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The goal of this paper is to propose a new mathematical model for the combined effect of different treatments
and lifestyles on the glucose-insulin dynamics of Type 2 diabetes (T2D) patients. The model gives the possibility
to take into consideration physical activity, stress, meals, and medications while evaluating or designing treat-
ment plans for T2D patients. The model is proposed by combining and modifying some of the available models in

the literature. Simulations were performed for the modifications to show how the model confirm with literature
on T2D patients. Additionally, a discussion is provided to demonstrate the ability of the model to be used in the
assessment of treatment plans and in the design for robust insulin dose guidance algorithms. An open source code
for the model is additionally provided.

1. Introduction

One of the greatest health challenges which faces humanity in the
21st century is the emergence of type 2 diabetes (T2D) as a global
pandemic. More than 463 million were reported to suffer from diabetes
in 2019 and the number is expected to reach 700 million by 2045 [15].
Moreover, the global expenses related to diabetes are estimated to be
760 billion USD in 2019 and they are expected to increase [15]. T2D is
characterized by high levels of glucose concentration in the blood. This
increase in glucose levels can cause cardiovascular, kidney, and eye
diseases and, if left untreated, will lead to organ failures. For T2D pa-
tients, low sensitivity to insulin, which is the hormone responsible for
lowering glucose concentration in the blood, causes the beta cells in the
pancreas to produce insulin to compensate. This will eventually weaken
the cells and damage them, which in turn will make the body fail to
regulate glucose concentration [24]. Insulin based treatment is initiated
at later stages of the T2D disease when changes in diets and physical
activities accompanied with oral medications have failed. Clinically, it is
difficult to calculate suitable insulin doses and oral medication treat-
ment plans for each specific patient. Therefore, many patients experi-
ence uncontrolled hyperglycemia for a long period of time until they

reach a safe level of glucose [38]. Having a model to simulate the
combined effect of oral medications, insulin doses, and lifestyle changes
can help medical professionals in the evaluation of different treatment
plans. Moreover, such models can be used together with robust control
methods to design automatic insulin guidance algorithms that ensure
safe reach to the desired glucose concentrations.

In general, there are two main categories of methods to model sys-
tems: first principles methods, or data driven methods derived by fitting
data to general mathematical structures such as ARMAX models.

The glucose-insulin dynamical models for T2D patients based on first
principles can vary with different degrees of complexity. In the litera-
ture, there exist two main categories of such models: minimal models
and maximal models [7]. Maximal models are very detailed models,
which model metabolic functions at a molecular level. On the other
hand, minimal models are less detailed and rely mostly on compart-
ments and mass balance equations. While maximal models provide a
great level of accuracy, the amount of different data, which is required to
estimate parameters for these models is large and difficult to obtain from
patients undergoing typical treatment plans. Moreover, the high accu-
racy of maximal models provides little relevance to the accuracy of the
general glucose-insulin dynamics within the human body [7].
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Fig. 1. A summary of the overall model with blue indicating the modified or added models compared to [10].

In contrast, minimal models consist of compartments to represent the
distribution, diffusion, and production of glucose and insulin in the body
with terms to represent the interaction between them. Furthermore, these
models include pharmacokinetic equations to describe exogenous insulin
injections and the intake of other medications. Several mathematical
structures have been developed for the glucose-insulin dynamics in T2D
patients. Some of them have a simple structure with less than ten states
such as the ones presented in [2,31]. These models consider simple insulin
injections and meal models. Their simplicity make them good candidates
for patient specific parameter estimation and control design. Nevertheless,
the few number of states force them to consider generic insulin and glucose
states without considering other metabolic hormones (e.g. glucagon). Thus,
making the process of augmenting them with oral medications and stress
difficult. On the other hands, the models in [35,36] are larger and more
complex. The model in [36] has recently been proposed and confirmed
with patient data. Parameters were estimated as mean and covariance
matrices of a normal distribution from patients’ data. Only the mean and
the diagonal elements of the covariance matrices were reported. The model
includes a glucose ingestion model that takes into account only glucose
meal given after fasting conditions. The model was also augmented with an
insulin degludec linear pharmacokinetic model in [37]. As for the model in
[35], it is based on [33] and includes the effect of oral medications (met-
formin and vildagliptin), Glucagon, and Glucagon-like peptide-1. The
model uses the same glucose ingestion model from [36] and it is only for
glucose meals after fasting conditions. Only mean parameters were re-
ported. The work in [11] focused on the glucose dynamics in the brain and

provided a mathematical description for the effect of stress in diabetic
patients. Physical activity has been modelled before but mainly for type 1
diabetes patients. It has been included in simple models such as the one in
[6,29] or more complicated ones such as the one in [8].

Heart beat rate data from smart watches [30] and data regarding
stress levels from self-assessment questionnaires [1,26] are becoming
more feasible to be obtained from patients during treatment. Therefore,
having a model to simulate the combined effect of different types of
treatments together with the effect of stress and physical activity can
improve the process of evaluating and developing treatment plans for
diabetic patients.

Therefore, in this work, it is intended to present a mathematical
structure for the combined effect of multiple glucose meals with no
fasting conditions, insulin injections, multiple oral doses of metformin
with different sizes, physical activity, and stress. Additionally, a Matlab
[25] toolbox is developed to simulate patients is provided as an open
source code on GitLab' for others to use the model easily and have a
better chance to contribute for the development of the model. This
structure can help with analyzing treatment plans depending on lifestyle
conditions. Moreover, the structure can be used with robust control
strategies to obtain algorithmic insulin dose calculators The structure is
based on the one in [10] with modifications and inclusions as following
(see Fig. 1):.

1 https://gitlab.com/aau-adapt-t2d/aau-t2d-simulator.
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e Modifying the model to account for multiple meals (see Section 2.1).

e Including a model for insulin injections based on [23] (see Section
2.2).

e Modifying the metformin model to account for multiple different
doses in Section 2.3.

e Including the effect of physical activity based on [6] (see Section
2.4).

e Including the effect of stress based on [11] (see Section 2.5).

In addition, a discussion on how the developed model can be used, and
what type of data is needed to fit the model is provided in Section 3. All
simulations are performed using the toolbox from GitLab. The model
parameters, which are used in the simulations, are found in Table B.3.

2. Model description

The model is mainly based on the one from [10] with the following
four main subsystems: .

e Glucose subsystem.

e Insulin subsystem.

e Glucagon subsystem.

e Incretins hormone subsystem.

See Fig. 1 for an overview of the model. The glucose and insulin sub-
systems are modelled as a set of compartments representing different
main parts of the human body: brain, heart and lungs, guts, liver, kidney,
and peripherals. The flow between these compartments follows the
human blood cycle. As for the glucagon and the incretins, a single
compartment is used for each one of them as it is assumed that glucagon
and incretins have equal concentration in all the body parts. In addition,
the model contains metabolic production and uptake rates for different
compartments. These metabolic rates are generally defined as their basal
values multiplied with scaling variables that depend on the concentra-
tions of insulin, glucose, and/or glucagon (see (A.1)). The pancreas has a
different nonlinear and hybrid model. In addition, a glucose ingestion
model based on [9] is included as in [35] but modified to handle mul-
tiple meals along the day. Moreover, metformin and vildagliptin oral
treatment models are included based on [34] and [21] respectively, as in
[10] but with a modification on the oral metformin model to handle
different oral doses along the treatment. Additionally, a physical activity
model based on [6] is added to the model. Furthermore, long acting and
fast acting insulin injection models based on [23] are added. Finally,
stress is included as a factor s € [0,1] as in [11]. The main model in-
cludes parameters that were estimated by [33] for a healthy 70 kg male.
The work in [35] considered a subset of these parameters to be estimated
for the diabetic cases. Parameters for the different added models are
taken from their corresponding literature.

In the following subsections, the added and modified models and
states will be discussed. The full model equations are provided in Ap-
pendix A.

2.1. Glucose absorption model

In this section, a modification is introduced to account for multiple
glucose meal sizes. The model is based on the one used in [35] which is
based on [9]. The model takes into account that the gastric emptying of
the stomach is correlated with the stomach content; which is supported
by the study in [14]. The model in [35] and [9], however, are used for
oral glucose tolerant tests only. The aim in this section is to make the
model to take into account the effect of accumulated glucose meals on
gastric emptying. It is acknowledged that gastric emptying depends on
many factors other than the size of the meal as described in [17] and
there exist models, which focus primarily on meal ingestion such as [4].
However, the model provided in this paper is a simplification by
considering meals as glucose ingestions, as done in [2], and taking only
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the effect of the size of the meals for gastric emptying.

The model used for glucose absorption in [35] considers only one
glucose meal and was used for oral glucose tests in which the patients
were given an oral glucose dose and asked to fast while data is collected.
The model is given as:

dgs,

d = - kququ (1a)
d

% = — kemptqsi + K12¢qss (1b)

t

d in
Zl’[ = - kabsqim + kempthl (].C)

km X T kmin
kempl = kmin + %(

ad)

tanh [401 (455 + g5 — kwqu) ]
— tanh [(pz (qS: +qs — k¢2Dq) ] + 2)

5
Y 3D, k) (1e)
5
S an
: ZDII(kV'z)
Ra :f;ikahsqinl (18)

Where ¢s(0) = Dy [mg] is the oral glucose quantity, Ra is the rate of
glucose appearance in the blood, f; is an absorption factor, k;, [min™']
and k., [min~'] are the rate constants for glucose transfer to stomach and
glucose absorption in the intestines respectively, Kemp [min~'] is a rate
parameter for emptying the stomach of glucose to the intestines. This
parameter can have values between k,,;, and k,,,, depending on the oral
glucose quantity Dy. In order to make the model handle different meals
with different time instants, the parameter Dy needs to be modified ac-
cording to the meal sizes and time. The following are the proposed
modifications:

Ny (1)
dgs, X

= ks + ; u, 8t —1), i€z, (2a)

dze = —k,D, +A§§uqﬁ(t—ti) (2b)

% =k, (quq(/) - Dq) +D, NZ:? s(r—1) (20)

b [P0 e 20)
INg(0)

Where gs5(0) = 0, D.(0) = 0[mg], §(t—t;) is the Dirac delta distribution, t;
is the time instance for meal i, Ny(t) is the integer number of meals until
time t starting from time t = 0, that is Ny(t) takes into account all meals
up untilt, ug, [mg] is the amount of oral carbohydrates intake for meal i.
The state D, is introduced to handle the accumulation of carbohydrates
meals with a decay factor k, [min~'] in order to remove the effect of
meals with time. With that, parameter Dy is now a state updated by D,
each time a new meal is consumed and made to converge to the last
given meal amount u,, with the same rate factor kg such that it converges
to the original model through time if no meal is consumed afterwards.
Note that Dy(0) = 0[mg] when a zero carbohydrates meal (qu., o =0)is
assumed at time t = 0, which leads to (1c) being undefined (¢p1qss = oo
0). To avoid this, the state D,,(0)[mg] is set to 1[mg] when Ugy,0 = 0.
Note also that the value D,,,(0) can have any nonzero value in the case of
zero carbohydrates meal at t = 0. The value D,,(0) will not affect the rate
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Fig. 2. Simulation results for the modified glucose absorption model against the unmodified one. Note the log scale on the second axis.

of glucose appearance in the plasma since the states qg; for ingested
carbohydrates, and D, for the effect of accumulation of meals depend on
Ugy, o and not Dy,. Parameters f;, k, , and k,, are known and taken

from [9]. The rest of the parameters, k12q, Kmin,  Kmax,Kavs, and kq are
taken to be the mean parameters which were estimated in [35]. The
introduced parameter kg has no estimate. Therefore, it is assumed to be
equal to kpy.

A simulation of a patient with the modified meals model compared
against the unmodified one is shown in Fig. 2. The patient is consuming
a breakfast meal of 30 g carbohydrates, a second breakfast meal of 10 g
carbohydrates, a lunch meal of 50 g carbohydrates, an afternoon snack
of 10 g carbohydrates, and a dinner meal of 110 g carbohydrates. The
simulated patient has a basal value of Gpc(0) = 8 mmol L~ for glucose
concentration in the central periphery compartment and Ipp(0) =
1mU L ! for the insulin concentration in the interstitial fluid periphery
compartment. No insulin injections or oral medications, physical ac-
tivity, or stress are included in this simulation. It can be seen from the
simulation results that the glucose appearance in plasma is distributed in
a larger window of time with lower peaks for meals that are close to each
other. This is due to the reduction of the stomach emptying rate kempt in
response to increased accumulation of ingested carbohydrates captured
by the state D;. Additionally, glucose appearance in plasma for the
modified model in response to meals after hours of fasting closely re-
sembles the glucose appearance in plasma for the unmodified model as
can be seen for the dinner and breakfast meal. This is intended since the
unmodified model was proposed for fasting conditions.These observa-
tions agree with clinical data such as [27] and [18].

2.2. Insulin injection model

In this section, a model for long acting and fast acting insulin in-
jections based on the one from [23] is introduced to the base model from
[10]. Both fast and long acting insulin analogues treatments are
considered for the model. When analogue insulin is injected, it dissoci-
ates from its hexameric form to dimers and monomers which then can
penetrate the capillary membrane and get absorbed into the plasma. For
fast acting insulin, only two compartments are considered: a compart-
ment for insulin in its hexameric form, and a compartment for insulin in
its dimeric and monomeric form. The following are the equations for fast
acting insulin:

N
dHfa jult
26 Vl Uy,
PF (33)
—Pra (Hfa - qfaD;n>
dby, N\ D
= pua(Hia = quD}, ) = 2 3b
o Pf(f 4%Pu) =157, (3b)

Where Hp[mU dL_l] is the concentration of injected fast acting insulin
in its hexameric form, Dy, [mU dL '] is the concentration of insulin in its
diameric and monomeric form, Np(t) is the number of injected fast
acting insulin doses until time t starting from time t = 0, that is Ny,(t)
takes into account all doses up until t, u;, [mU] is the amount of injected
fast acting insulin, by, [min '] is a constant for the infusion of fast acting
insulin into the body, py, [min~!] is a constant diffusion parameter, Afa
[dL? mU~2] is a constant such that DPfadfa is the parameter for fast acting
insulin dimers converting back to hexamers, and Ipr [mU dL7!] is the
insulin concentration in the interstitial periphery compartment. Pa-
rameters for Lispo and Aspart insulin injection are reported in [23]. For
long acting insulin, an extra state By, is added in [23] to take into ac-
count the increased delay in the dissociation of hexameric insulin to
dimers and monomers:

Nia(1)
dB]ﬂ Crnax
St — ki B,
2: aBla H, (4a)
dH,, Coe \
= KiaDla a(Hia — quaD, 4b
7 I ’1+H, = pie(Hia — qiDy,) (4b)
dDy, 5 biDjy
= pia(Hia — aD 4
D)0 @

Where B, [mU dL’l] is the added bound state for the concentration of
hexameric insulin before diffusing, Hj,[mU dL "] is the concentration of
injected long acting insulin in its hexameric form, Di[mU dL™!] is the
concentration of injected insulin in its diameric and monomeric form,
Niq(t) is the number of injected long acting insulin doses until time ¢t
starting from time t = 0, that is Nj(t) takes into account all doses up
until ¢, w;, [mU] is the amount of long acting insulin dose at time t;
byq [min~?
body, pi, [min~!]is a constant diffusion parameter for long acting insulin,
Qla [dL? mU~2] is a constant such that Diaqiq is the parameter for long
acting insulin dimers converting back to hexamers, k;, [min~!] is a con-
stant absorption rate, and C,,x is a dimensionless maximum trans-
mission capacity constant. Parameters for insulin Glargin are reported in
[23]. The injected insulin enters the interstitial periphery compartment
(A.10g) with the following rate ry;:

| is a constant for the infusion of long acting insulin into the

1 TabjaDya
PR+ Ipp

_ V[ rlablaDla

PFT Y Top (5)

+V

Ymj =
Where ryq, 1, < 1 are the fractions of long acting and fast acting insulin
that get to the periphery compartment, and Vy [L] is the volume of the
interstitial compartment. Fig. 3 shows a simulation for a patient having

the same basal values and following the same meal plan as the simula-
tion discussed in Section 2.1. The patient takes a long acting insulin dose
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Fig. 3. Simulation showing the effect of injected fast acting (FA) and long acting (LA) insulin on glucose and insulin concentrations.

of 50 [U] everyday an hour before the breakfast meal. Additionally, the
patient takes a 30 [U] of fast acting insulin 15 min before dinner. Oral
medications, physical activity, and stress are not included in the simu-
lation. Long acting insulin lower the glucose concentration over a large
window of time. Moreover, the fast acting insulin helps at reducing the
glucose peak after dinner [16]. Quantitative Insulin Sensitivity Check
Index (QISCI) [19] is a test performed on fasting glucose and insulin
concentrations to assess insulin sensitivity. Healthy patients will typi-
cally have values around 0.382 while diabetic patients will have values
around 0.304. The QISCI is calculated as:

1

log(Gy, ) + log(Iy,) ©)

QISCI =

Where Gy, and Iy, are the fasting plasma glucose and fasting plasma
insulin concentrations respectively. The QISCI was calculated for the
case of taking insulin injection doses and for the case in which the pa-
tient was not taking any insulin doses. The QISCI with no insulin in-
jections was found to be 0.3717 while the QISCI with insulin injections
was found to be 0.3369. The decrease in QISCI agrees with clinical
studies [32]. Additionally, the gradual decrease of the glucose concen-
tration during the days with long acting insulin agrees with the data
collected in the study in [3].

2.3. Metformin

In this section, a modification for the metformin model in [10] is
carried out to account for multiple doses of oral metformin with
different amounts. The metformin model used in [10], including the
pharmacokinetic and its interaction with full glucose-insulin dynamical
models, is based on the model in [34] which was fitted with data from
the study in [22] and confirmed with the clinical study in [28]. The
pharmacokinetic model of metformin in [34] is given as follows:

dMGL o

= Maw (ke + ki) + Mo (7a)
dAZfW = Mrkgg + Mpkyg — Mawkg (7b)
% = Mawky + Mpky — Mk, (70)
% = Myky — Mp (Kot + Kng + Kpo) + Mo, 7d)

Where Mgy, [ug] is the metformin amount in the gastrointestina lumen,
parameters kgo, kg, kpg, Kgt, kpls kip, kpo [min‘l] are transfer rate constants
between the compartments, and My is the flow rate of orally ingested
metformin which is modelled as:

My = Ae™™' 4 Be™Pv! (8)
Where A, B [ug min~!] and ay, iy, [min~!] are constant parameters that
were identified in [34]. These parameters were identified with data in
which patients were taking only a 500 mg oral dose of metformin.
Therefore, the model is modified in this work to take into account
different amount of doses at different times by introducing the
following:

dMOl Nu (1)

o= Mo + ; 5(t — t)uy, (9a)
M Nu (1)

dt‘” = —ByMor + ; 8(t — t;)uy, (9b)
My = paMUl +pﬂM02 (9C)
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Fig. 4. Simulation showing the effect of metformin on glucose and insulin concentrations.
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with Nj,(t) being the number of consumed doses of metformin until time
t starting from time t = 0, that is Nj(t) takes into account all doses up
until t, uy;, [ug] is the amount of metformin consumed at time ¢;, and the
constants p, = A/(500000 [ug]) [min~'] and pp = B/ (500000 [ug]) [min~')
are rate parameters. Fig. 4 shows a simulation result of the same patient
as Section 2.1 taking metformin doses of 500 mg for the first two days
and then a metformin dose of 1000 mg for the remaining days. Insulin
injections, Vildagliptin oral medication, physical activity, and stress are
not included in this simulation. The 1000 mg dose prolong the effect of
metformin on lowering the glucose concentration when compared to the
dose of 500 mg.The effect of metformin on both glucose and insulin
concentrations matches the study in [28] that was used to confirm the
model in [34]. The QISCI with no metformin doses was found to be
0.3717 while the QISCI with metformin was found to be 0.3921. This
shows the effect of metformin improving insulin sensitivity over time.

2.4. Physical activity model

In this section, a physical activity model based on [6] is added to the
model in [10]. The model in [6] was developed for a T1D model based
on [5]. The model considers the change of the heart beat rate following a
physical activity to be the stimulus of two states E; and Es, which are
dimensionless:

dE, 1 1

T T Tt T g (IR HR) (1o
dE 1
T (w1 )E e (100

ne
E;
a.HR;,

N
1 + (a(»HIR,,>

Where tyg, 7. min are time constants, HR, HRpbpm are the current
and rest heart rates respectively, and the parameters ae, n, are dimen-
sionless parameters. The first state E; is used directly as a stimulus to
increase the insulin-independent glucose uptake in response to a phys-
ical activity while the state E; is used for the longer lasting change of
insulin action on glucose. The glucose and insulin model structure in [6]
is simpler than the one considered in this work. Nevertheless, the in-
clusion of the physical activity for the model in this work is similar to
how other models include physical activity, e.g., see [8]. With that, the
effect of the state E; is included as an increase in the clearance rate of
glucose in the periphery interstitial fluid compartment with a constant
parameter f3, [bpm 1] as %P (1 + p,E1) where #P [min~!] is the clearance

g(Er) = (10c)

rate for glucose in the periphery interstitial fluid compartment in (A.3g).
The effect of E; can be removed to obtain the original model by setting f,
= 0. As for the effect on insulin action, the state E5 is introduced on the
glucose metabolic rates, which depend on insulin as follows:

e An increase in the periphery glucose uptake rate rpgy in the inter-
stitial fluid periphery compartment (A.3g) by a constant a. as
(1 + aeEz)rpcu.

e An increase in the hepatic glucose uptake rate rygy in the liver
compartment (A.3d) with a constant a, as (1 + a.E2)rucu-

e A decrease in the hepatic glucose production rate rpgy in the liver
compartment (A.3d) with a constant @, as (1 + a.Ez2)rucp-
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Simulation showing the effect of stress on glucose and insulin concentrations.
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The effect of E5 can be removed to obtain the original model by setting a,
= 0. The parameters for the physical activity model are taken from [6]
except for a, and f,, which were tuned to have a similar effect to the ones
demonstrated in [6,8]. Fig. 5 shows a simulation for the patient
described in Section 2.1 when the patient exercise every day before
dinner raising the heart beat rate from a rest value of 80bpm to a value of
140bpm for 30 min. Insulin injections, oral medications, and stress are
not considered in this simulation. The immediate effect of physical ac-
tivity is seen in the simulation results. In addition, the prolonged effect
of physical activity on insulin action on glucose is seen in the figure.

The QISCI with no physical activity was found to be 0.3717 while the
QISCI with physical activity was found to be 0.385. This shows the effect
of physical activity on improving the insulin sensitivity.

2.5. Stress effect

In this section, the effect of stress is included in the model [10]. In
[11], the effect of stress was included as a multiplicative factor 1 + a;,
with a; € [0,1], to the glucose and glucagon production rates. This is
because stress causes a direct increase in the pancreatic glucagon pro-
duction through an increase in catecholamines, which in turns drives an
increase of glucose production in the liver [39]. In addition, stress was
also included as a multiplicative factor 1—a; to the pancreatic insulin
secretion rate based on [39]. Similarly, in this work, the effect of stress is
included in the model as follows:

e An increase in the plasma glucagon release rate rprg in the glucagon
compartment (A.9a) as (1 + as)rprz.

e Anincrease in the hepatic glucose production rate rygp in the glucose
liver compartment (A.3d) as (1 + as)rucp.

e A decrease in the pancreatic insulin release rate rpjg in the insulin
liver compartment (A.10d) as (1 —as)rpr

Fig. 6 shows the effect of stress in a simulation for the same patient
discussed in Section 2.1 when the patient is stressed on the second day
with a5 ramping up from O to 0.4 in 6 h, staying at 0.4 for 12 h, and then
ramping down to O for the rest of the day. Insulin injections, oral med-
ications, and physical activity are not considered in the simulation.
Stress manages to increase glucose concentration together with a
decrease in insulin concentration. The QISCI was calculated at fasting
conditions after the day in which stress is present. The QISCI with no
stress was found to be 0.3717 while the QISCI with stress was found to
be 0.3416. This shows a decrease in insulin sensitivity when stress is
present for one day.

3. Discussion
3.1. Fitting the model with data

The model has more than 120 parameters and it is, without a doubt,
challenging to obtain clinical data that can be used to estimate all the
parameters for the model. Nevertheless, the authors in [35], which the
model in this paper is based on, performed a sensitivity analysis for the
model’s parameters and determined a set of specific parameters that are
more influential on the response of the model than other. The authors
then carried out a least square nonlinear optimization problem to esti-
mate the parameters based on a 50 [g] oral glucose tolerance test data in
which peripheral glucose and insulin concentrations are measured
together with incretin concentration. Since the model in this paper is
based on the one in [35], patients can perform oral glucose tolerance test
occasionally to obtain data which, can be used to estimate personalized
parameters for the base model. Subsequently, the estimated parameters
for the base model can be fixed for each patient while the parameters for
the extensions of the base model can be estimated using data that can be
collected during the treatment process of the patients. Data for stress can
be collected using the Perceived Stress Scale (PSS) as done in the studies
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[1,26] in which a self-administered questionnaire is filled by the pa-
tients. Afterwards, a stress level can be deduced from the answers by
mapping them to be between 0 and 1 to match the model presented in
this paper. As for the physical activity model, heart beat rate data can be
acquired using wearable smart watches as discussed in [30]. Together
with these data, continues glucose measurement data with registered
insulin injections and oral medications data can be used to estimate
more parameters of the augmented models other than the base model
parameters.

3.2. Usage of the model

In this section, it is intended to discuss examples on how the model
can be used to help subjects with Type 2 diabetes. Consider a patient
who performed oral glucose tolerance test to estimate the base model
parameters and has been providing data during treatment to estimate
parameters of the augmented sub-models. Assume now a case in which
the patient is expected to have a stressful period of 4 days. For examples,
a school exam period. From previously gathered data about stress, the
patient is expected to have stress levels ranging from 0.4 to 0.8 during
these days. Moreover, the eating patterns of the patients are fitted from
previously collected meal registered data according to the following for
each meal of the day:

with 7/(a,b) being a continues uniform distribution between a and b.
In addition, the patient is known to have physical activity every day
from to 16:00-16:30 raising their heart beat rate by 40 [bpm]. With all
these information, a medical professional can test different treatment
plans for the patient using the model by performing a Monte Carlo
simulation with the given information about the patient. Fig. 7 shows a
Monte Carlo simulation for a treatment plan consisting of long acting
insulin doses of 40[U] at the beginning of each day together with met-
formin doses of 500 [mg] each day. The patient has a basal value of
Gpc(0) = 8 mmol L™ for glucose concentration in the central periphery
compartment and Ipr(0) = 1mU L~ for the insulin concentration in the
interstitial fluid periphery compartment. It is seen from the figure that
the fasting glucose is brought to a safe glucose concentration region
between 4 and 6 for some simulations. Nevertheless, it is seen that for
some cases the patient can experience high glucose concentration levels
during the meals. The medical professional now test a different treat-
ment plan where the metformin dose is increased to 1000 [mg] and the
long acting insulin dose is increased to 50 [U]. Fig. 8 shows the results. It
can be seen now that the new treatment plan produces simulations with
lower glucose concentration peaks. The example shows how the model
gives the opportunity for a medical professional to test different treat-
ment plans against the combined effect of different factors such as stress
and physical activity for patients.

1000 simulations with 40 [U] long acting insulin and 500 [mg] metformin

Plasma Glucose [mmol/L]

Time [Day]

Fig. 7. 1000 Simulations of the patient with stress levels drawn uniformly
between 0.4 and 0.8 for each simulation and a meal plan according to Table 1.
The patient is taking a long acting insulin dose of 40[U] and a metformin dose
of 500[mg] each day of the simulation.
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1000 si i with 50 [U] long acting insulin and 1000 [mg] metformin

Plasma Glucose [mmol/L]

Time [Day]

Fig. 8. 1000 Simulations of the patient with stress levels drawn uniformly
between 0.4 and 0.8 for each simulation and a meal plan according to Table 1.
The patient is taking a long acting insulin dose of 50[U] and a metformin dose
of 1000[g] each day of the simulation.

The model can also be used to evaluate the performance of dose
finding algorithms for insulin injections or oral medications against
different kinds of patients and different lifestyles with stress, physical
activity, and meals. For example, consider the rule based strategy for
determining long acting insulin doses based on fasting glucose mea-
surement in [40]. The dose finder’s goal is to bring and keep fasting
glucose concentrations within a safe region between 4 [mmol/L] and 5
[mmol/L]. Fig. 9 shows the results of applying the rule based long acting
insulin dose finding strategy to three different hypothetical patients to
test the robustness of the strategy. The first patient having the same
parameters as in Table B.3. The second patient is chosen to have the
same parameters as in Table B.3 except with parameters c¢; and c4
increased by 90% and cy decreased by 90%. This was done to increase
the effect of insulin on the metabolic glucose uptake and glucose pro-
duction rates. Finally, the third patient is chosen to have the same pa-
rameters as in Table B.3 except with parameters c; and c4 decreased by
90% and c; increased by 90%. This was done to decrease the effect of
insulin on the metabolic glucose uptake and glucose production rates.
Note that the 90% increase or decrease on the parameters is chosen
arbitrary. The parameter perturbation range in which one can use for the
parameters of the model and still obtain a model that represent a real life
patient is uncertain. Nevertheless, ensuring a strategy to be robust under
extreme cases is still an advantage. All the patients have meal plans
identical to Table 1. In addition, all the patients are taking a metformin
dose of 500 [mg] and having physical activity each day from 16 to 16:30
increasing their heart beat rate during that period to 40 [bpm]. The aim
of these simulations is to test the robustness of the dose finding algo-
rithm against physiologically different patients. It can be seen from the

Insluin dose finder for different pati
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Fig. 9. Fasting Glucose for three different patients. Physical activity and a dose
of 500 [mg] metformin are considered.
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Table 1
Meals model for the hypothetical patient.

Meal Time [Hours] Glucose [g]
Breakfast 7(7,8) 7/(5,40)
Lunch 7(11.5,13) 7/(50,100)
Dinner 7(17,19) 7/(100,130)

figure that the strategy managed to bring the fasting glucose concen-
trations for patient 1 to be within a safe range in less than 10 days. For
patient 3, the strategy needed more time to bring the fasting glucose
concentrations to the safe region. As for patient 2, the strategy under-
shooted below the safe region and then converged to a value on the
lower limit of the safe region. This is dangerous since the risk of hypo-
glycemic episodes are higher for patient 2. In conclusion, the strategy
can handle a variety of patients with different insulin resistivity.
Nevertheless, the strategy can take a long period to have the fasting
glucose concentrations converging for some cases. Moreover, it can
cause patients to experience hypoglycemia by undershooting or
converging to a concentration on the lower limit for the safe region,
which is dangerous.

This evaluation study was tested with the effect of physical activity
considerations and metformin medication. Consider now testing the
same strategy with the same patients but without the consideration of
physical activity and metformin. Fig. 10 shows the results. It is clear
from the figure that the strategy performs differently. While none of the
patients risk experiencing hypoglycemia, the strategy takes more time to
converge for all of them. Another point to notice here is that patient 2
now takes more time to converge to the safe region than patient 3. The
possibility to perform evaluations of treatment plans against physical
activity and stress together with other medications is what distinguish
this model from the current state of the art models.

The model can also be used to design insulin and oral medication
dose finders for patients. For example, similarly to how the model is used
in the first example to test and evaluate treatment plans, the model can
be used in an optimization algorithm to decide on the insulin, oral
medication doses, or even physical activity conditions. Such strategies
are refereed to as optimal predictive controllers or model predictive
controller (MPC). One can use robust MPC techniques such as [20] by
choosing a compact set in which some of the model parameters can take
values from. In this case, one can optimize for certain objectives, e.g.
bringing glucose concentrations to a safe region, or minimizing the use
of injected insulin, while insuring satisfaction of some constraints, e.g.
limited amounts of insulin, allowed time for physical activity, or con-
straining glucose concentrations to a specific region, for all possible
values of the chosen parameters in the compact set. Moreover, one can
have a more relaxed and realistic version by choosing a probability for
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Fig. 10. Fasting Glucose for three different patients. Physical activity and
metformin are not considered.
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the parameters to be inside the chosen compact set (Robust with prob-
ability MPC), and thus, ensuring the constraint satisfaction with a spe-
cific probability value. Another option is to consider stochastic MPC
techniques [13] to handle stochastic disturbances or inputs similar to
the meal plan example in Table 1. Stochastic MPC techniques offers the
chance to optimize for the expected values of objectives or the proba-
bilities of objective while ensuring the satisfaction of some constraints
with some chosen probability.

4. Conclusion and future work

A model for glucose-insulin dynamics, which incorporates the effect
of multiple glucose meal sizes, different metformin doses, physical ac-
tivity, insulin injections, and stress, is proposed by combining and
modifying different available models in the literature. The effect of the
different added and modified models is demonstrated by different sim-
ulations and was aimed to match studies from the literature on T2D
patients. A discussion on the data needed to fit the model is provided.
Additionally, a discussion is provided on how the model can be used to
evaluate treatment plans and possibly develop some treatment plans
with robust and stochastic control techniques. The model, however,
need to be confirmed with real patients data. Moreover, real patient data

Appendix A. Full model equations
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can be used to estimate joint probability distribution to simulate a
population of T2D patients.
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The compartments include metabolic production rates r¢xp and metabolic uptake rates rcxy for substance X in compartment C generally defined as

following:

134G g7
rexpy =M MM ’jéxp,u

(A1)

Where ML,MC, and M' are multiplicative quantities for the effect of insulin I, glucose G, and glucagon I' respectively, and rléxp,u is the basal metabolic

rate of substance X in compartment C. The general form for the multiplicative quantities representing the effect of a substance Y in compartment C

with concentration Y¢ is given as:

_a+ btanh [¢(Yc /Y — d) |

MY
a + btanh[c(1 — d)]

(A.2)

Where Yg is the basal concentration of substance Y in compartment C, and a, b, ¢, and d are model parameters.

A.1. Glucose Sub-Model

Applying mass balance equations over the compartments for glucose, the following equations are obtained:

dG, %
Ve, dBC = 03 (Gu — Ggc) — - (Guc — Gr)
t TB
. dGgr VS
o a Ti%F (Gsc — Gor) — rscu
.dG, . , §
VthH = 0YGpc + 0YG, + 05Gx

+Q1CJ;GPC + QEGH — T'rBCU

dG,
G = Q6(Gu —Go) ~ gy + Ra
dG .
Vi—F=08Gn + 05Gs — 0/ G

+((1 +a,)(1 — aEa)rpge — (1 +aeE2)rHGU)

dG
VthK = Qi(GH - GK) — I'KGE
dG Vs
Vfc dPC = Qﬁ(GH —Gpc) —% (Gpc — Gpr)
t T,

(A.3a)

(A.3b)

(A.3c)

(A.3d)

(A.3e)

(A.3f)

(A.3g)
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dGpy V3,
VG = ﬁ (Gpc)
"dr TS (A.3h)

= (1 + BE)Grr ) — (1 + a.Ex)rpgy

Where G;j[mg dL™'] is glucose concentration for each compartment i, Q¥ [dL min~'] is the vascular blood flow for the glucose compartment i,

Vf [dL] is the volume of compartment i, 'IlG [min] is the transcapillary diffusion time for compartment i, and ryp, ryy are metabolic glucose

production and uptake rates respectively. The following are the meanings of each subscript in the model: Table A.2.

Table A.2

Subscripts abbreviations.
B Brain BC Brain capillary space
BF Brain interstitial fluid H Heart
G Guts L Liver
K Kidney P Periphery
PC Periphery capillary space PF Periphery interstitial fluid
BGU Brain glucose uptake RBCU Red blood cell glucose uptake
GGU Gut glucose uptake HGP Hepatic glucose production
HGU Hepatic glucose uptake KGE Kidney glucose excretion
PGU Peripheral glucose uptake

The metabolic rates for the glucose subsystem are given as:

rr6u = MpguMipoyTegy,  Thoy = 35 (A.42)
rnep =M LGPMgGPMZGP’j;IGP7 r}lilGP =35 (A.4b)
racy = MyguMiguTicys  Thou = 20 (A.40)

[ 71+71tanh[0.11(Gx — 460)] Gy < 460

Tkee = { ~330 + 0.872G Gy > 460 (A-4d)
regu = 10,  rrgcv = 10,  rgoy =20 (A.4e)
Where:

; _7:03+652tanh [e1(Ipr/15; — di) ] (A52)

rGu 7.03 + 6.52tanh[c; (1 — dy )] ’
MS., = Gpr/Gby (A.5b)
d
aMLIGP = 0'04(M;-IOE;P - MLGP) (A.50)

1.21 — 1.14tanh|[c, (I, /I — d
M, = anhfcy (1/1} — dz) (A5d)
121 — I.T4tanhey(1 — )]

1.42 — 1.41tanh[c3 (G /G] — d3) |

Migp = A.
Hop 1.42 — L41tanh[c; (1 — dy)] (A.5e)

M}p = 2.7tanh[0.39T°/T®] — f (A.5)

d 2.7tanh[0.39T"/T%] — 1

L —0.0154 anh[0.39/T”] _f (A.58)

dr 2

d 1 oo 1

EMHGU = 0'04(MHGU 7MHGU) (A.5h)

2.0tanh [c, (I, /15 — d.
iz, — 2ouanh e (/1] — dy) | (A.51)

AGU ™ 2 Otanh[cy (1 — dy)]

yo 366+ 5.66tanh [es(GL/GY —ds) ] (A5
HGu 5.66 + 5.66tanh|cs (1 — ds)]

Note that some of these rates have a constant numerical value. In addition, parameters a and b for the multiplicative quantities are substituted with
numerical values. These numerical values are the ones estimated for a healthy 70 kg male. Parameters ¢ and d were left for the estimation in case of a
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diabetic patient as in [35]. The following rates are modified with the effect of metformin as following:

ré6v = (1 + Egw)reeu (A.6a)
Thge = (1= EL)ruge (A.6b)
ooy = (1+ Ep)recy (A.6¢)

Where Egw, Ej, and Ep are positives coefficients which depend on the amount of metformin in the gastrointestina wall (GI) Mgw [ug], liver My, [ug], and
peripherals M}, [ug] respectively. These coefficients increase (or decrease) the glucose uptake (or production) as seen in (A.6). The equations for these
coefficients are given as following:

VGw,max X (MGW)HUW

ey = (A.7a)
WGW.S()) o+ (MGW) o

EGW:(

ny,
EL _ L’L,max X (ML) (A7b)

(‘PL.so)nl + (M)

VP,nlax X (MP)nF

E =T—w . o
! (’I’P.so) "+ (XP) !

(A.7¢)

Where vGw,max, Vimaxs VPmax are parameters to represent the maximum effect of metformin in each one of its corresponding compartments, ¢gw,s0,
@a1,50, ¢ai,s0 [#g] are the masses of metformin within the different compartments to produce half of its maximum effect, and ngw, n;, and np are shape
factors.

A.2. Incretins Sub-Model

The incretins hormones are metabolic hormones released after eating a meal to stimulate a decrease in blood glucose levels. For T2D patients,
Glucagon-Like-Peptide-1 (GLP-1) is the most active incretin [12]. GLP-1 is then modelled with the following two compartments as in [10]:

dy 1

E = é’kcmplQSI - EW (A.8a)
d¥ 1

V¥~ = —y — [Kpu + (Ruaxc — DR.)Cf,]¥ (A.8b)
1,

Where 7, [min~"] is a time constant for the release and absorption of GLP-1 to the blood stream upon consuming a meal, V¥[dL] is the volume of the
GLP-1 compartment, DR.[nmol] is the amount of Dipeptidyl peptidase-4 (DPP-4) in the central compartment deactivated by the drug vildagliptin,
Kou [min’l} is a clearance constant for GLP-1 independently of the amount of DPP-4, and (Ryaxc — DR,) is the amount of available activated DPP-4 in
the blood plasma with Rpgxc[nmol] being the maximum amount of active DPP-4 in the absence of the vildagliptin. Cf, [min™! nmol™!] is a propor-
tionality factor for the elimination of GLP-1 by active DPP-4 [21]. Parameters 7, and { are estimated in [35] when other incretins than GLP-1 are
considered and later modified in [35] to account for vildagliptin treatment. Parameters Koy, Rmaxc, and Cf; were estimated in [21] together with the
parameters for the vildagliptin model described in subsection Appendix A.6.

A.3. Glucagon Sub-Model

The glucagon subsystem consists of one compartment as it is assumed to have the same concentration over all the body:

dr

VFE = (14 a,)rprg — 9.1 (A.92)
rprr = MgrRM;rer;rRa r[}]’FR =9.1 (A.9b)
MG, = 1.31 —0.61tanh {1.06 (% - 0.47> ] (A.9¢)

H

1

M, = 2.93 —2.09tanh {4.18 (7'5 - 0.62> } (A.9d)

H

Where rpry is the plasma glucagon release rate. The state I represent a normalized glucagon state with respect to its basal value. This is done since it is
difficult in practice to obtain glucagon measurements for each subject in order to initialize the state. Therefore for this model, the basal glucagon state
is 1.
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A.4. Insulin Sub-Model

Applying mass balance equations over the insulin compartments will yield the following:

dl
Vi = Qhlln — 1) (A-10a)
dl,
V=2 = QLly + 0L 1, + Okl

Hdr (A.10b)
+Q:>IPV - Q;;IH

dl
Vigy = alln—1o) (A.100)

dL

] 4L i [ [

—— = Ouly + Q¢lc — Q11

b d AT T EeTe EL (A.10d)

+(1 — &) rpir — TLiC

V

,dl

VKE: Qﬁ((IH_IK)erIC (A.lOe)
dlpc v
V,[uc7[; = Qi:(IH —1Ipc) *% (Ipc — Ipr) (A.10f)
P
di v
;F% = % (Ipc = Ipp) — rpic + 1y (A.10g)
P

Where ryc, rkic, and rpyc are the liver, kidney, and peripherals insulin clearance rates respectively and are defined as following:

ruc = 0.4 [Qj\IH + Q:;IG - Q’LIL + rPIR} (A.11a)
rrie = 0301k (A.11b)
1
= (A11c)

rpc =T~
1-015 | _ 20
0.150}, Vi

the pancreas insulin release is calculated by the following:

s
o = b (A.12)

Where S [U min~!] is the pancreas secreted insulin rate, and S, 15,z are the basal values. The model for S and st is described in subsection Appendix
AS.

A.5. Pancreas Sub-Model

The model consists of two main compartments: a large insulin storage compartment mg [1g] and a small labile insulin compartment m; [ug]. The
flow of insulin from the storage compartment to the labile insulin compartment is dependent on a dimensionless factor P with a proportionality
constant y [ug min~!]. The factor P depends on a dimensionless glucose-enhanced excitation factor represented by X and GLP-1 through a linear
compartment with constant first order rate a [min~!]. Upon a glucose stimulus, the glucose-enhanced excitation factor X will increase instantaneously
depending on the glucose increase in the plasma Gy. In addition, a dimensionless inhibitor R for X will increase in response to X through a linear
compartment with a first order constant rate # [min~!]. During that increase, the secreted insulin S will depend directly on both X and its inhibitor R
together with GLP-1. Afterwards when R reaches X or X starts decreasing after R reaching it, the insulin secretion rate will only depend on X and GLP-1.
The following are the equations of the model:

dmy

e Kym; — K;mg — yP (A.13a)
%: K;mg — Kymy +yP — S (A.13b)
dP
E — a(Poo _ p) (A.13C)
dR
E:ﬁ(XfR) (A.13d)
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[ NP+ N2(X —R) + L,¥ Imy X >R
§= { (NP + 5, P)my X<R (A.13e)
P =X""4+ ¥ (A.13f)
3.27
G (A.13g)

X=——fZ
132377 + 5.93G;”

Where K; [min~!] and K; [min~!] are the rates for the flow between the labile and storage insulin compartments independently of P, N; [min~!] and
N [min~!] are constant parameters that represent the effect of P and (X—R) on the insulin secretion rate respectively, and ¢; [L pmol '],

{o [L (pmol min)’l} are constant parameters to represent the effect of GLP-1 on P, and the insulin secretion rate. For initializing the model and
calculating the basal values, the storage compartment is assumed to be large enough for it to be constant. Therefore, writing the mass balance for the
storage compartment at zero glucose concentration will yield the following:

Ksmg = Klmlo (A.14)

Where my, is the labile insulin concentration at zero glucose concentration. This parameter in [33] is provided with a value of 6.33[U] for a healthy
70 kg male.

A.6. Vildagliptin

The vildagliptin model is based on [21]. The absorption of orally ingested vildagliptin is modelled by two compartments as following:

Ao kaAc + Nim 5(t—1)f, (A.15a)
= —Ka —Li)Jyty, d
dr 1461 Z !
A
ddtm =ka X A1 — ki X Agy (A.15b)

Where Agi, Age [nmol] are the amount of vildagliptin in the gut and absorption compartments respectively, N,(t) is the number of oral vildagliptin
doses until time t, u,, [nmol] is the amount of consumed vildagliptin, f, is the bioavailability of vildagliptin, and kg1, ka2 [min’l] are rate absorption
parameters. After that, the model contains a central and a peripheral compartment for the vildagliptin and the vildagliptin-DPP-4 complex (deacti-
vated DPP-4):

dA. CL+ CL;. CL;.

2 = kpAgy — ———A A
a Ve ety
A,
(RmuxC - DRC)k\*ZV (A'16a)
f—A(_C + kyyDRc
K,q + VC
dA, A, A
“2=CL.|=-2
@ (w w)
Ay A.16b
(RmaxP - DRp)kvz_ ( . )
——AF” + kg DR,
K+
d + V)
Ac
dDRC B (RmaxC - DRC)kVZV_C
dt Kia + de (A.16¢)
Ve
— (ko + kaeg) DRc
Ap
dDRp B (RmaxP - DRP)kVZVP
a K+ (A.16d)

vy
- (ka/f + kdeg)DRP
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Where A¢, Apnmol are the amounts of vildagliptin in the central and peripheral compartments respectively, CL [L min~!] is a non-saturable clearance,
CL; [L min~'] is the inter-compartmental clearance, V, V, [L] are the volumes of the central and peripheral compartments respectively, ky» [min~']isa
parameter added for the slow tight binding of vildagliptin to DPP-4, K,q [nmol L™'] is the equilibrium dissociation constant, kofr [min~!] is a rate
constant for the dissociation of intact vildagliptin from DPP-4, Ry,q.p [nmol] is the maximum possible amount of DPP-4 in the peripheral compartment,
kdeg [min~!] is a rate constant for the hydrolysis of vildagliptin by DPP-4, and DRp [nmol] is the amount of deactivated DPP-4 in the peripheral
compartments.

Appendix B. Parameter mean values

Table B.3 includes the values of the parameters which were used in the simulation.

Table B.3

Parameter values.
Parameter Value Parameter Value Parameter Value
Vie ldL] 35 Vi [dL] 45 Vi [dL) 138
vf [du) 25.1 vg [dL] 11.2 Vg [ 6.6
Vic [ 104 Ve [dL] 67.4 Vi L] 026
VoL 0.99 VL oL 0.94 Vi 1.14
Vi L 0.51 Vie L] 0.74 Ve [L] 6.74
V' [mL] 6.74 Q¢ [dL min™] 5.9 Q% [dL min1] 43.7
QS [dL min7'] 2.5 Qf [dL min7!] 12.6 Q¢ [dL min7!] 10.1
Q¢ [dL min7'] 10.1 Q§ [dL min7!] 15.1 L [L min7!] 0.45
Q, [L min 3.12 @, [L min] 0.18 Q¢ [L min7! 0.72
@ [L min”] 1.05 Q [L min] 0.72 Q@ L min 0.9
Tg [min] 21 T}G, [min] 5.0 T, [min] 20.0
fa [ 0.9 kg1 [ 0.68 kyo [ 0.00236
kg, [min 1] 0.08 Kin [min 1] 0.005 Kinax [min 1] 0.05
Kabs [min 1] 0.08 a ] 0.067 e [[] 1.59
e [ 0.62 e [ 1.72 s [ 2.03
d; [ 1.126 ds [] 0.683 ds [] 0.14
dy [ 0.023 ds [] 1.59 m, [U] 6.33
¢1[Lpmol ] 0.0026 ¢ [L (pmolmin™")] 0.99¢* K [min 1] 0.3621
K [min~] 0.0572 7 [pg min~!] 2.366 a [min~!] 0.615
A [min~'] 0.931 Nj [min~!] 0.0499 Ny [min~!] 0.00015
V¥ [dL] 11.31 Kot [min~] 68.3041 Cf, [min~! nmol ] 21.1512
7, [min~] 35.1 Rinaxc [nmol] 5.0 48 8.248
jag| 0.772 ka [min~!] 0.021 ke [min~!] 0.0175
CL [L min'] 0.6067 CLi [L min™!] 0.6683 Vp [L] 97.3
Koff [min~1] 0.0102 Rpaxp [nmol] 13 Kaeg [min~1] 0.0018
Ve [L] 22.2 Kyq [nmol L™'] 71.9 kyo [min~!] 0.39
kgo [min~!] 1.88e-4 Kgg [min~!] 1.85e—4 kg [min”] 413
kgt [min 1] 0.46 Ky [min~1] 0.00101 kpp [min~1] 0.91
kpo [min~1] 0.51 V6w max [ 0.9720 VUt max [ 0.7560
vpmax'] 0.2960 new [-] 2.0 ng [] 2.0
np [] 5.0 dew,so [+] 431.0 50 [-] 521.0
#ps0 ['] 1024.0 o [min~!] 54 py (min™"] 54
ay [min 1] 0.06 By [min~1] 0.1 Pia [min"] 05
Tia [ 0.2143 qia [dL2 mU™2) 3.04e710 bla [min~!] 0.025
Conax [] 15.0 kiq [min 1] 2.35e-5 Py [min1] 0.5
Ta [] 0.2143 @ [dL? mU 2] 1.3e-11 bya [min"1] 0.0068
TR [min] 5.0 ne [-1 4.0 a, [-] 0.8
7, [min] 600 a. [] 2.974 e [bpm '] 3.39e-4
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