controller, rst three patients.

43



0.03

0.025

0.02

0.015

0.01

0.005

Relative Error []

-0.006

-0.01

-0.015

Mean relative tracking error, PID OGTT 40g

0 50 100 150 200 250
Time [min]

Figure 4.11: Mean relative tracking error for ISO-IV clamp (OGTT 40g) using
the PID controller on population of 100 patients.
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Figure 4.12: Evolution of BG level in a ISO-IV clamp (OGTT 75g) using the
PID controller, rst three patients.
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Figure 4.13: Mean relative tracking error for ISO-IV clamp (OGTT 75g) using
the PID controller on population of 100 patients.

Table 4.4: PID controller parameters for ISO-IV clamp on population.

OGTT 40g | OGTT 75g

Kp [memm] 0.02 0.02

Ki [rgmin 0.0085 0.0085
Ka [$5] 0.005 0.005

OGTT 40g

OGTT 75g

MAPE (%)

0.29

0.51

Table 4.5: Mean Absolute Percentage Error (MAPE) of PID controller in a
ISO-IV clamp, response to OGTT 40g and OGTT 75g.

We can observe that the controller e ectively tracks the referencevery well in
both the 40g and 75¢g scenarios. Additionally, we notice that the higher relatve
tracking error is typically observed in the initial phase of the expeiment, where
the PID controller exhibits slight delay in tracking the reference due to its lack
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of ability to look ahead into the future. We can observe that in Figi4.13 the
variability of the mean relative tracking error is a little bit high at t he end
of the experiment, this is probably due to the fact that with the 759 OGTT

we reach higher values of BG. Nevertheless, despite the observed iatility,

the tracking error remains consistently small, indicating excelent performance
achieved using this simple controller.
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4.1.2 MPC Controller with Full Increment Velocity Form

In this section we will provide results using the MPC controller with Full In-
crement Velocity Form on the di erent types of glucose clamps analyzd. Since
the procedures for our glucose clamps remain consistent with those deribed in
Sectiond 3.4 and 4.1]1, only images and results will be presented in th@coming
sections concerning MPC controllers.

4.1.2.1 Hyperglycemic Clamp

In Fig.f-14], the performance of the MPC controller with Full Increment Velocity
Form is depicted, both with and without the look ahead feature. It is apparent
that the former, with look ahead activated, can anticipate future changesin
the reference, allowing for earlier control action and achieving the arget value
before the latter. This is con rmed in Fig.f.I5]to Fig.f.18 representng the MPC
controller results on the population in a hyperglycemic clamp. In Table[4.8 the
MPC controller parameters are shown, while in Table[4.} the Mean Absolue
Percentage Error (MAPE) is displayed.
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Figure 4.14: Evolution of BG level in a hyperglycemic clamp using the MFC
controller with Full Increment Velocity Form, patient#001.
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spaghetti plot MPC FIVF hyperglycemic clamp
MPC FIVF on 100 patients
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Figure 4.15: Spaghetti plot of
100 patients in a hyperglycemic
clamp using the MPC controller
with Full Increment Velocity

Form (no look ahead imple-
mented).
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Figure 4.16: Mean std con-
dence interval of 100 patients
in a hyperglycemic clamp us-
ing the MPC controller with
Full Increment Velocity Form
(no look ahead implemented).

mean =+ std MPC FIVF LA on population, hyperglycemic clamp
Output MPC FIVF LA

»
&
S

»
S
5]

@
S

Blood Glucose [mg/di]

o
@
2

100 150 200 250
Time [min]
Control Action MPC FIVF LA

o
o

Intravenous Glucose Infusion [g/min] Blood Glucos

o
o

Time [min]

Figure 4.17: Spaghetti plot of
100 patients in a hyperglycemic
clamp using the MPC controller
with Full Increment Velocity
Form (look ahead activated).
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in a hyperglycemic clamp using
the MPC controller with Full
Increment Velocity Form (look
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Patient#001, FIVF

Patient#001, FIVF LA

Population, FIVF

Population, FIVF LA

PH 15 15 10 15
Q 0.01 0.01 0.01 0.01
R 150 50 150 60

Table 4.6: MPC with Full Increment Velocity Form parameters in a hyp er-
glycemic clamp. With and without look ahead feature, on patient#001 and on
population. PH is the Prediction Horizon of the MPC controller, Q and R the
parameters regulating control aggressiveness.

FIVF

FIVF LA

MAPE (%)

4.71 2.21

Table 4.7: Mean Absolute Percentage Error (MAPE) of MPC controller with
Full Increment Velocity Form in a hyperglycemic clamp, with and without look
ahead feature.

49




4.1.2.2 Euglycemic Clamp

From Fig[4.19, it is apparent that in the euglycemic clamp, the action of the
look ahead feature does not o er any improvements. In fact, the outputsof
the controller with and without look ahead are practically identical. This is a
consequence of the administration of insulin, which lowers blood gkose levels.
As previously mentioned, the controller does not administer any glucos infusion
rate until the BG levels almost reach the target. At this point, the lo ok ahead
feature does not provide any improvements because both controlleralready
know that the reference is 100 mg/dl, so their actions are essentiallyhie same.
The same considerations can be made on the results on the population of 100
patients (Fig.f.2Q to Fig/4.23). In Table the MPC controller parameters
are shown, while in Table|4.9 the Mean Absolute Percentage Error (MAPE)
displayed. As one could imagine, they are identical.
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Figure 4.19: Evolution of BG level in a euglycemic clamp using the MPC con
troller with Full Increment Velocity Form, patient#001.
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spaghetti plot MPC FIVF euglycemic clamp
MPC FIVF on 100 patients
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Figure 4.20: Spaghetti plot of
100 patients in a euglycemic
clamp using the MPC controller
with Full Increment Velocity

Form (no look ahead imple-
mented).

spaghetti plot MPC FIVF LA euglycemic clamp

MPC FIVF LA on 100 patients

0 50 100 150 200 250 300 350 400
Time [min]
Control Action

0 50 100 150 200 250 300 350 400
Time [min]

Intravenous Glucose Infusion [g/min] Bloed Glucose [mg/di]

Figure 4.22: Spaghetti plot of
100 patients in a euglycemic
clamp using the MPC controller
with Full Increment Velocity
Form (look ahead activated).
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Figure 4.21: Mean std con-
dence interval of 100 patients
in a euglycemic clamp using the
MPC controller with Full In-
crement Velocity Form (no look
ahead implemented).
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MPC controller with Full Incre-
ment Velocity Form (look ahead
activated).



Patient#001, FIVF

Patient#001, FIVF LA

Population, FIVF

Population, FIVF LA

PH 15 15 15 15
Q 0.01 0.01 0.01 0.01
R 10 10 10 10

Table 4.8: MPC with Full Increment Velocity Form parameters in a euglycemic
clamp. With and without look ahead feature, on patient#001 and on pop-
PH is the Prediction Horizon of the MPC controller, Q and R the
parameters regulating control aggressiveness.

ulation.

FIVF

FIVF LA

MAPE (%)

14.51 14.51

Table 4.9: Mean Absolute Percentage Error (MAPE) of MPC controller with
Full Increment Velocity Form in a euglycemic clamp, with and with out look
ahead feature.
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4.1.2.3 Hypoglycemic Clamp

The considerations made for the euglycemic clamp can be made also for the
hypoglycemic clamp. As we can see in Fig.4.24 the results with and withdu
look ahead are very similar (if not almost identical). Because of this we W
show only the results on the population given by the MPC controller with look

ahead (Fig[4.2% and Fid.4.2). MPC parameters are shown in Tafe4.10. The
MAPE found is 44.33%.
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Figure 4.24: Evolution of BG level in a hypoglycemic clamp using the MPC
controller with Full Increment Velocity Form, patient#001.
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spaghetti plot MPC FIVF LA hypoglycemic clamp
MPC FIVF LA on 100 patients
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Figure 4.25: Spaghetti plot of
100 patients in a hypoglycemic
clamp using the MPC controller
with Full Increment Velocity
Form (look ahead activated).
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Figure 4.26: Mean std con -
dence interval of 100 patients in
a hypolycemic clamp using the
MPC controller with Full Incre-
ment Velocity Form (look ahead
activated).

patient#001 | Population
PH 15 15
Q 0.01 0.01
R 20 50

Table 4.10: MPC with Full Increment Velocity Form parameters in a hyp o-
glycemic clamp. With look ahead feature, on patient#001 and on population.
PH is the Prediction Horizon of the MPC controller, Q and R the parameters

regulating control aggressiveness.
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4.1.2.4 1SO-IV Clamp

As done for the PID controller, we will also analyze the performance of the
MPC controller on the ISO-IV clamp. Given the e ectiveness of the look ahead
feature of the MPC controller, we will exclusively present the results achieved

with it.

The evolution of blood glucose (BG) levels for the rst three patients using
an MPC controller with Full Increment Velocity Form for 40g and 75g OGTTs
are depicted in Fig[4.27 and Fid.4.2P respectively. The mean relativeracking
error for the two experiments is displayed in Fig[4.28 and Fid.4.30 .
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Figure 4.27: Evolution of BG levels in a ISO-IV clamp (OGTT 40g) using the
MPC controller with Full Increment Velocity Form, rst three pat ients.
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Mean relative tracking error, MPC FIVF LA OGTT 40g
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Figure 4.28: Mean relative tracking error for ISO-IV clamp (OGTT 40g) using

the MPC controller with Full Increment Velocity Form on population of 100
patients.
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ISO-IV clamp with FIVF LA controller, OGTT 75g, first three patients
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Figure 4.29: Evolution of BG levels in a ISO-1V clamp (OGTT 75g) using the
MPC controller with Full Increment Velocity Form, rst three pat ients.
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Figure 4.30: Mean relative tracking error for ISO-IV clamp (OGTT 75g) using

the MPC controller with Full Increment Velocity Form on population of 100
patients.
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OGTT 40g | OGTT 75g
PH 15 15

Q 0.01 0.01

R 5 5

Table 4.11: MPC with Full Increment Velocity Form parameters in a ISO-IV
clamp, on OGTT 40g and OGTT 75g. PH is the Prediction Horizon of the
MPC controller, Q and R the parameters regulating control aggressiveness

OGTT 40g | OGTT 759
MAPE (%) 0.31 0.55

Table 4.12: Mean Absolute Percentage Error (MAPE) of MPC controller with
Full Increment Velocity in a ISO-IV clamp.

It is apparent from the spaghetti plot of the three patients (and con rme d
by the plot of the error) that, both in the 40g and 75g cases, the MPC tends to
anticipate the reference during the ascending phase and near the pk tends to
stay below it. Nevertheless, we have achieved very good performee.
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4.1.3 MPC Controller with the Unmeasured Disturbance
Estimator Approach

In this section we will provide results using the MPC controller with the Unmea-
sured Disturbance Estimator approach on the di erent types of glucose amps
analyzed. Since the procedures for our glucose clamps remain consigtavith
those described in Section§ 3|4 and 4.7.1, only images and results will pee-
sented in the upcoming sections concerning MPC controllers. More@r, we will
show only MPC controllers with the look ahead feature.

4.1.3.1 Hyperglycemic Clamp

In Fig.f.37] we can see how the MPC controller with the Unmeasured Dis-
turbance Estimator technique performs on the hyperglycemic clamp,while in
Fig[4.32 and[4.33 it is behaviour on the entire population is shown. We clarly
see a greater promptness in the controller output compared with the Fll In-
crement Velocity Form one. This is conrmed by the MAPE, which for t his
controller is of 2.00%. The controller parameters can be found in Tabl¢ 4.13.
As already stated, the initial estimation of the augmented state and of the ©-
variance matrix of the estimation error were set to 0 and to the identity matrix,
respectively.
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MPC UDE, hyperglycemic clamp
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Figure 4.31: Evolution of BG level in a hyperglycemic clamp using the MFC
controller with Unmeasured Disturbance Estimator method, patient# 001.
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Figure 4.32: Spaghetti plot of
100 patients in a hyperglycemic
clamp using the MPC controller
with Unmeasured Disturbance
Estimator method.
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patient#001 Population

PH 15 15
Q 0.01 0.01
R 8 4

M, 10 40

Cu 5 5

9 005 0 005 0
k 0 005 0 005
Ry 1 1

Table 4.13: Parameters of the MPC controller with the Unmeasured Disturkance
Estimator method, hyperglycemic clamp. PH is the Prediction Horizon of the
MPC controller, Q and R regulate control aggressivenessM, and C, are the
parameters used to augment the modelQy and Ry are the covariances of the
process and of the measurement noise of the Kalman lter, respectivg
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4.1.3.2 Euglycemic Clamp

In Fig.f-34 the response of patient#001 in a euglycemic clamp is displasd,
while in Figures [4.35 and[4.3p the results on the population. The controlle
parameters are in Table[4.1#. The MAPE for this experiment is of 14.59%.
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Figure 4.34: Evolution of BG level in a euglycemic clamp using the MPC con
troller with Unmeasured Disturbance Estimator method, patient#001.

62



spaghetti plot MPC UDE euglycemic clamp
MPC UDE on 100 patients

0 50 100 150 200 250 300 350

Intravenous Glucose Infusion [g/min] Blood Glucose [mg/d!

0 50 100 150 200 250 300 350
Time [min]

Figure 4.35: Spaghetti plot of
100 patients in a euglycemic
clamp using the MPC controller
with Unmeasured Disturbance

mean + std MPC UDE on population, euglycemic clamp

Output MPC UDE

Control Action MPC UDE
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Figure 4.36: Mean std con-
dence interval of 100 patients
in a euglycemic clamp using
the MPC controller with Un-

measured Disturbance Estima-

0 50 100 150 200 250 300 350

Estimator method.

tor method.

patient#001 Population
PH 15 15
Q 0.01 0.01
R 10 10
My 10000 10000
Cu 100 100
005 O 005 O
% | o oo5s | o o005
Rk 1 1

Table 4.14: Parameters of the MPC controller with the Unmeasured Disturkance
Estimator method, euglycemic clamp. PH is the Prediction Horizon of the
MPC controller, Q and R regulate control aggressivenessM, and C, are the
parameters used to augment the modelQy and Ry are the covariances of the
process and of the measurement noise of the Kalman lter, respective
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4.1.3.3 HypoGlycemic clamp

In Fig.f-37) the response of patient#001 in a hypoglycemic clamp is dispiged,
while in Figures [4.38 and[4.3P the results on the population. The controlle
parameters are in Table[4.15. The MAPE for this experiment is of 44.59%.

MPC UDE, hypoglycemic clamp
Output MPC UDE
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Figure 4.37: Evolution of BG level in a hypoglycemic clamp using the MPC
controller with Unmeasured Disturbance Estimator method, patient# 001.
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mean =+ std MPC UDE on population, hypoglycemic clamp
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Figure 4.39: Mean std con-

Figure 4.38: Spaghetti plot of dence interval of 100 patients
100 patients in a hypoglycemic in a hypoglycemic clamp using
clamp using the MPC controller the MPC controller with Un-

with Unmeasured Disturbance measured Disturbance Estima-
Estimator method. tor method.

patient#001 Population

PH 15 15
Q 0.01 0.01
R 10 10

M. 10000 10000
C. 100 100

o 005 0 005 0
k 0 005 0 005
Ry 1 1

Table 4.15: Parameters of the MPC controller with the Unmeasured Disturkance
Estimator method, hypoglycemic clamp. PH is the Prediction Horizon of the
MPC controller, Q and R regulate control aggressivenessM, and C, are the
parameters used to augment the modelQy and Ry are the covariances of the
process and of the measurement noise of the Kalman lter, respective
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4.1.3.4 1SO-IV clamp

As done for the other controllers, we will analyze the performance of the Un
measured Disturbance Estimator approach on the ISO-IV clamp. The evoltion
of blood glucose (BG) levels for the rst three patients using an MPC controller
with Full Increment Velocity Form for 40g and 75g OGTTs are depicted in
Fig /.40 and Fig[4.42 respectively. The mean relative tracking error fothe two
experiments is displayed in Fid-4.4]L and Fig.4.43

ISO-IV clamp with UDE controller, OGTT 40g, first three patients

Output MPC UDE
220~

= = = -Patient #001 reference
& Patient 4001 response
- = - -Patient #002 reference
Patient #002 response
- = - -Patient #003 reference
Patient #003 response

3
8
T

Blood Glucose [mg/di]

o 50 100 150 200 250
Time [min]

Control Action MPC UDE

Patient #001
Patient #002
Patient #003

Sosl

Intravenous Glucose Infusion [g/min]
5 & 8
L —

Ly

0 50 100 150 200 250
Time [min]

Figure 4.40: Evolution of BG level in a ISO-IV clamp (OGTT 40g) using the
MPC controller with Unmeasured Disturbance Estimator approach, rstt hree
patients.
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Mean relative tracking error, MPC UDE OGTT 40g
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Figure 4.41: Mean relative tracking error for ISO-IV clamp (OGTT 40g) using
the MPC controller with Unmeasured Disturbance Estimator approach on pop
ulation of 100 patients.

ISO-IV clamp with UDE controller, OGTT 75g, first three patients
Output MPC UDE
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Figure 4.42: Evolution of BG level in a ISO-IV clamp (OGTT 75g) using the
MPC controller with Unmeasured Disturbance Estimator approach, rstt hree
patients.
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Mean relative tracking error, MPC UDE OGTT 75g
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Figure 4.43: Mean relative tracking error for ISO-IV clamp (OGTT 75g) using

the MPC controller with Unmeasured Disturbance Estimator approach on pop
ulation of 100 patients.

OGTT 40g | OGTT 75g
PH 15 10
Q 1000 1000
R 1 1
M, 3000 3000
Cu 5 5

001 O 005 0

Q« 0 001 0 005
Ry 05 1

Table 4.16: Parameters of the MPC controller with the Unmeasured Distur-
bance Estimator method, ISO-IV clamp. PH is the Prediction Horizon of the
MPC controller, Q and R regulate control aggressivenessM, and C, are the
parameters used to augment the modelQx and Ry are the covariances of the
process and of the measurement noise of the Kalman lter, respectivg
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OGTT 40g | OGTT 759
MAPE (%) 0.26 0.51

Table 4.17: Mean Absolute Percentage Error (MAPE) of MPC controller with
Unmeasured Disturbance Estimator method in a ISO-IV clamp.
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4.2 Realistic Scenario

In the Realistic Scenario, we introduce measurement errors to simate con-
ditions more akin to real-world scenarios. These measurement errorsyhich
can arise from sensor inaccuracies, noise, and other sources of varialyilinher-
ent in clinical settings, have a signi cant impact on the performance of control
algorithms in regulating glucose levels.

By incorporating measurement errors into our simulations, we aim to eal-
uate the robustness and resilience of the control algorithms under contions
that more closely resemble clinical practice. This allows us to asss how well
the control strategies perform in the presence of uncertainties andidturbances,
providing insights into their real-world applicability and e ect iveness.

The measurement noise is modeled as zero-mean, Gaussian white noigehw
a constant coe cient of variation (CV). The measured output of the system is
given by:

y(k) = BG( k) + w(k) (4.1)

wherew(k) N (0; 2(k)), and (k) =CV BG(k). For our simulation, we
set the CV equal to 2%, representing the accuracy of a YSI Glucose/Lactate
Analyzer, a commonly used system for blood glucose measurements in ghse
clamp experiments.

421 PID controller

4.2.1.1 Hyperglycemic Clamp

The Mean Absolute Percentage Error (MAPE)for the hyperglycemic clamp ws-
ing the PID controller in presence of measurement noise is of 3.46%.
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Figure 4.44: Evolution of BG level in a hyperglycemic clamp using the PD
controller on patient#001, measurement noise present.

spaghetti plot PID hyperglycemic clamp with noise
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Figure 4.45: Spaghetti plot of
100 patients in a hyperglycemic
clamp using PID controller,
measurement noise present.
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Figure 4.46: Mean std con-
dence interval of 100 patients
in a hyperglycemic clamp us-
ing the PID controller, measure-
ment noise present.



Patient#001 | Population
Kp [ STI‘” ] 0.02 0.02
Ki [mgin 0.001 0.001
Ka [55] 0.002 0.001

Table 4.18: PID controller parameters for hyperglycemic clamp on patient#001
and on population, measurement noise present.

72



4.2.1.2 Euglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the euglycemic clamp usimg
the PID controller in presence of measurement noise is of 16.85%.

Figure 4.47: Evolution of BG level in a euglycemic clamp using the PID con
troller on patient#001, measurement noise present.
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Figure 4.48: Spaghetti plot of
100 patients in a euglycemic

Figure 4.49: Mean std con -
dence interval of 100 patients in
a euglycemic clamp using PID

clamp using PID controller, controller, measurement noise
measurement noise present. present.
Patient#001 | Population
Ko [ ] 0.02 0.025
i [ 0.001 0.003
Kg [%] 0.001 0.001

Table 4.19: PID controller parameters for euglycemic clamp on patient#001
and on population, measurement noise present.
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4.2.1.3 Hypoglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the hypoglycemic clamp usig
the PID controller in presence of measurement noise is of 48.22%.

Figure 4.50: Evolution of BG level in a hypoglycemic clamp using the PID
controller on patient#001, measurement noise present.
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Figure 4.51: Spaghetti plot of
100 patients in a hypoglycemic
clamp using PID controller,
measurement noise present.

Figure 4.52: Mean std con-
dence interval of 100 patients
in a hypoglycemic clamp us-
ing PID controller, measure-
ment noise present.

Patient#001 | Population
Kp [iig-ti] 0.02 0.02
i [mggi,ﬁi'nz 0.001 0.001
Kq [%] 0.001 0.001

Table 4.20: PID controller parameters for hypoglycemic clamp on patient#001
and on population, measurement noise present.
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4.2.1.4 1SO-IV Clamp
The MAPE for the ISO-IV clamp can be found in Table .22,

Figure 4.53: Evolution of BG level in a ISO-IV clamp (OGTT 40g) using the
PID controller on rst three patients, measurement noise present.
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Figure 4.54: Mean relative tracking error for ISO-IV clamp (OGTT 40g) using
the PID controller on population of 100 patients, measurement noise prese.

Figure 4.55: Evolution of BG level in a ISO-IV clamp (OGTT 75g) using the
PID controller on rst three patients, measurement noise present.
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Figure 4.56: Mean relative tracking error for ISO-IV clamp (OGTT 75g) using
the PID controller on population of 100 patients, measurement noise prese.

OGTT 40g [ OGTT 75g

Kp [ ] 0.02 0.02

Ki [gnin 0.0085 0.0085
Ka [%5] 0.005 0.005

Table 4.21: PID controller parameters for ISO-IV clamp on population, mea-
surement noise present.

OGTT 40g | OGTT 75¢g
MAPE (%) 2.52 2.71

Table 4.22: Mean Absolute Percentage Error (MAPE) of PID controller in a
ISO-IV clamp, response to OGTT 40g and OGTT 75g, measurement noise
present.
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4.2.2 MPC controller with Full Increment Velocity Form
4.2.2.1 Hyperglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the hyperglycemic clamp
using the MPC controller with Full Increment Velocity Form in pr esence of
measurement noise is of 3.99%.

Figure 4.57: Evolution of BG level in a hyperglycemic clamp using the MFC
controller with Full Increment Velocity Form on patient#001, measure ment
noise present.
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Figure 4.58: Spaghetti plot of
100 patients in a hyperglycemic
clamp using the MPC con-
troller with Full Increment Ve-

locity Form, measurement noise

present.

Figure 4.59: Mean std con-
dence interval of 100 patients
in a hyperglycemic clamp using
the MPC controller with Full
Increment Velocity Form, mea-
surement noise present.

Patient#001, FIVF | Population, FIVF
PH 15 15
Q 0.01 0.01
R 60 100

Table 4.23: MPC with Full Increment Velocity Form parameters in a hyp er-
glycemic clamp on patient#001 and on population, measurement noise presén
PH is the Prediction Horizon of the MPC controller, Q and R the parameters
regulating control aggressiveness.
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4.2.2.2 Euglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the euglycemic clamp usimg
the MPC controller with Full Increment Velocity Form in presenc e of measure-
ment noise is of 17.94%.

Figure 4.60: Evolution of BG level in a euglycemic clamp using the MPC con
troller with Full Increment Velocity Form on patient#001, measureme nt noise
present.
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Figure 4.61: Spaghetti plot of Figure 4.62: Mean std con-

100 patients in a euglycemic dence interval of 100 patients
clamp using the MPC con- in a euglycemic clamp using the
troller with Full Increment Ve- MPC controller with Full Incre-
locity Form, measurement noise ment Velocity Form, measure-
present. ment noise present.

Patient#001, FIVF | Population, FIVF
PH 15 15
Q 0.01 0.01
R 50 50

Table 4.24: MPC with Full Increment Velocity Form parameters in a euglycemic
clamp on patient#001 and on population, measurement noise present. PH islte
Prediction Horizon of the MPC controller, Q and R the parameters regulating
control aggressiveness.
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4.2.2.3 Hypoglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the hypoglycemic clamp usig
the MPC controller with Full Increment Velocity Form in presenc e of measure-
ment noise is of 48.28%.

Figure 4.63: Evolution of BG level in a hypoglycemic clamp using the MPC
controller with Full Increment Velocity Form on patient#001, measure ment
noise present.

84



Figure 4.64: Spaghetti plot of
100 patients in a hypoglycemic
clamp using the MPC con-
troller with Full Increment Ve-

locity Form, measurement noise

present.

Figure 4.65: Mean std con -
dence interval of 100 patients in
a hypoglycemic clamp using the
MPC controller with Full Incre-
ment Velocity Form, measure-
ment noise present.

Patient#001, FIVF | Population, FIVF
PH 15 15
Q 0.01 0.01
R 20 50

Table 4.25: MPC with Full Increment Velocity Form parameters in a hyp o-
glycemic clamp on patient#001 and on population, measurement noise presén
PH is the Prediction Horizon of the MPC controller, Q and R the parameters
regulating control aggressiveness.
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4.2.2.4 1SO-IV clamp
The MAPE for the ISO-IV clamp can be found in Table .27

Figure 4.66: Evolution of BG level in a ISO-IV clamp (OGTT 40g) using the
MPC controller with Full Increment Velocity Form on rst three pat ients, mea-
surement noise present.
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Figure 4.67: Mean relative tracking error for ISO-IV clamp (OGTT 40g) using
the MPC controller with Full Increment Velocity Form on population of 100
patients, measurement noise present.

Figure 4.68: Evolution of BG level in a ISO-IV clamp (OGTT 75g) using the
MPC controller with Full Increment Velocity Form on rst three pat ients, mea-
surement noise present.
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Figure 4.69: Mean relative tracking error for ISO-IV clamp (OGTT 75g) using
the MPC controller with Full Increment Velocity Form on population of 100
patients, measurement noise present.

OGTT 40g | OGTT 75g
PH 15 15
Q 0.01 0.01
R 50 50

Table 4.26: MPC with Full Increment Velocity Form parameters in a ISO-IV
clamp, on OGTT 40g and OGTT 75g, measurement noise present. PH is the
Prediction Horizon of the MPC controller, Q and R the parameters regulating
control aggressiveness.

OGTT 40g
2.99

OGTT 75g
3.38

MAPE (%)

Table 4.27: Mean Absolute Percentage Error (MAPE) of MPC controller with
Full Increment Velocity Form in a ISO-IV clamp, response to OGTT 40g and
OGTT 75g, measurement noise present.
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4.2.3 MPC controller with the Unmeasured Disturbance
Estimator approach

4.2.3.1 Hyperglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the hyperglycemic clamp
using the MPC controller with Unmeasured Disturbance Estimator method, in
presence of measurement noise is of 2.55%.

Figure 4.70: Evolution of BG level in a hyperglycemic clamp using the MRC
controller with Unmeasured Disturbance Estimator method on patient# 001,
measurement noise present.
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Figure 4.71: Spaghetti plot of
100 patients in a hyperglycemic
clamp using the MPC controller
with Unmeasured Disturbance
Estimator method, measure-
ment noise present.

Figure 4.72: Mean std con-
dence interval of 100 patients
in a hyperglycemic clamp using
the MPC controller with Un-
measured Disturbance Estima-
tor method, measurement noise
present.

patient#001 Population

PH 15 15

Q 0.01 0.01

R 8 5
My 10 15

Cu 5 15

005 O 005 O

Q 0 005 0 005
Rk 1 1

Table 4.28: Parameters of the MPC controller with the Unmeasured Disturkance
Estimator method in a hyperglycemic clamp, measurement noise prent. PH
is the Prediction Horizon of the MPC controller, Q and R regulate control
aggressivenesdVl, and C, are the parameters used to augment the modelQy
and Ry are the covariances of the process and of the measurement noise of the

Kalman Iter , respectively.

[H]
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4.2.3.2 Euglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the euglycemic clamp us-
ing the MPC controller with Unmeasured Disturbance Estimator method, in
presence of measurement noise is of 16.76%.

Figure 4.73: Evolution of BG level in a euglycemic clamp using the MPC con
troller with Unmeasured Disturbance Estimator method on patient#001, m ea-
surement noise present.
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Figure 4.74: Spaghetti plot of
100 patients in a euglycemic
clamp using the MPC controller
with Unmeasured Disturbance

Estimator method, measure-

ment noise present.

Figure 4.75: Mean std con-
dence interval of 100 patients
in a euglycemic clamp using
the MPC controller with Un-

measured Disturbance Estima-
tor method, measurement noise
present.

patient#001 Population
PH 15 15
Q 0.01 0.01
R 10 10
My 10000 10000
Cu 100 100
005 O 005 O
Q 0 005 0 005
Rk 1 1

Table 4.29: Parameters of the MPC controller with the Unmeasured Distur-
bance Estimator method in a euglycemic clamp, measurement noise gent.
PH is the Prediction Horizon of the MPC controller, Q and R regulate control
aggressivenesdVl, and C, are the parameters used to augment the modelQy

and Ry are the covariances of the process and of the measurement noise of the

Kalman Iter, respectively.
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4.2.3.3 Hypoglycemic Clamp

The Mean Absolute Percentage Error (MAPE) for the hypoglycemic clamp us-
ing the MPC controller with Unmeasured Disturbance Estimator method, in
presence of measurement noise is of 47.58%.

Figure 4.76: Evolution of BG level in a hypoglycemic clamp using the MPC
controller with Unmeasured Disturbance Estimator method on patient# 001,
measurement noise present.
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Figure 4.77: Spaghetti plot of
100 patients in a hypoglycemic
clamp using the MPC controller
with Unmeasured Disturbance
Estimator method, measure-
ment noise present.

Figure 4.78: Mean std con-
dence interval of 100 patients
in a hypoglycemic clamp using
the MPC controller with Un-
measured Disturbance Estima-
tor method, measurement noise
present.

patient#001 Population

PH 15 15
Q 0.01 0.01
R 0.5 0.5

My 1000 1000
Cu 100 100

9 005 O 005 O
K 0 005 0 005
Ry 1 1

Table 4.30: Parameters of the MPC controller with the Unmeasured Disturkance
Estimator method in a hypoglycemic clamp, measurement noise presén PH

is the Prediction Horizon of the MPC controller, Q and R regulate control
aggressivenesdVl, and C, are the parameters used to augment the modelQy
and Ry are the covariances of the process and of the measurement noise of the
Kalman Iter, respectively.

Hyperglycemic | Euglycemic | Hypoglycemic
MAPE (%) 2.55 16.76 47.58

Table 4.31: MAPE for hyper, eu and hypoglycemic clamps using the MPC con-
troller with Unmeasured Disturbance Estimator approach in presence ofmea-
surement noise
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4.2.3.4 1SO-IV clamp
The MAPE for the ISO-IV clamp can be found in Table f.33.

Figure 4.79: Evolution of BG level in a ISO-IV clamp (OGTT 40g) using the
MPC controller with Unmeasured Disturbance Estimator approach on rstt hree
patients, measurement noise present.
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Figure 4.80: Mean relative tracking error for ISO-IV clamp (OGTT 40g) using
the MPC controller with Unmeasured Disturbance Estimator approach on pop
ulation of 100 patients, measurement noise present.

Figure 4.81: Evolution of BG level in a ISO-IV clamp (OGTT 75g) using the
MPC controller with Unmeasured Disturbance Estimator approach on rstt hree
patients, measurement noise present.
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Figure 4.82: Mean relative tracking error for ISO-IV clamp (OGTT 75g) using
the MPC controller with Unmeasured Disturbance Estimator approach on pop

ulation of 100 patients, measurement noise present.

OGTT 40g | OGTT 759
PH 15 10

o) 1000 2000

R 1 1
M, 2500 2000
o Z Z

001 0 | 005 0

Q| 0 o001 | o o005
Ry 05 1

Table 4.32: Parameters of the MPC controller with the Unmeasured Distur-
bance Estimator method in a ISO-IV clamp, measurement noise presén PH

is the Prediction Horizon of the MPC controller, Q and R regulate control ag-
gressivenessM and C, are the parameters used to augment the modelQy
and Ry are the covariances of the process and of the measurement noise of the
Kalman lIter, respectively.
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OGTT 40g | OGTT 759
MAPE (%) 2.75 2.93

Table 4.33: Mean Absolute Percentage Error (MAPE) of MPC controller with
Unmeasured Disturbance Estimator method in a ISO-IV clamp, measurment
noise present.

4.2.4 Comments on the results

In this more realistic scenario, we introduced measurement errots This real-
world con guration aims to assess the performance of control algorithms unde
conditions that more closely resemble clinical practice, taking inb account the
inherent variability and challenges present in realistic settings

As apparent from the displayed results, the performance of the contrdérs
has not signi cantly changed. Introducing uctuations to the measured blood
glucose naturally leads to less e cient tracking, as observed from the fots
of the controller outputs and the Mean Absolute Percentage Error (MAPE)
calculated for each experiment. Nevertheless, both PID and MPC conwllers
demonstrated high-level performance in tracking the references agss all types
of glucose clamps explored.
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Chapter 5

Comparing PID and MPC
Performance

After presenting the results obtained by each controller|PID, MPC w ith Full
Increment Velocity Form, and MPC with the Unmeasured Disturbance Estima-
tor method]it is time to compare their performance across the four type s of
glucose clamp examined. As done for the Section] 4, where we presentedeth
results accomplished rst in a noise-free scenario and then in a mer realistic
scenario, also in this Section we will see how the controllers perfored rst in
an ideal con guration and then with the presence of measurement noise.

5.1 Noise-free Scenario

5.1.1 Hyperglycemic clamp

In Fig.6.1] we observe the performance of the three dierent controlles im-
plemented compared in a hyperglycemic clamp on the entire population The
e ectiveness of the MPC controllers is apparent: with the lookahead éature,
the controller can reach the target reference faster by acting earlieand admin-
istering a glucose infusion rate before the reference changes. As dgpd in
the gure and further corroborated by Table 5.I] the MPC with the Unmea-

sured Disturbance Estimator approach performed the best, achievingg MAPE

of 2.00%. The MPC with Full Increment Velocity Form is slightly slow er but
still performs admirably with a MAPE of 2.21%. This discrepancy is apparent
when observing the glucose infusion rate administered by the contréérs: the
former provides a higher value of GIR just before the change in the refrence,
while the latter initiates with smaller values beforehand and remairs under 1
g/min. The PID controller, lacking the ability to anticipate changes in the ref-
erence, starts later. However, by administering a relatively highglucose infusion
rate, it eventually reaches the target blood glucose level, after arsall overshoot
that the two MPC controller managed to avoid, achieving a MAPE of 2.87%.
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PID | MPC FIVF | MPC UDE
MAPE (%) | 2.87 2.21 2.00

Table 5.1: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers, hyperglycemic clamp.

Figure 5.1: Comparison between PID, MPC FIVF and MPC UDE controllers
on population, hyperglycemic clamp. Zoom between minute 60 and 150.

5.1.2 Euglycemic clamp

For the euglycemic clamp, the comparison between the results of thentee con-
trollers on the population is depicted in Fig[5.2. As previously mentiored, in
this type of clamp, insulin plays a crucial role as it lowers blood glicose con-
centration. However, since our controllers can only manipulate the inpit of the
system, which is glucose infusion, they cannot expedite the pross of lowering
BG levels. Therefore, until the blood glucose remains above a cexin level, they
remain inactive. From the image, we can observe that around minute 180, all
three controllers switch on and provide a glucose infusion rate to avei under-
shoots and reach the target level. Due to this limitation, all three cortrollers
perform almost identically, as they cannot signi cantly in uence the process un-
til the blood glucose concentration is su ciently lowered. Their performance,
measured with the MAPE, is summarized in Table[5.2.

PID | MPC FIVF | MPC UDE
MAPE (%) | 14.62 1451 14.59

Table 5.2: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers, euglycemic clamp.
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Figure 5.2: Comparison between PID, MPC FIVF and MPC UDE controllers
on population, euglycemic clamp.

5.1.3 Hypoglycemic clamp

For the hypoglycemic clamp experiment, the comparison between theasults of
the three controllers on the population is shown in Fig[5.3. Similar conglera-
tions made for the results obtained in the euglycemic clamp also applyd this
type of glucose clamp. In Table[5.8, the MAPE for this type of experiment b
displayed, demonstrating that the performance of the controllers isvery similar.
However, the PID controller appears to perform slightly poorer by activating
a few minutes later than the two MPCs and by causing a small undershot.
A MAPE of 45% may seem high, but as previously mentioned, we must con-
sider that the BG levels before the reference changes are around 130-150 mbg/d
Therefore, in the rst 50-75 minutes after the step, the error accumdates for
quite some time. Some potential future developments could involve arying the
intravenous insulin administered to observe its e ects on controlperformance..

PID | MPC FIVF | MPC UDE
MAPE (%) | 45.72 44.33 44.59

Table 5.3: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers, hypoglycemic clamp.
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Figure 5.3: Comparison between PID, MPC FIVF and MPC UDE controllers
on population, hypoglycemic clamp.

5.1.4 ISO-IV clamp

The comparison of the results obtained in our last type of glucose clamp, ta
ISO-IV clamp, is illustrated in Fig.5.4] Speci cally, the mean relative tracking
error achieved by the three dierent controllers is displayed. As mentioned
previously, a plot of mean std for these types of clamps would not be too
meaningful since each patient uses its OGTT response from the presus day
as a reference. Much more informative is the plot of the tracking erroy which
provides insights into the performance of the three controllers. Reminder: The
relative tracking error is de ned as yf’y—oy whereyy is the reference andy is the
output.)

As observed from the image, the PID controller generates a positive erroin
the ascending phase of the OGTT, attributable to the absence of the lok ahead
feature, resulting in the reference being greater than the outpti Subsequently,
it produces a small negative error, indicating that the output remains slightly
above the reference. On the other hand, the two MPC controllers irtially
anticipate the ascending phase of the OGTT, as evidenced by the negat
tracking error. They then transition to staying slightly under th e reference
curve (characterized by the positive error around minute 70 where he OGTT
reaches its peak), and nally follow the PID controller by remaining slightly
above the OGTT curve. The MAPE for the three controllers is shown in Table
(rst row). All three controllers provided excellent trackin g, we have in fact
MAPE very close to 0%.
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PID | MPC FIVF | MPC UDE
MAPE (%), OGTT 40g | 0.29 0.31 0.26
MAPE (%), OGTT 759 | 0.51 0.55 0.51

Table 5.4: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers, ISO-IV clamp.

Figure 5.4: Comparison between PID, MPC FIVF and MPC UDE controllers
on population, relative tracking error, 1ISO-1V clamp (OGTT 40g).
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Figure 5.5: Comparison between PID, MPC FIVF and MPC UDE controllers
on population, relative tracking error, 1ISO-1V clamp (OGTT 75g).

For the ISO-IV clamp on the 75g OGTT the same considerations done for
the 40g OGTT apply. The relative tracking error (Fig.p.5) is a bit higher due
to higher values of blood glucose, but the behaviour of the 3 controller stay
the same. The performance of the controller can be found in Tabl4 (send
row). We can see that, even if slightly greater, the MAPE stays very ¢ose to
0% for all three controllers, signifying excellent tracking.
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5.2 Realistic Scenario

5.2.1 Hyperglycemic Clamp

In Fig.5.6] we observe the comparison between the three controllers aft incor-
porating measurement noise to simulate a more realistic scenario. Isiapparent
that the noise does not signi cantly a ect the controllers' performance; there
is only a slight impact observed at the beginning of the experiment andduring
steady state after the step. We can also see this in the Mean Absolute Peent-
age Error (Table [5.5). The MPC controller with the Unmeasured Disturbance
Estimator method con rms to be the more e cient in tracking the ref erence in
a hyperglycemic clamp experiment.

PID | MPC FIVF | MPC UDE
MAPE (%) | 3.46 3.99 2.55

Table 5.5: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers in a hyperglycemic clamp, measuremeri
noise present.

Figure 5.6: Comparison between PID, MPC FIVF and MPC UDE controllers
on population in a hyperglycemic clamp, measurement noise present.

5.2.2 Euglycemic Clamp

With regard to the euglycemic clamp, the comparison between the thre con-
trollers with the presence of measurement noise is shown in F[g.3.7As an-
ticipated, the existence of noise does not alter the behavior of theantrollers
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signi cantly. The MAPE, displayed in Table 5.6, has increased slightly, but we
still achieve very reasonable performance. The MPC controller with Ell Incre-
ment Velocity Form appears to be slightly slower than the other two controllers,
as evidenced by the higher MAPE, but the di erence is minimal.

PID | MPC FIVF | MPC UDE
MAPE (%) | 16.85 17.94 16.76

Table 5.6: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers in a euglycemic clamp, measurement
noise present.

Figure 5.7: Comparison between PID, MPC FIVF and MPC UDE controllers
on population in a euglycemic clamp, measurement noise present.

5.2.3 Hypoglycemic Clamp

As usual, the same considerations made for the euglycemic clamp can be made
for the hypoglycemic clamp (Fig). Here as well, obviously, the perfanance
worsen a little bit with the presence of measurement noise (TabI@). As seen
before the MPC with Full Increment Velocity Form stays marginally above
the others, while the PID controller execute a slightly undershat, but the

di erences are really minimal.
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PID | MPC FIVF | MPC UDE
MAPE (%) | 48.22 48.28 47.58

Table 5.7: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers in a hypoglycemic clamp, measurement
noise present.

Figure 5.8: Comparison between PID, MPC FIVF and MPC UDE controllers
on population in a hypoglycemic clamp, measurement noise present.

5.2.4 ISO-IV Clamp

Finally, the mean relative tracking error achieved by the three contollers with
the presence of measurement noise is displayed in Hig.5.9 and Fig.5ft0 the 40g
and 75g OGTTs, respectively. In both the 40g and 75g experiments, although
the relative error has clearly increased, the behavior of the controirs has not
changed signi cantly, as apparent from Table[5.8. If anything, it appears that
the addition of noise has led the PID controller to produce the smallesMean
Absolute Percentage Error, both in the 40g and 75g ISO-IV clamps.

PID | MPC FIVF | MPC UDE
MAPE (%), OGTT 40g | 2.52 2.99 2.75
MAPE (%), OGTT 759 | 2.71 3.38 2.93

Table 5.8: Mean Absolute Percentage Error (MAPE) comparison between PID,
MPC FIVF and MPC UDE controllers in a ISO-IV clamp, measurement noise
present.
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Figure 5.9: Comparison between PID, MPC FIVF and MPC UDE controllers on
population, relative tracking error, 1ISO-IV clamp (OGTT 40g), measurement
noise present.

Figure 5.10: Comparison between PID, MPC FIVF and MPC UDE controllers
on population, relative tracking error, ISO-IV clamp (OGTT 75g), measurement
noise present.
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5.3 Final Comparison

By analyzing the results presented in the previous sections, detmining a clear

winner among the three controllers is not straightforward. In the hyperglycemic

clamp, the Model Predictive Control (MPC) with the Unmeasured Disturbance

Estimator approach appears to be the most e ective in tracking the refeence,

attributed to its swift response in administering a signi cant glu cose infusion
rate prior to the change in the target curve. This superiority is con r med by

the Mean Absolute Percentage Error, observed in both ideal and real-world
scenarios.

In contrast, for the euglycemic and hypoglycemic clamp experimentsho
obvious winner emerges. All three controllers perform similarly, lagely due
to the inuence of insulin. In such cases, developing a more compkeMPC
controller may not be necessary, as the simpler Proportional-IntegrabDerivative
controller achieves practically identical performance.

Regarding the ISO-IV clamps, excellent tracking is achieved withall three
controllers, with the Mean Absolute Percentage Error (MAPE) nearly approach-
ing 0%. Similar to the previous two clamp types, identifying a clear winner
is challenging. Under ideal conditions, where measurement noise is ab¥,
the MPC with the Unmeasured Disturbance Estimator Approach appears to
be slightly more accurate. However, in realistic scenarios, the PID antroller
demonstrates marginally better performance. Once again, it appears thathe
PID controller may be the preferable choice due to its simplicity compared to
the more complex MPC controller, especially considering the comparab per-
formance observed across all clamp types.
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Chapter 6

Mobile Application

6.1

In the previous sections we developed both PID and MPC algorithms to sggest
Glucose Infusion in glucose clamp experiments (Hyperglycemic, Eugtemic,
Hypoglycemic and ISO-1V). Given the good performance achieved, we chego
design a mobile application as a decision support system for clinical searchers
conducting glucose clamp experiments (the glucose clamp supportede@Hyper-
glycemic, Euglyucemic and Hypoglycemic). The concept behind the aps quite
simple: after inserting a blood glucose (BG) measurement, a glucesinfusion
rate (GIR) is suggested.

Due to its simplicity compared to an MPC, we integrated a PID controll er
into the application. The parameters chosen are the ones that permittd the
best performance on the three type of clamps in the realistic scenali(Tab.@.

Glucas (GLUcose CLamp ASsistant) has already been successfully deplaye
as computer software([ll]. Recognizing the increasing prevalence of mébplat-
forms and the bene ts they o er in terms of accessibility and convenience, we
have made the strategic decision to extend its functionality by deeloping a ded-
icated mobile application. This expansion to mobile platforms aims to futher
enhance the usability and accessibility of Glucas, ensuring that reearchers can
easily access its features and capabilities directly from their smdphone. We
implemented Glucas 2.0 in the Flutter environment, in the next section a brief
overview of the Flutter framework is provided.

Introduction

Hyperglycemic | Euglycemic | Hypoglycemic
Kp [ ] 0.02 0.025 0.02
Ki [rgii 0.001 0.003 0.001
Ka [55] 0.002 0.001 0.001

Table 6.1: PID controller parameters used for Glucas 2.0.
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6.2 Dart and Flutter

Mobile applications have become essential in our daily lives, with aigni cant
increase in network tra ¢ on mobile devices since November 2016, surpasyy
desktops or laptops. To meet the diverse user base's needs, devetop face the
challenge of adapting apps to both Android and iOS platforms, requiring ex
pertise in di erent programming languages such as Java/Kotlin and Objective-
C/Swift.

Cross-platform development presents hurdles due to the lack of a ured
codebase across mobile platforms. Frameworks like Apache Cordova and Iani
aim to streamline development by combining native and web app approacte
However, they may not fully utilize platform-speci c features, leading to poten-
tial limitations in performance and resource access.

Google introduced Flutter in 2018 to address these challenges, o erop a
seamless cross-platform development experience for iOS and Androi@lutter's
features, including hot reload for quick code changes and modular widge for
exible Uls, have gained popularity among major companies like Alibaba and
Google.

Developers leverage Flutter with development environments likeAndroid
Studio and Visual Studio Code. Dart, the programming language behind Fli-
ter, provides essential features like clear syntax and support for @active pro-
gramming, contributing to Flutter's e ciency in app development.

The synergy between Dart and Flutter enables the creation of high-peiormance
apps, with Dart's exibility in compilation playing a crucial role. Developers
can utilize tools like Visual Studio or Android Studio to build Flutt er apps
e ectively.

6.3 Project Structure

The project was crafted within the Visual Studio Code environment, comple-
mented by the utilization of Android Studio to simulate an Android smart phone.
In the following sections, we will provide a brief overview of the key components
comprising a mobile application developed using Flutter.

6.3.1 Ul

In Flutter-based applications, the main building blocks are called Widgets,
which can represent di erent elements such as containers, colung) rows, bot-
tons and many others. Conceptually, everything in a utter app is a widget.
They have a hierarchical structure, so the "child" widget nests within the "par-

ent" one and so on. There are two main types of widgets, the Stateless os@and
the Stateful ones. Stateless widget remain unchanged once created and dot
alter their behavior based on user event, while Stateful widgets arelynamic,
allowing for changes in content over time based on user-generated actisnThey
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Figure 6.1: Glucas 2.0 navigation ow chart.

are particularly useful for developing interfaces with dynamic commnents, of-
fering options for managing dynamism and immutability.

During the app development process, numerous widgets are used toeate
various elements and functionalities. In our application, we employd a wide
range of widgets including containers, rows, columns, texts, buttos, pop-up
dialogs, timers, and charts, among others. These widgets collectivelgontribute
to crafting a rich and interactive user experience within the apgication.

6.3.2 Navigation

Gluclas is designed as a user-friendly mobile application with a stramlined
structure organized into several screens:

1. Home

2. Onboarding
3. Landing

4. Experiment
5. Experiment Stopped

Each screen is carefully crafted to provide intuitive navigation ard seamless
user experience, ensuring that users can e ciently access and iize Glucas
2.0's features and functionalities. In Figur¢6.], we present the simie navigation
owchart outlining the structure of the app's screens.

6.3.3 State Management and Data Persistence

To e ciently manage state within our application, we made use of a Provider,

a powerful tool provided by Flutter. The Provider allows seamless passing of
information among all widgets within the application, ensuring e ecti ve state

management throughout the user interface.
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For data persistence within the application, we adopted two distind ap-
proaches, each chosen based on the nature of the data to be saved. We izéid
the SharedPreferences approach, a tool that enables the storage of kegue
(KV) pairs comprising primitive values such as strings, integers, oating-point
numbers, or boolean values. SharedPreferences are commonly empldytor
saving information that does not require the complexity of a database. h our
application, we utilized SharedPreferences for storing simple dat such as the
current experiment number (IdExp) and a boolean value (therelsExperiment)
indicating whether there is an ongoing experiment. This approach engres that
when the app is reopened, the user is directed straight to the expament page
if an experiment is in progress.

To save more complex information, almost every app implements a local
database. In mobile app development with Flutter, the sq ite plugin is essential
for SQLite database management. It supports iOS and Android, o ering trans-
action control and batch operations for e cient database modi cations. The
initial phase of developing the database involves creating an Entity-Relationship
(E-R) diagram. A database follows a designated data model, particularly a
model designed for organizing data. Typically, a relational database is utized,
consisting of interconnected relations depicted as tables. Each tabl has its
schema and stores data instances. Designing a relational database invelvtwo
main stages: conceptual design and logical design.

Conceptual design results in a formal depiction of database requiremés
known as the Entity-Relationship (E-R) model. This model includes three key
elements: Entities, representing classes of objects with commocharacteristics
and independent existence; Relationships, indicating conceptl connections be-
tween two or more entities; and Attributes, describing basic properties of entities
or relationships. The schema should also specify cardinalities foragh entity in-
volved in a relationship and identi ers for each entity. Identi er s are de ned as
the set of attributes in the schema uniquely identifying instances of the entity.
The conceptual schema used for Glucas 2.0 is represented if fig.p.2.

We have two entities: "Experiment" and "Data". An experiment can gen-
erate from 0 to N data points, and each data point belongs to one and only one
experiment. The "Experiment” entity is de ned with "ID" as its p rimary key,
serving as the attribute uniquely identifying each row in the database. Addi-
tional attributes include "tStart," "TicoGlobal," and "stopped," which  hold in-
formation regarding the experiment's status. Conversely, attributes like "pzid,"
"pzGroup," "pzAge," "pzWeight," "pzHeight," and "typeOfClamp" are desig-
nated to store patient and clamp-related information. On the other hand, the
"Data" entity has "ID" as its primary key and "IdExp" as a foreign key. This
signi es that two data points with the same ID may exist, but they can not be-
long to the same experiment. The "Data" entity includes attributes related to
data such as "BG", "BG _time", "suggestedDose", "actualDose", "doseTime" ,
"sumError" , and "time _tic". Additionally, there are boolean values like "se-
lectedIsSuggested" and "isDoseAlreadylnserted" which aid in the isertion of
dose values into the database. The logical schema precisely and e eeély en-
capsulates all the information outlined by an E-R schema generated durig the
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Figure 6.2: E-R model on which the App database is based.

conceptual design phase. The elements of the E-R schema are transldteto
tables following speci ¢ rules determined by the cardinalitiesof the entities. In
summary, our app relies on two tables:

" EXPERIMENT (ID, stopped, ticGlobal, tStart, pzld, pzGroup, pzGen-
der, pzAge, pzHeight, pzZWeight, typeOfClamp)

DATA (ID, IdExp, BG, BG_time, suggestedDose, manualDose, timeTic,
doseTime, sumError, selectedlsSuggested, isDoseAlreadylnsede

6.4 App Work ow

In the following pages, we will outline the main features of Glucas 2.0 dr-
ing a typical run of the mobile application. Upon opening the app, the use
is directed to the "home" page, depicted in Fig[6.3, where they can irtiate a
new glucose clamp experiment. Upon pressing the "Create New Experimé'

button, the user is navigated to the "onboarding" page (Fig). Here, pa-
tient data is collected, and the user can select from three types oflamps. It
is worth noting that providing these details is optional, allowing users to nav-
igate without mandatory input. The only required information is the typ e of
glucose clamp and the ID of the patient. Although not strictly required for the
control algorithm itself, additional information such as age, height, and weght
can be helpful for physicians in assessing the most appropriate contr@ctions
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to take. The GDPR (General Data Protection Regulation) is a comprehensve
data protection regulation implemented by the EU in 2016, representingone of
the most extensive and progressive data protection regulations globallyEach
EU member state has adopted a national regulation on data protection compli-
ant with the GDPR. For example, in Italy, it is the DECRETO LEGISLATI VO
10 agosto 2018, n.101. The GDPR includes seven main principles, with the
"Data Minimisation" principle emphasizing that personal data should be ade-
quate, relevant, and limited to what is necessary for processing pposes. To
adhere to GDPR standards, the app avoids requesting unnecessaryath and
does not mandate their entry. Additionally, it refrains from soliciti ng sensitive
patient information, such as names or surnames, to prevent recognition ah
identi cation of individuals.

Subsequently, the user is directed to the "landing" page (Fid.6.p), vhich
serves as a transition screen before commencing the experiment.n€e ready,
the user can initiate the actual experiment by pressing the noticable button.

Figure 6.4: Onboard-
Figure 6.3: Home. ing. Figure 6.5: Landing.

When the experiment initiates, a pop-up alert dialog prompts the user to
input the blood glucose (BG) of the patient (Fig.6.6d). Although the default
insertion time is set to the current time, we have integrated theoption to adjust
the insertion time, providing users with enhanced exibility . Upon entering the
BG measurement (Fig) and pressing the "con rm" button, the dialog will
close. As depicted in Figurg6.6c, the experiment page displays twcharts: one
for BG measurements and another for glucose infusion. Notably, a value of
150 mg/dl has been incorporated into the rst chart. Furthermore, Fig.5.6d]
illustrates three additional measurements that have been includd.

For these glucose clamp experiments, we have con gured the samplingne
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@) (b) (© (d)

Figure 6.6: a) Measurement request. b) Measurement insertion. c) Bk of the
rst measurement. d) Plot of three measurements.

(@) (b)

Figure 6.7: a) Add measurement and doses button. b) Activate suggestion of
PID controller.
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Ts to be 5 minutes, consistent with the control algorithms discussedn Section[2.
Positioned above the charts is a timer set to 5 minutes. Once the ther expires,
it will reset, the pop-up dialog will reappear and the procedure repats. If the
user does not close the dialog or does not insert the measurement withone
minute the dialog will close automatically. It can be reopened using tle "add”
button. (Fig.f.7a). Below the two charts we nd two areas where the last BG
and glucose infusion value are displayed, togheter with the time of inartion.

Glucas 2.0 has two operating modalities for glucose infusion: suggestion
OFF and suggestion ON. The user can switch between modes clicking ¢h'sug-
gestion" button at the bottom-left corner of the screen. In the rst mo dality,
called "reading mode", the PID controller will not be active (Fig.. T his
mode simulates a scenario where a physician has taken some blood gise (BG)
measurements but has not yet initiated the experiment. In this ca®, which is
the one we have seen until now, after inserting a BG value the usehas the
possibility to manually administer intravenous glucose. Conversej, when sug-
gestions are activated, the dosage dialog will e ectively propose the outpt of
the PID controller (Fig.6.8b], which aims to bring the patient's blo od glucose
as close as possible to the reference value (depicted by the blackdiin the rst
chart). Upon selecting "con rm," the user accepts the suggested dosage a@h
administers it accordingly.

In Fig.p.9 we can see other 3 data points added to the charts. If the cliical
researcher wishes to administer a di erent quantity of glucose for ag reason,
they can do so by manually entering the dose in the text eld (Fig[6.10a) The
glucose infusion rate is then added in the second chart, in red the suggeed
GIR and in blue the actual dose (Fig[6.10p).

The experiment continues for its designated duration, typically laging be-
tween 180 to 240 minutes. In Fig.[6.1I]L, we can observe a simulation of a hy-
perglycemic clamp conducted using Glucas 2.0 (for convienence, the@mulation
is abbreviated).

In Figures [6.12 and[6.1B, we can observe brief simulations of a euglycemic
and hypoglycemic clamp, respectively.

By selecting the hamburger icon located in the top-left corner of thescreen,
the drawer will slide out, revealing the patient's data collected during the on-
boarding page ( g/6.14).

A strong feature of Glucas 2.0 is its ability to allow clinical researcters to
conduct more than one experiment simultaneously. By utilizing the "back" ar-
row located in the top-right corner of the screen (Fig[6.15p), the user an return
to the home screen (Fiq.6.15p). From there, the user can select any ongan
experiment from the list (6.15d), e ectively allowing experiments to run concur-
rently in the background. This ensures that timers, data points, and all other
features remain accessible and operational. The mobile application is d&gned
to be robust against crashes or closures. In the event of such occurress, when
the application is reopened, the experiment will seamlessly cdimue from where
it left o. This ensures uninterrupted progress and data integrity throughout
the experiment.

Once the experiment ends, the user can stop it with the "stop" red hutton
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(@) (b)

Figure 6.8: a) Alert dialog for entering the infusion in case of suggestionsurned
0. b) Alert dialog for entering the infusion in case of suggestions turned on.

Figure 6.9: Experiment (hyperglycemic clamp).
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(@) (b)

Figure 6.10: a) Dose dialog with administered infusion di erent from the sug-
gested one. b) Plot of administered and suggested glucose infusion.

Figure 6.11: Experiment (hyperglycemic clamp).
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Figure 6.12: Experiment (euglycemic clamp).

Figure 6.13: Experiment (hypoglycemic clamp).
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Figure 6.14: Drawer.

@) (b) (©

Figure 6.15: a) Back to home con rmation dialog. b) Homepage with "ongoing
experiments" button. c) List of ongoing experiments.
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in the bottom-right of the page (Fig..16a). Once an experiment is terminatd,
it will not be possible to add new data. Researchers can still access tthe
stopped trial by choosing from the list of "stopped experiments" in the home

page (Fig[6.16¢).

@) (b) ©

Figure 6.16: a) Stop experiment conrmation dialog. b) Homepage with
"stopped experiments" button. c) List of stopped experiments.

Finally, users can also delete stopped trials with the "Delete Stoppd Ex-
periment" button (Fig.6.17). This will erase the entire experiment from the
database.
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Figure 6.17: a) List of stopped experiments that can be deleted. b) Con mation
dialog for deletion. ¢) Con rmation message of deletion.
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Chapter 7

Conclusions and Future
Developments

The aim of this work was to design closed-loop strategies to assist phygans
in modulating glucose infusion rates during glucose clamp experimés. These
experiments are crucial for quantifying insulin resistance and -cell function-
ing, providing essential insights into metabolic health and potential treatment
strategies for conditions such as diabetes.

The rst contribution of this thesis involved implementing PID an d MPC
controllers in the four types of glucose clamps analyzed. We explored bbtthe
noise-free scenario, under ideal conditions, and the realistic scario, with the
presence of measurement noise. From the results obtained, we did natd a
controller that outperformed the others, except for the MPC with Unmeasured
Disturbance Estimator in the hyperglycemic clamp, as discussed irSection[5.3,
even if the other two controllers still achieved e ective control. For the other
types of clamps - euglycemic, hypoglycemic and ISO-IV - all three comoller
performed excellent and accomplished very similar results. For tls reason the
choice of a PID controller may be more suitable due to its simplicitycompared
to a MPC controller.

The second contribution involved the design of a Glucas 2.0, a mobile appl
cation developed in the Flutter environment. Glucas 2.0 aims to supprt clinical
researchers in hyperglycemic, euglycemic and hypoglycemic clampygeriments.
By providing a blood glucose measurement, the PID controller impémented in
the application gives a suggested glucose infusion rate.

As possible future developments, with regard to the control algorithmsde-
sign, several considerations can be made. First of all, the full UVA/Padoa Type
1 Diabetes Simulator could be used to implement the three controlles. In this
project the time was limited so we utilized a simpli ed version of it. Moreover,
testing the algorithms on healthy patients instead of diabetic ones coud give
meaningful insights in the analysis of insulin resistance and -cell functioning.
Another possible improvement could be to modify insulinization in euglycemic
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and hypoglycemic clamps, to speed up the process of lowering BG lels, leading
to a more in-depth evaluation of the performance of PID and MPC controllers
in these glucose clamps. Furthermore, conducting randomized contrdtials to
validate the proposed control strategies on real patients is essential. Ais step
would help validate the ndings obtained through in-silico simulation s and pro-
vide a clearer understanding of the e ectiveness of the controlles in clinical
settings.

The primary future development for Glucas 2.0 would involve integrating
the MPC controller into the application. Despite achieving similar performance
overall, the MPC controller in the hyperglycemic clamp demonstrated superior
performance. In terms of app functionality, several additions could ehance
user experience. For instance, enabling physicians to modify dat points in-
serted into the application would provide greater exibility and cu stomization.
Additionally, incorporating a feature for adding notes could be valuable br an-
notating and contextualizing data, enhancing the utility of the applic ation for
healthcare professionals. Finally, improving the user interface dsign to enhance
aesthetics and usability could be considered.
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