. mathematics

Article

Mathematical Modelling of Combined Intervention Strategies
for the Management and Control of Plasma Glucose of a Diabetes
Mellitus Patient: A System Dynamic Modelling Approach

Vincent O. Omwenga "*(, Vaishnav Madhumati 2, Kumar Vinay 3, Sathyanarayan Srikanta >

and Navakanta Bhat 2

check for
updates

Citation: Omwenga, V.O.;
Madhumati, V.; Vinay, K.; Srikanta, S.;
Bhat, N. Mathematical Modelling of
Combined Intervention Strategies for
the Management and Control of
Plasma Glucose of a Diabetes
Mellitus Patient: A System Dynamic
Modelling Approach. Mathematics
2023, 11, 306. https://doi.org/
10.3390/math11020306

Academic Editor: Mikhail Kolev

Received: 23 October 2022
Revised: 26 December 2022
Accepted: 30 December 2022
Published: 6 January 2023

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

School of Computing and Engineering Science, Strathmore University, Nairobi 59857-00200, Kenya
Samatvam Endocrinology Diabetes Centre, Bangalore 560041, India

Center for Nano Science and Engineering, Indian Institute of Science, Bangalore 560012, India

*  Correspondence: vomwenga@strathmore.edu

@ ON =

Abstract: With the rapid increase of diabetes mellitus cases in the world, management and control
of the disease has become a complex and highly dynamic process. This challenge requires a multi-
faceted approach to manage and control the complications associated with the hyperglycaemia or
hypoglycaemia conditions. This paper presents a mathematical model for determining the influence
of combined intervention strategies in the management and control for the plasma glucose of the
type II diabetes. System dynamics (SD) techniques were used in modelling the sub-compartments
of biological systems of an Identifiable Patient (IP). The system dynamic model developed gave
an illustration on how typical glucose-insulin dynamics occur at different intervention strategies
involving varying amounts of carbohydrates taken, intensity of physical exercises, stress levels and
the amount of exogenous insulin administered. The model was conceptualized within a semi-closed
loop system representing the patient ecosystem by extending the Bergman Minimal Model. Stochastic
differential equations (SDE) were used to capture the non-linear, continuous time varying interactions
of the measurements associated with plasma glucose-insulin dynamics. The estimated results from
the model showed combined intervention strategies of reduced amounts of carbohydrates intake,
reduced stress levels and varying moderately high-to-low exercise intensity at a constant unit of
exogenous insulin produced good plasma glucose levels control.

Keywords: diabetes mellitus; plasma glucose-insulin dynamics; stochastic differential equation;
Bergman Minimal Model; system dynamics model

MSC: 92-10

1. Introduction

Diabetes, commonly referred to as diabetes mellitus, is one of the rapidly growing
health concerns in the world [1,2]. It is considered to be a metabolic disorder disease caused
by either the pancreas not being able to produce insulin which leads to type I diabetes or
by insulin resistance developing near the body tissues on the glucose-regulatory action of
the insulin which leads to type II diabetes. The latter is the most common accounting for
almost 80% of the reported cases world-wide. In both type I and type 1I, the plasma glucose
levels are not within the normal range. The amount of plasma glucose is controlled by a
glucose homeostasis mechanism regulated by two hormones, namely insulin and glucagon.
Insulin is secreted by the (3-cells while glucagon is secreted by the e-cells found in the
Langerhans of the human pancreas [2].

For the body to function optimally, it requires optimal plasma glucose levels. The opti-
mal plasma glucose levels fall within a very tight range of between 70 mg/dL
((3.90 mmol/L) and 110 mg/dL (7.00 mmol/L) [3]. Maintaining this ranges is essential in

Mathematics 2023, 11, 306. https:/ /doi.org/10.3390/math11020306

https://www.mdpi.com/journal /mathematics


https://doi.org/10.3390/math11020306
https://doi.org/10.3390/math11020306
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-9443-500X
https://doi.org/10.3390/math11020306
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math11020306?type=check_update&version=2

Mathematics 2023, 11, 306

20f17

the management and control of diabetes. It also aids in delaying the onset of long-term
complications caused by hyperglycaemia (>120 mg/dL (7.00 mmol/L)) or hypoglycaemia
(<70 mg/dL (3.90 mmol/L). In the case of hyperglycaemia, the glucose molecules diffuse
into the p-cells leading to an increase of the ratio between adenosine triphosphate (ATP)
and the adenosine diphosphate (ADP) inside the 3-cells that will cause an increased release
of insulin [4]. Insulin resistance and an inadequate secretion of insulin hormone among
diabetics are considered to be causal factors of hyperglycaemia. Insulin resistance occurs
when the (3-cells in the liver, muscles and adipose cells become less sensitive to the insulin
hormones [5]. Due to this, any consumption of food rich in carbohydrates causes elevated
levels of plasma glucose. The interaction between the insulin released and the glucose
molecules leads to usage and storage of excessive plasma glucose in the liver, adipocyte
tissues and skeletal muscles [5].

On the other hand, glucagon resistance leads to hypoglycaemia. Glucagon occurs
when there is a limited response to the glycogenolysis and gluconeogenesis actions by
the glucagon receptors in the o«-cells. The risk factors associated with hypoglycaemia
includes kidney diseases, prolonged fasting and excess endogenous insulin secretion [6].
Other causes are insulin overdose and drugs used to treat diabetes mellitus [7]. When
hypoglycaemia occurs, the 3-cells are considered to be inactive causing an elevation of
ATP to ADP ratio inside the c-cells which leads to the release of glucagon hormone that
stimulates glucagon receptors in the kidney, liver and adipose tissues [4]. The role of
the glucagon receptors is to maintain the plasma glucose homeostasis by regulating the
glycogenolysis and gluconeogenesis processes [8]. A failure in this regulatory process leads
to the plasma glucose levels that are outside the normal range leading to complications
experienced by diabetic patients.

It is also noted that there is a link between stress and type II diabetes mellitus [9]. This
could be explained by the fact that some reactions by human beings to a stressor include
developing unhealthy lifestyles—for instance, eating disorders. Moreover, the physiological
changes that occur due to stress may affect the neuroendocrine and immune systems [10].
In the neuroendocrine system, a stressor causes the hypothalamus in the hypothalamo—
pituitary—adrenal (HPA) axis to secrete corticotropin-releasing factor, which prompts the
release of adrenocorticotropic. The adrenocorticotropic causes the adrenal cortex to secrete
glucocorticoid hormones—specifically, the cortisol. The cortisol is considered to be one of
the factors influencing the glucose metabolism and other metabolism processes including
the breakdown of lipids, carbohydrates and proteins. It also leads to a rise of the plasma
glucose levels by stimulating the hepatic gluconeogenesis while inhibiting the insulin
actions [11]. The glucose released by the hepatic gluconeogenesis process, if not used,
remains in the bloodstream leading to a rise in plasma glucose.

Therefore, a constant monitoring of the plasma glucose levels using glucometers by
diabetes patients is needed. This approach is commonly used to ensure corrective interven-
tions if any are instituted promptly whenever a significant deviation from the acceptable
plasma glucose ranges is noticed. Some of the interventions include oral medication and
insulin therapy, which involves the subcutaneous insulin injection at prescribed dossal
units at regular time interval. For the accepted target to be realized, a strict adherence to
monitoring and the institution of prescribed interventions are necessary. However, the
constant monitoring of the plasma may sometimes fail due to factors beyond the control of
the patient leading to complications such as retinopathy, neuropathy, comatose and dizzi-
ness. To overcome these challenges, scientist have developed mathematical and computer
simulation models for the prediction of plasma glucose dynamics and trajectories based on
the characteristics of insulin secretion and glucose utilization. Most of these models are
designed to simulate the glucose-insulin dynamics in vivo [12]. A number of these models
are based on Ordinary Differential Equations [13,14], Delay Differential Equations [15],
Partial Differential Equations [16] and Stochastic Differential Equations (SDE) [17]. The
underlying mathematical foundations of the developed system dynamics model is the
SDE. SDE has been adopted due to its ability to capture non-linear, continuous time mea-
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surements in a more reliable manner, and its robustness in using maximum likelihood
estimation techniques [17]. SDE is also able to model the random noise associated with
system variables due to inherent uncertainties through the Weiner process term which
models process diffusion.

A better prediction of the plasma glucose level trajectories using mathematical models
requires proper understanding of the causal factors. Furthermore, modelling and determi-
nation of the glucose-insulin actions are complex and require a complete understanding of
the glycaemic profile of an individual including the glycaemic disturbances and patient
behaviour [18]. Moreover, the typical glucose-insulin models contain sub-compartments
including the glucose model, insulin deliver model, gastro-intestinal tract, muscle and
adipose tissue and the liver model; but a complete human glucose-insulin is influenced by
many more biological systems and processes. Some of the factors that influence plasma
glucose and, hence, the biological systems include the amount of carbohydrates ingested,
the level of physical exercises, the physiological state of the person (stress), the body weight
(BW) of the person, the genetic disposition of the individual, the metabolic characteris-
tics of the individual, their familial history, the gestational diabetes, their life style, their
knowledge of the diabetes and the access/availability of health services, among other
factors. Therefore, understanding individual information such as risk factors is key in
the development of glucose-insulin simulators since they provide an effective means of
identifying diabetes complications [19].

In this study, the focus was on modelling the combined effects of the amount of
carbohydrates ingested, the intensity of the physical exercise, the stress levels and the
insulin therapy as the intervention strategies on the management and control of glucose
dynamics of a diabetes population stock. Through this study, a clear understanding on the
contribution in the management of diabetes is demonstrated. The study is conceptualized
on a diagnosed diabetic state of the population stock assuming a dynamic state of a
diabetic patient. This is because diagnosis is vital in the management and control of the
risks associated with extreme glucose levels, both hypoglycaemia and hyperglycaemia.
Moreover, diagnosis will determine the management interventions to be put in place.

2. Materials and Methods

A System Dynamics Modelling (SDM) has been adopted to build the model for deter-
mining the effect of the diabetes management and control intervention strategies involving
meals, physical exercise, stress and insulin administration. The SDM is considered to be
reliable in modelling complex health systems [20]. Moreover, it provides a mechanism of
understanding the dynamical changes that occur in a complex situation, such as health,
with a focus on analysing the cause-and-effect relations [21]. It also offers a whole-system-
thinking approach that provides an understanding on how the interplaying factors interact
and influence each other.

In SDM, causal and loop diagrams (CLDs) are used to demonstrate the interaction
between sub-systems. CLDs are also used in analysing the feedback effects among the
sub-systems and to show the interconnection between the state variables following the
Markovian-linked chain paths approach. Furthermore, a Reinforcing-loop type of CLD
is used to show the directional effect (the stocks and flows) of the head variables. In this
study, meals, physical exercises and insulin administration are modelled as substantive
system states while stress is modelled as a pseudo-system state since it can occur co-jointly
with the other sub-systems using CLD.

Since the management and control of diabetes is a time-dependent process that occurs
in a continuous manner, the SDM model is developed to capture the variables” changes
within sub-systems over a time period using Stochastic Differential Equations (SDEs). A
random noise seed is also introduced to handle the time-dependent perturbations that
will accompany the variables. The stocks and flows are measured per time units [20,22].
Therefore, the general SDE that describes the glucose-insulin dynamics involving the stocks
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and flow rates (inflows and outflows) of plasma glucose and insulin in the blood system is
represented by the following:

dx(t) = f(x(t), u(t), t, 0)dt+ o(u(t), t, 6)dw 1)

y; = g(xi, uj, t, 0) + ¢ 2)

where x(t) is a continuous time-dependent system that describes the glucose-insulin dy-
namics, f(x(t), u(t), t, 0) is drift component, o(u(t), t, 6)dw is the diffusion component,
y; is an observation for the glucose-insulin dynamics in a state given u; inputs, 0 is the
system parameters and ¢; is the random noise term.

Equation (1) captures the system perturbations as a result of the diffusion term of the
model. In this study, we modelled the physiological perturbations that occurs as stochastic
behaviours due to meals taken, physical exercises, stress levels and insulin injection as part
of the system parameters. The error term in the system observation equation provides a
measure for uncorrelated system errors that are likely to occur in the case of randomly
occurring events.

The model is built on certain assumptions about the future based on the current inter-
vening variables. For purposes of modelling in this study, the interventions are assumed
to exhibit current characteristics in the near future. This assumption only offers a starting
point for future predictions and policy analysis but can be varied. Other assumptions con-
sidered in this study include the following: insulin is infused exogenously into the system,
and, therefore, the study considered an insulin-dependent patient; ingested food has a
direct effect on the plasma glucose concentrations; physical exercise intensity influences the
plasma glucose concentrations and decreases linearly after attaining a certain maximum
value; and plasma glucose levels are influenced by the stress severity levels which is inter-
twined with other state variables. Applying these assumptions and borrowing from [12]
on the Bergman Minimal Model, the glucose dynamics as a consequence of carbohydrates
ingested, physical exercises intensity, stress level and exogenously infused insulin, the
sub-systems interactions are mathematically presented as follows:

dlg; 1 (Ln
dt P1 (Icl * - Ol ( )
dl,; 1
pi
dt — P2 (1 +8) (i — Ipi) —Iy)dt+ o1, dw? @)

where I; is the subcutaneous insulin concentration (mU/L), I; is the plasma insulin con-
centration (mU/L), I, is the exogenous insulin infusion rate mU /min to the subcutaneous,
s is the stress levels, I;; is the rate of insulin removal from the circulatory system as a result
of exercise-induced physiological changes (mU/(L/min)), o is the scaling parameter for
the diffusion term, dw; represents the Wiener process which has Gaussian distribution
characteristics and I, p; and p, are other system parameters defined in Table 1.

Equations (3) and (4) describe the plasma insulin and subcutaneous insulin pharma-
cokinetics. Equation (4) is modified from the original Bergman Minimal Model to include
the terms for measuring the effects of exercise and stress on insulin levels in the plasma as
a result of exercise and/or stress-induced physiological changes. It is also recognized that
physical exercise improves insulin sensitivity [23] and stress decreases plasma insulin [2].

Figure 1 depicts the diagrammatic representation of the flow of glucose and insulin
with associated interactions that take place in the extended Bergman Minimal Model com-
partments.
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Figure 1. Modified Bergman Minimal Model.

From Figure 1, dynamics interactions between insulin and glucose within the various
subsystems are represented mathematically as follows:

dI
dif =Tgr (SS'Ipi — Ie)dt + 0‘19(1(1)3 (5)

de . CAIZ w

== (Ie.cp +EGpr(1+3) + —2 + ((Gpa = Ggp) = Gu) |dt+ 06, dws (6)

where I, measures the effect of insulin on glucose transportation min~!; Sy is the measure
of insulin sensitivity (1/(mU x min)); Gp, is the amount of plasma glucose (mmol/L);
EGyyr is the rate of production of the endogenous glucose when the patient has stress or
no stress (mg/ (L x min)); CAyp is the amount of carbohydrates absorption delayed in a
compartment (mg); s is the factor for the stress levels; w is the weight (kg) of the patient,
Gpq is the rate of hepatic glucose production due to meal, exercise and stress; Ggp represents
the rate of glycogenolysis decline due to pro-longed exercise; and Gy, is the rate of glucose
uptake during exercise. Tg;, volgg and py, are other system parameters described in Table 1.

The effect of meals on the plasma glucose is dependent on the amount of carbohydrates
ingested, the glucose distribution volume and the constant associated with carbohydrates
movement. This effect is, therefore, mathematically represented in a two-stage compart-
mental model [24]:

dGAH o (Cab.CaI) GAH
T ( VOlgd o dt + oG, dws (7)
dGA GA GA
2 _ ( n_ Iz)dt—i— ol dws; (8)
dt Pm Pm

where GAy; represents the amount of carbohydrates absorbed (mg), GAp, is the amount
of carbohydrates absorption delayed in a compartment (mg), Cay, is the bioavailability
associated with the carbohydrates ingested and Cay is the amount of ingested carbohydrate
per minute (g/min).

According to a study by [24], the rates of hepatic glucose production G4, glucose
uptake Gy and plasma insulin removal I; as a result of physical exercise is represented by
the following:

dGpq

“at = (1‘1 Ecmax — rz.Gpd>dt + O'C;pddwg )
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dGy
dt
dl;
dt
dEcmax
dt

= (r3‘Ecmax — I'4.Gu)dt + O'Gudwg
= (r5~Ecmax — 1'6.Ir)dt + O'Irdwlz

= (O.S.Ein — O.S.Ecmax)dt + UEcmaxdwll

(10)

(11)

(12)

where Ecmax is @ measure of the maximum exercise capacity level. Other parameters are
described in Table 1.

It is also noted that the rate of glycogenolysis (Ggi (t)), which influences glucose-insulin
dynamics as a result of physical exercise, starts to decline at a certain maximum value
Gglmax and is dependent on exercise intensity and duration of the exercise [25]. This can be
represented mathematically as follows:

Gglmax = E(t)inTgl (E(t)in)

where T

gly

(13)

is the duration of exercise performed at exercise intensity (E(t),,) before the
start of decrease in hepatic glycogenolysis [7,25].

The exercise intensity is also expected to decline over time following a linear fit [25]
represented by the following:

87471 — Ty
EMin = —115

(14)

Therefore, substituting Equation (14) in Equation (13) gives the maximum value upon
which glycogenolysis is likely to start to decrease as follows:

2
Gglmax = —1.1521[E(t);,]” + 87.471 E(t),, (15)
We, therefore, model Ggi(t) as follows:
dGy Gy
g glmax
— = (15— dt+ oG dw 16
it (g C. ) + oG, dwig (16)
where rg and C; are parameters described in Table 1.
Table 1. Parameters of the SDE model.
Parameter Unit Description Range References
Iy L/min Insulin clearance from the 0.54-2.01 [26]
subcutaneous rate
o1 min Time in 11.1$uhn m9vement action due to 40-131 [26]
an increase in subcutaneous
0 min Time in 1'nsuhn movement action due to 10-70 [26]
an increase in plasma insulin
Ty min- 1 Time del.ay ratio in 2.1Ct101‘.1 of insulin due to 8.14 x 10-3-2.23 x 10-2 [26]
an increase of insulin in plasma
on min Maximum time for. carbohydrate Fixed at 107 [24]
absorption
r mL/ (kg x min) Rate of oxygen consumption during 13 % 10-3-1.9 x 10-3 [27]
glucose production
3 min—! Glucose production rate 441 x 1072-6.7 x 1072 [27]
s mL/ (kg x min) Rate of oxygen consumption during 15 % 10-3-2.4 x 10-3 [27]
glucose uptake
Iy min~! Glucose uptake rate 3.55 x 1072-6.17 x 102 [27]
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Table 1. Cont.
Parameter Unit Description Range References
r5 mU/(mL X min) Insulin clearance rate due to exercise 1.0 x 1073-15 x 1073 [27]
re Rate of 1.nsuhn removal from the 588 x 10-2-9.12 x 10-2 [27]
circulatory system
Ig mL/ (kg x min) Rate of change of glycogenolysis 8.5 x 1073-1.31 x 102 [27]
C Time constant required for glycogenolysis 1.86-10.14 [27]
to return to basal value
S L/(mU x min) Insulin sensitivity 9.64 x 1075-1.73 x 1073 [26]
EGpr mg/(dl x min) Rate of glucose production 6.0 x 1071-3.45 [26]
Volgg dl/kg Mean volume of glucose distribution 1.93-4.14 [26]
Cayp Dimensionless Carbohydrates bioavailability Fixed at 0.9 [26]

Equations (3)-(16) represent the plasma glucose-insulin dynamical interactions within
the various subsystems shown in Figure 1. The equations are used to estimate the observ-
able stock flows from and into the subsystems to predict the plasma glucose levels. The
observation equation measuring the aggregate observations of the stock flows with an error
term to account for any variabilities due to uncertainties and system imperfections is given
by the following:

Y, = Gp +exp (eGP), exp (eGP>€N(O, SGP) (17)

where eg, represents the errors measurements which are assumed to be identically inde-
pendently distributed (iid), SGp denotes variance measurement of the noise associated with
the plasma glucose measurements.

To validate the mathematical models of the stocks and flows of the plasma glucose
and insulin dynamics in the blood system, a SDM was developed using the Vensim®PLE
software version 7.2a, Ventana Systems Inc, Harvard, MA, USA, 2018. Figure 2 shows the
SDM of the causal interaction structure of the system dynamics for the plasma glucose
control and diabetes management strategies. It depicts the stock inflows and outflows in-
teractions in a semi-closed system loop involving the meals, exercise, stress and exogenous
insulin. In the SDM model, the stocks that represent subsystems of the glucose-insulin
dynamic system are identified in boxes and the flows that represent the input parameters
are identified by arrows (pipes).

Equation (6) was used to test the influence of exogenous insulin, meal, physical
exercise and stress on the plasma glucose. The outcome of Equation (6) is identified as a
stock of labelled plasma glucose levels in Figure 2. The input parameter components of the
Equation (6), which included exogenous insulin, stress, meals and physical exercises, were
estimated using the various model equations implemented in the simulated SDM as follows:
the exogenous insulin input parameters (Ie.Gp) were computed using Equation (5) that
gave the rate of insulin uptake % and the amount of plasma glucose Gy, recorded which
is used to measure the amount of insulin to be administered; the stress input parameters
(EGpr(1+s)) were estimated as a scalar factor for the reason that stress was implemented
as a pseudo sub-system in the SDM due to its direct influence on the rate of production of
exogenous glucose and the rate of plasma insulin change occurring at the same time [28];

the input parameters for meals (%) were estimated using Equation (7) and Equation (8)
whose output is captured as plasma glucose due to carbs in the SDM representation in
Figure 2, while the input parameters of physical exercise (ﬁ ((Gpd - Ggp) - Gu))

were computed using Equations (9)—(16) with the influence of physical exercise on plasma
glucose captured as glucose due to exercise in Figure 2. The scaling parameter for the
diffusion term oj and the Wiener process factor dw; were used to give Equation (6) the
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Gaussian distribution characteristics. The result of Equation (6) which formed the input
parameter G, of Equation (17) was used to compute the predicted plasma glucose value
VG, while taking into consideration the uncertainties and system imperfections estimated

as exp (egp) in the equation.

—m—— M
s Sore2 rdteof emptying Subcutaneous
CatsBoaraly UM Byerusinuin
Inguiin leaance:
Jull
SomeGi1 beta
e Isinefet T iy rain ¥ sirs
Insuin sesiivity Reeof
Shoutaneous
Catbs Ingested inulin change:
faf-time
Tineforcab Reteof effectof
Mea volumecf soin i
Juoosedit. genetalion fromeels
Sqrees ‘\nmhm\
glucoseleve el 4%:(:)
Reeof aostion ) 4:2‘—@
I £
Q = i Raedfinkinertyy
‘ Reteof nsulin
Endogenous Glose Uplde
producton ateat Zero Glucose 0
Insulin N 1 )
Reteof plasira Las Pasmaglucose signele Raepf%rra
Jucoseduetocats dielocats gﬂ; Iglhnchange
leves / \\
Reteof Endgenous Sgrelp
Guwsetggfgmdue Durion of ecise 4——————— - fimer 42%:Q nsuinremoid e hsuin
e
SqraPG e
f 1
) WEGHT Beisenensly
Estimeted stress I i
levels Quoose producto
sigmaGpd
Beroise Capcy Besetype
=i ’ -
Raeof gl Exercise N o
‘/wdmunjm Gumu 0 Beriseintensty
eeoise e
Réedf chagein e sqrey
exercise capeclty
19
13 Reteofql Reteof é
Someke eof glucose . o
? " conversion o energy Gymgmo\ysxs\
f Gueoseuptakeleve ey Glyoogenolysisevel

Figure 2. Model of the semi-closed causal loop diagram of the interaction between meal, physical

exercise and stress in glucose-insulin dynamics.

To compare the performance of the proposed model, different values of the input
parameters in the various equations and other parameters were used to generate simulated
results using the SDM in the Vensim®PLE software version. The computations on the
various model equations were to give the feedback, accumulation of flows into stocks
and the time delays of the SDM. The final results of the predicted plasma glucose values
obtained through Equation (7) at the end of the interactions of the model equations were
compared with those recorded by the CGM to validate the model. The outcome of the
dynamic interactions of the feedback, accumulation of flows into stocks and the time delays
in the model provided an indication of the current system state’s behaviour when current
input parameter values are entered into the simulated model. Using the generated current
state behaviours, future predictions can be made by varying the model parameter values.
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3. Results and Discussions

Validation of the mathematical models of the plasma glucose-insulin dynamics, as
depicted in Figure 1, followed a series of tests which included analysis on both the structural
and behavioural patterns. The structural tests were conducted to ascertain the real-world
dynamics of the system interactions and to check if the theoretical foundations of the
sub-systems are correctly mapped into the models. The tests involved confirmation of
the interaction effects of the various model parameters on the anticipated outcomes. It,
therefore, required the verification of both the parameters and the structures that were
used in the model by comparing them with the existing literature [1,29]. The behavioural
validation sought to examine the characteristics of the behavioural patterns of the outputs
from the model. The numerically simulated behavioural patterns were compared with the
expected, real-world data’s behavioural patterns.

An analysis to evaluate the behavioural performance of the model was conducted
by examining the Autocorrelation function (ACF) for the standardized residuals and the
one-step predictions using the maximum likelihood ratio tests. ACF was used to examine
the independence of observations. Figures 3 and 4 illustrate the ACF for the plasma
glucose residuals recorded in the first 24 h of the experiment for the 24-hour plasma glucose
residuals and the 4-day consecutive plasma glucose residual measurements, respectively.

ACF for 24 hours Plasma Glucose Residuals

Lag (Hour)

Figure 3. ACF for first 24 hours’ plasma glucose residuals from the SDE model.

ACF for 4-days Plasma Glucose Residuals

Lag (Hour)

Figure 4. ACF for four consecutive days’ plasma glucose residuals from the SDE model.
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The two ACFs show that the yG, residuals are uncorrelated and are, therefore, con-
sidered independent at a 95% confidence level for the observations recorded on the type
II diabetes patient. The one-step prediction of the plasma glucose outputs using the pro-
posed model are presented in Figures 5 and 6 for the first 24 h and the 4 consecutive days’
observations, respectively.

|p redicted
[ N/
= R V.Y
"“ J A ’: .‘-.‘,“ \
T T T T T
200 400 600 800 1000

Time (Minute)

Figure 5. CGM observed and one-step predicted values trend for plasma glucose for 24 h on the first
day of the experiment.

‘ CGM Observed
Predicted

1000 2000 3000 4000 5000
Time (Minute)

Figure 6. CGM observed and one-step predicted values trend for plasma glucose for four consecutive
days.

From Figures 5 and 6, the predicted values are within the acceptable range in the first
24 h of the experiment and in the four (4) consecutive days of the experiment. However,
the sensitivity of the model seems to improve with more data as shown in Figure 6.

After confirming the behavioural performance of the model, different simulation
runs were conducted on a Vensim®PLE simulation environment to further analyse the
predictive ability of the model to estimate the overall plasma glucose given different
diabetes management strategies. Table 2 presents a selected sample of outputs from the
base run (the initial conditions) and simulation runs using clinical data from an IP at varying
intervals of diabetes management and control intervention strategies. In this study, the base
run refers to measurements of the glucose dynamics as recoded by the Continuous Glucose
Monitoring (CGM) device while the diabetes management and control innervations refer
to strategies involving carbohydrates intake, physical exercise intensity, stress levels and
exogenously administered insulin. The CGM was done using Abbott FreeStyle® Libre
Pro device (also referred to as Flash Glucose Monitoring (FGM)/Ambulatory Glucose
Monitoring (AGM) System), Abbot, Chicago, IL, USA, 2016. The CGM sensor measured
interstitial (in between the cells) plasma glucose and provided patterns and trends data
that assist in making clinical decisions. The components of Abbott FreeStyle® Libre Pro
device include a sensor that is inserted just under the skin into the subcutaneous tissue and
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lasts for 14 days (and gives calculated blood glucose readings every 15 min). The World
Health Organization Well-being (1998 Version) tool was used to assess the stress levels of
the patients during the study period.

Table 2. Selected simulated plasma glucose output at different intervention strategies.

Experimental and Modelling Average Plasma

Input Variables and Measurements Standard Deviation

Strategies Glucose (mmol/L)
Average carbs (grams) (120)
Base Run: Scenario 1 Average exercise intensity (min’l) 9.22 1.875
No alteration of routine (Moderately high to low)
Stress level (0.15)
Average carbs (grams) (200)
Scenario 2:
Increase both carbohydrates and Average exercise intensity (minfl ) 12.04 2.016
stress levels while holding the (Moderately high to low)
exercise at base run levels Stress level (0.5)
Average carbs (grams) (120)
Scenario 3:
Lower the stress level, maintain Average exercise intensity (milff1 ) 8.95 1.871
both carbs and exercise intensity at (Moderately high to low)

base run levels Stress level (0.1)

Average carbs (grams) (80)

Scenario 4:
Lower the carbohydrates, maintain Average exercise intensity (minfl ) 8.14 1.831
the stress level and the exercise (Moderately high to low)
intensity at the b level:
intensity at the base run levels Stress level (0.15)
Average carbs (grams) (80)
Scenario 5:
Lower the carbohydrates and the Average exercise intensity (min_l ) 7.86 1.827
stress levels, maintain exercise at (Moderately high to low)

base run levels Stress level (0.1)

Average carbs (grams) (120)

Scenario 6:
Lower the exercise intensity, Average exercise intensity (mirf1 ) 919 1.878
maintain the carbohydrates and (Moderately low to zero) . .

stress at the base run level Stress level (0.15)

A 24 h base run observation of the plasma glucose of the type II IP using the CGM was
conducted. The recorded data gave an average of 9.22 mmol/L as shown in Table 2. This
was considered above the set targets for the patient but was used as the initial value for
predicting the potential plasma glucose trends. Figure 7 shows the plasma glucose profile
levels for the patient generated using the proposed model considering the initial conditions
(base run values).

The base run results were used to calibrate and check on the performance of the
mathematical model as implemented using the SDM in Figure 2 to estimate the plasma
glucose levels at different input parameters. Using the base run input parameter values,
different simulation runs involving different intervention strategies in the management and
control of diabetes were conducted. Table 2 shows the experimental estimated values of
the average plasma glucose levels at varying input parameter values and different diabetes
management and control intervention strategies as generated by the model.
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Figure 7. Plasma glucose levels of a type II diabetic patient using base run data from the CGM.

Table 2 gives the input parameter values for the different strategies for the management
and control of diabetes. Using the input parameter values, different plasma glucose trends
using the proposed mathematical model were generated. These trends are discussed in
case 1 to case 5.

Case 1: Increasing carbohydrates and stress levels while holding the exercise at base
run levels

The findings from the simulation runs analysis show the amount of carbohydrates
taken and stress levels are closely associated with the plasma glucose levels” dynamics. It
was observed that a 33.33% decrease in the amount of carbohydrates ingested while main-
taining the base run levels of stress and exercise intensity led to a decrease of glucose level
by 11.71%. This outcome is supported by previous studies that showed the amount of meal
and, therefore, portion of carbohydrates ingested will have corresponding impact on the
plasma glucose [12,30]. Figure 8 shows the plasma glucose profile of the simulated results
from the intervention strategy involving the reduction of the amount of carbohydrates
consumed below the base run values.

Plasma Glucose levels
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Figure 8. Plasma glucose levels using identified parameters for the extended Bergman Minimal
Model for a type II diabetic patient with a 33.33% increase in amount of ingested carbohydrates.

Case 2: Lowering the stress level while maintaining carbs and exercise intensity at base
run levels

Similarly, a reduction in the stress level by 33.33%, while holding other intervention
strategies at base run levels, led to a decrease in the glucose level by 2.93%. This finding
affirms previous studies on brain glucose homeostasis and associated effects on plasma
glucose levels. It underscores previous knowledge on the impact of stress on the metabolic
processes [28]. For instance, stress is associated with the energy mobilization trigger for the
fight-or-flight responses. This, consequently, influences the stimulation of glucocorticoid
hormones which leads to increased plasma glucose concentrations in the blood stream
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system. It is also noted that high stress levels will have an effect on pancreatic glucagon
production as a result of the influence of high stress on catecholamine [28]. An increase in
catecholamine could lead to an increased glycogenolysis and gluconeogenesis in the liver.
During this time, the insulin levels are considered to drop thereby causing an increase in
hepatic glucose production [28]. Figure 9 shows the simulated results profile of the plasma
glucose levels when stress level is reduced while maintaining the amount of carbohydrates
ingested and the intensity of the physical exercise at the base run levels.
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Figure 9. Plasma glucose levels using identified parameters for the extended Bergman Minimal
Model for a type II diabetic patient with a 33.33% reduction in stress levels.

Case 3: Lowering carbohydrates, while maintaining the stress level and the exercise
intensity at the base run levels

A change of the exercise intensity from moderately high to moderately low and/or
near zero while holding both the carbohydrates and stress levels at the base run levels
led to a decrease in plasma glucose levels by 0.33%. The minimal decline in the plasma
glucose due to physical exercise is supported by previous studies that notes an increased
hepatic glucose release due to enhanced glycogenolysis during the physical exercise period.
Glycogenolysis activities are aimed at regulating the plasma glucose homeostasis. The effect
of the physical exercise is also influenced by the oxygen intake rate and the duration of the
exercise upon which a certain intensity is maintained. This, therefore, means that physical
exercise is dependent on other factors which needs further investigations. Figure 10 shows
the result of lowering exercise intensity while maintaining the amount of carbohydrates
and stress levels at the base run levels. From the graph, episodes of swing of plasma glucose
from high levels to low levels are evident. This illustrates poor attainment of control of the
plasma glucose.

Plasma Glucose levels
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Figure 10. Plasma glucose levels using identified parameters for the extended Bergman Minimal
Model for a type II diabetic patient with reduction in the physical exercise intensity.
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Case 4: Lowering carbohydrates and the stress levels, while maintaining exercise at
base run levels

A combined reduction of amounts of carbohydrates intake and stress levels each
at 33.33% while maintaining the exercise intensity at the base run levels led to a 14.75%
reduction in the plasma glucose levels. This strategy had a relatively lower variability
in the recorded plasma glucose levels over the time intervals. This implies a moderately
good glycaemia control is achieved. Figure 11 shows the trend in the plasma glucose with
a reduced amount of carbohydrates and stress levels while maintaining high intensity
exercise. The trend demonstrates a highly controlled plasma glucose profile. From the
graph, the variability of the observed values is small, indicating a good control of the
plasma glucose-insulin.

Plasma Glucose levels
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Figure 11. Plasma glucose levels using identified parameters for the extended Bergman Minimal
Model for a type II diabetic patient with reduction of 33.33% in both the amount of carbohydrates
taken and stress levels while holding physical exercise intensity at the base run level.

Case 5: Increasing carbohydrates and stress levels, while maintaining the exercise in-
tensity at the base run level

An increase in both the amount of carbohydrates intake and the stress level by 66.67%
and 233.33%, respectively, while holding the exercise intensity at the base run level resulted
in an increase of 30.59% in the plasma glucose levels. This scenario also had the largest
variability in observed plasma glucose values. This means that the glucose management
and control could be difficult as the glucose levels swing from one extreme values to
the next. This, therefore, means that the corrective intervention will be both to regulate
carbohydrates intake and to manage stress levels. Figure 12 shows the simulated outcome
of the increased amount of carbohydrates and stress level while holding the physical
exercise at the base run.

Plasma Glucose levels

M\J«J ’\/Wv\\/\/\fﬁ\/w M\M‘WW\

10

Plasma Glucose (mmol/L)

W

W

o 100
Time (Minute)

Figure 12. Plasma glucose levels using identified parameters for the extended Bergman Minimal
Model for a type II diabetic patient with an increase of 66.67% in the amount of carbohydrates is
taken with an increase in stress levels by 233.33% while holding physical exercise intensity at the base
run level.
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From the simulated experimental runs, the best plasma glucose control levels for
the type II IP patient are estimated to be attained when both the carbohydrates portion
and stress levels are reduced below the base run values while maintaining moderately
high to low physical exercises intensity as illustrated in Figure 11. This combination of
interventions strategies is estimated to give an average of 7.86 mmol/L which will be within
the set target for the IP patient. It also projects the achievement of the least variability in
the recorded observations of 1.827. This indicates that the patient will have better control
of the plasma glucose levels.

4. Conclusions

Whereas the consequences of insulin resistance or the damage of 3-cells due to plasma
glucose concentration is known, a complete understanding of the root cause of hypergly-
caemia or hypoglycaemia in diabetes patients is vital for overall management and control
of the plasma glucose. A numerical analysis of the relationship between plasma glucose-
insulin dynamics and the most common diabetes management and control intervention
strategies is modelled in this study.

The study tries to expand the knowledge about the effect of carbohydrates, exercise
and stress as causes of plasma glucose changes in diabetes patient. It also offers an under-
standing on how to select the best combined intervention strategies for good management
and control of the plasma glucose. The parameters for plasma glucose changes were formu-
lated and simulated. The parameters were used to analyse the influence of carbohydrates,
exercise intensity and stress level as factors that lead to plasma glucose changes. To under-
stand the influence of each factor on plasma glucose, sensitivity analysis of the parameters
was conducted. Even though plasma glucose was observed to be sensitive to the insulin
uptake rate, the sensitivity indices of other parameters were also observed to cause differ-
ent plasma glucose concentrations. The parameter combinations with sensitivity indices
leading to expected plasma glucose targets for a patient were considered to be the best
management and control strategies.

In this study, many input parameters representing different conditions are considered.
Some of the input parameters’ values are, however, difficult to measure in practical terms.
This may limit the applicability of the proposed model in real-life situations—for example,
predicting hyperglycaemia or hypoglycaemia in a patient’s blood system. We, therefore,
recommend more investigation on the relationships between the parameters themselves
which are considered in each factor. Analysis on the performance of the proposed model
was limited to a small set of data and to type II diabetes, more in vivo and in vitro studies
are needed to examine the contribution of different parameters in each condition and to
determine the effect of each input parameter value on the overall plasma glucose.
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