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1. Purpose 
 

The development and use of the mathematical models described in 

Stochastic Virtual Population of Subjects with Type 1 Diabetes for the 

Assessment of Closed Loop Glucose Controllers allows for any person with 

type 1 diabetes to create an in-silico, or virtual copy of oneself for future 

simulations with the use of a nonlinear model predictive glucose controller 

(to be created), by solving for a unique set of parameters that vary with 

respect to time and other metabolic interdependencies. Solutions to the 

parameters are represented as a joint posterior distribution, which are 

used for solving for an appropriate insulin dose in in-silico simulations with a 

glucose controller (to be created), particularly a non-linear model 

predictive controller, through Bayesian estimation. This simulation 

environment will be extended to a fully operational artificial pancreas 

system, by interfacing on a mobile scale, with the use of development 

tools and downloading and uploading of an insulin pump and a 

continuous glucose monitor remotely. 

 

The artificial pancreas system, using the mathematical models and the 

nonlinear model predictive glucose controller previously created, would 

automatically dose insulin based on a live stream of insulin pump and 

continuous glucose monitor data. By doing so, a solution that is not “one-

size-fits-all” is being provided for patients, which can be further modified 

for other factors that affect glucose such as exercise and glycemic index 

information.  

 

2. Advantages of the Model 

 
The models developed by Hovorka et al have been the most advanced 

artificial pancreas models developed so far, with six subsystems 

developed for this particular model. Through the use of stochastic 

differential equations, errors can be accurately estimated, so that the 

model can be verified, modified, and utilized relatively easily. 

 

The ability to solve and estimate parameters used within this model for 

virtually any diabetes patient is truly a game-changer that can 

revolutionize diabetes care for type 1 diabetes. Not only can diabetes 

care be improved, through subsequent in-silico simulation, but a virtual 

library of patients can be developed to make inferences about type 1 

diabetes care across different subsets within the population. The 



information provided by the papers and repositories referenced in this 

document should be sufficient for creation of a robust artificial pancreas 

system. 

 

3. Disadvantages of the Model 

 
This particular model has 22 parameters that must be solved for when the 

joint posterior distribution, which is a solution for the parameters that can 

represent the diabetes patient virtually, is generated from the Markov 

chain Monte Carlo methods, which occurs when the parameters within 

the nonlinear system of stochastic differential equations have converged 

to a solution. This requires using Metropolis-Hastings sampling for the 

Markov chain Monte Carlo method, for generation of a solution. 

 

In addition, when this paper was published, no informed prior distributions 

had been developed to estimate plasma (blood) insulin levels 

(concentration), which is an input parameter required for reliable 

(guaranteed) convergence of a solution. The team only had data for this 

parameter with 12 patients due to the expense of developing insulin with 

radioactive tracers and subsequent measurement. Although a linear 

equation has been provided in the Stochastic Virtual Population of 

Subjects with Type 1 Diabetes for the Assessment of Closed-Loop Glucose 

Controllers paper approximating plasma insulin concentration, this 

equation is insufficient for reliable estimation, as described as a limitation 

in this particular paper. However, a recent publication by the team has 

provided an informed prior distribution and equations for estimation of 

plasma insulin levels (concentrations) with stochastic differential equations 

through Markov chain Monte Carlo methods, in Pharmacokinetics of 

diluted (U20) insulin aspart compared with standard (U100) in children 

aged 3–6 years with type 1 diabetes during closed-loop insulin delivery: a 

randomized clinical trial, in Electronic Supplementary Material 1. 

Therefore, in order to create a virtual patient, two MCMC processes must 

occur separately in this order: 

 

• MCMC for estimation of Plasma insulin levels (input: insulin infusion rate 

[U/min], subject’s weight in kilograms) 

 

o Reference material: Pharmacokinetics of diluted (U20) insulin 

aspart compared with standard (U100) in children aged 3–6 



years with type 1 diabetes during closed-loop insulin delivery: a 

randomized clinical trial, in Electronic Supplementary Material 1 

 

• MCMC for estimation of 22 parameters for creation of a virtual patient 

(inputs: plasma insulin [mU/L] [milliunits per liter], plasma glucose 

[mmol/L] [millimoles per liter], insulin infusion rate [U/min] [units per 

minute], and meal intake [grams of carbohydrates], subject’s weight 

[kg] [kilograms]) 

 

o Reference material: Stochastic Virtual Population of Subjects with 

Type 1 Diabetes for the Assessment of Closed-Loop Glucose 

Controllers 

In order to generate this valuable data, the design criteria of the actual 

experiment for generating a solution for solving for the unique parameters 

for creating a virtual copy of a diabetes patient is based on the paper 

Manual closed-loop insulin delivery in children and adolescents with type 

1 diabetes: a phase 2 randomised crossover trial. Two weeks before the 

experiment, 72 hours’ worth of both insulin delivery data (from an insulin 

pump data upload) and continuous glucose sensor data (from a 

continuous glucose monitor upload) from the patient are first analyzed to 

optimize insulin dosages in order to create optimal settings for the person 

with type 1 diabetes. The dosages are then adjusted based on standard 

insulin pump settings within the insulin pump, which are subsequently 

updated based on the analysis from the uploads, such as insulin sensitivity 

factor [millimoles of glucose per liter per unit of insulin], insulin to 

carbohydrate ratio [units per grams of carbohydrates], and basal insulin 

delivery rates [units of insulin per hour].  

 

The actual experiment starts 2 weeks after the adjustment, in the evening 

at 17:00, by taking finger stick blood glucose readings at 1-5 minute 

intervals (to be determined) until 12:00 the following day (mid-day), 

resulting in 12 to 60 finger sticks per hour. Additionally, insulin dosages are 

adjusted every 15 minutes from 17:00 to 12:00 by calculations used in 

standard #OpenAPS design and protocol.  

 

A self-selected meal of (roughly) mean 87 grams [standard deviation of 23 

grams] of carbohydrates is consumed at 18:00 and meal time (prandial) 



insulin is administered through the insulin pump according to the adjusted 

and optimized insulin to carbohydrate ratio. Blood glucose by finger stick 

continues to be monitored at 1-5 minute intervals until the end of the 

experiment, and insulin dosages are to be continued to be adjusted every 

15 minutes by basic calculations used in standard #OpenAPS design and 

protocol.  

 

At 08:00 the following morning, another self-selected meal of (roughly) 

mean 87 grams [standard deviation of 23 grams] of carbohydrates is 

consumed and meal time (prandial) insulin is administered through the 

insulin pump according to adjusted and optimized insulin to carbohydrate 

ratio. Blood glucose by finger stick continues to be monitored at 1-5 

minute intervals, and insulin dosages are adjusted every 15 minutes by 

calculations used in standard #OpenAPS design and protocol, until the 

end of the experiment at 12:00 (mid-day). 

 

After the completion of the first experiment, the second experiment (with 

no further prior optimization of insulin delivery settings) is to be repeated, in 

the same manner as the first experiment, 1-3 weeks later. The two 

separate sets of data from the two experiments are to be used for 

comparison purposes, to see if the data generated is sufficient and 

generates comparable results, for the two Markov chain Monte Carlo 

methods required for creation of a virtual diabetes patient, also known as 

an in-silico copy. Thus, two in-silico copies of the same individual are 

created, for comparison purposes and for safety reasons. Sufficiency is 

determined by making a direct comparison from basic calculation of the 

individual parameters by mere approximation with information provided 

in the papers, Partitioning glucose distribution/transport, disposal, and 

endogenous production during IVGTT and Insulin kinetics in type-I 

diabetes: continuous and bolus delivery of rapid acting insulin. 

To complete the experiment and perform subsequent calculation, data 

from the insulin pump, blood glucose meter (SMBG), and continuous 

glucose monitor (CGM) are uploaded, synced and integrated, with 

respect to time. This data is converted into a MATLAB-compatible format, 

with respect to the inputs required for the two MCMC processes required 

for a solution to create a virtual patient. The joint posterior distributions are 

generated, by running the respective programs, for the two MCMC 

processes used, in a sequential manner. In the first paper, a vector of 



length 18 [hours] * 60 [minutes/hour] (1080 values) is generated, 

representing time = 1, 2, 3, …, 1080 minutes. A MCMC is solved for, at 

each of the 1080 terms, with respect to time, with insulin infusion rate 

[U/min] and user’s weight [kilograms] [kg] as input. Medians from the joint 

posterior distribution representing each of parameters at a particular time 

in minutes is extracted at each of the 1080 terms. The medians of the 

parameters are used for back substitution into the plasma (blood) insulin 

concentration/level equation seen below: 

 

  

Where ( )plasmaI t  is the plasma insulin concentration ([milliunits/liter] [mU/L]; 

model output), IMCR  is the metabolic clearance rate of insulin 

[1/kilogram/minute] [1/kg/min], cins  is the background insulin 

[milliunits/Liter] [mU/L] which is assumed constant throughout (in this case) 

the experiment, and may explain insulin concentration due to previously 

unabsorbed insulin left in the depot, and W is the subject’s weight 

[kilograms] [kg]. 

 

According to the Stochastic Virtual Population of Subjects with Type 1 

Diabetes for the Assessment of Closed-Loop Glucose Controllers paper, 

convergence to a solution with the second MCMC took on average 5 

days per patient, with a desktop with a 3.0 GHz processor in 2013, and 

due to error and limitations, with respect to measurement equipment and 

being outside a clinical trial setting, we can expect the processing in 

MATLAB to take longer than 5 days.  The second MCMC process provides 

the critical information for creation of a virtual patient, or an in-silico copy, 

excluding the use of a glucose controller, which can be readily designed, 

while the first MCMC provides an additional input, by further back-

substitution of the data generated from the MCMC process at the given 

time intervals into a plasma insulin concentration equation provided, as 

explained previously, to help guarantee convergence to a solution, with 

respect to the second and more complicated MCMC process. 



The complexity of this model is a disadvantage, as it requires extensive 

knowledge about math that mathematicians, biostaticians, and perhaps 

engineers with advanced degrees might only be familiar with. 

 

 

4. Basic Steps for a Solution by Markov Chain Monte Carlo 

Methods 
 
The Markov chain Monte Carlo is used to obtain the joint posterior 

distribution (solution) of all unobserved stochastic variables X conditional 

on observed data Y, i.e.: 

 

 
( ,V | X) (X)

( | , )
( , )

f Y f
f X Y V

f Y V
=   

 

 

Where (X)f  is the prior density function (provided in the papers), 

( , | )f Y V X  is the likelihood function (generated with ease in MATLAB), and 

( , )f Y V  is the joint probability acting as the normalizing factor (generated 

in MATLAB through Metropolis-Hastings sampling). 

 

1. Define the Markov chain as  ( ) ( ) ( ),  1,2,...,  as  [ ]i i ii Xθ θ= =   

 

2. Initialize the Markov chain (1)θ  by setting suitable initial values for each 

of the stochastic variables (for initial estimation of parameter values 

see Partitioning glucose distribution/transport, disposal, and 

endogenous production during IVGTT and Insulin kinetics in type-I 

diabetes: continuous and bolus delivery of rapid acting insulin e.g. 

informed prior distributions for parameters, smoothing parameters 

(precision values for the prior distributions involving random walks), 

population means, population medians, etc. 

 

3. Propose a new state of the Markov chain ( 1)iθ +  that depends only on 

the previous state ( )iθ  . 

 

4. Solve numerically the differential equations for the mathematical 

model in the Stochastic Virtual Population of Subjects with Type 1 

Diabetes for the Assessment of Closed Loop Glucose Controllers paper 



with accompanying initial conditions and input data as defined in the 

proposed state ( 1)iθ + . 

 

5. The proposed state ( 1)iθ +  is accepted, i.e. ( 1) ( 1)i iθ θ+ +=  , if α  , drawn from 

the standard uniform distribution satisfies 

 

 

 
 

Where f  is known as the proposal or jumping density.  

 

6. Go to Step 3. 

 

After a sufficient number of samples, the Markov chain converges to the 

joint posterior distribution (solution) of the stochastic parameters and all 

subsequent samples are considered as posterior realizations of the 

distribution. The MCMC process takes 1,050,000 samples with the first 

150,000 samples being “burn in” samples that are subsequently discarded, 

leaving 900,000 samples used. At every 2000 samples, at even-set intervals 

from the non-discarded MCMC sampler process, is used for creating and 

forming a joint posterior distribution for all of the parameters. After 

creating these distributions, medians of posterior distributions are then 

used to infer point estimates of unknown parameters, and other statistical 

information such as mean and 95% and 75% credible intervals can be 

found. 

 

5. Completed Work 

 
So far, I have completed programming all of the prior distributions for the 

parameters into MATLAB, and I have put them into a format that can be 

handled appropriately for solving of the parameters via the Metropolis-

Hastings sampler by combing the data into a Gaussian Mixture Model. All 

of the second terms for the prior distributions, are in terms of precision 

(inverse of variance or covariance, depending on the data set), 

regardless of whether the variable is defined as τ  or ε  (also known as 

“smoothness”). I have also completed work in Simulink for the set up for 

integration of the differential equations, which will be solved for 

numerically through use of the Metropolis-Hastings sampler function in 



MATLAB, although I am unsure if my work for setting this up is correct at this 

point of time, as I do not have experience in Simulink.  

 

6. Work Currently in Progress 
 

• Create new and separate Simulink (differential equation solver and 

more) block diagram by adding informed prior distribution for solving 

for plasma insulin concentration (levels), from the Electronic 

Supplementary Material (1) provided in Pharmacokinetics of diluted 

(U20) insulin aspart compared with standard (U100) in children aged 3-

6 years with type 1 diabetes during closed-loop insulin delivery: a 

randomized clinical trial. Make sure to check units in both papers to 

prevent error when adding this data for input in the second Markov 

chain Monte Carlo for a solution for the 22 parameters needed for 

creation of the virtual patient. 

 

• Solve the differential equations in the Gut Glucose Absorption 

Subsystem by use of state-space model estimation techniques in 

MATLAB, in the time domain. sys = ssest(data,nx) or some other variant 

with similar syntax will be needed for a solution. 

 

• Get differential equations for the mathematical models to work in 

Simulink 

 

• Since the precision matrix for the intrinsic Gaussian Markov random 

field has been solved for correctly (to the best of my knowledge) figure 

out: 

 

 

o Proper dimensions for applying Markov chain Monte Carlo 

 

o  How to get the actual intrinsic Gaussian Markov random field 

(IMGRF) from the precision matrix for IGMRF (Consult the Havard 

book) so random walks (mathematical process) can be 

completed in the next step. 

 

 

• Get Metropolis-Hastings sampler in MATLAB to produce “accurate-

looking” numbers provided multiple trials of single “static” sample 



inputs, given the Simulink differential equation solver and IGMRF with 

random walks works. 

 

• Provide “test” (experimental—BG, pump, CGM, carbs) data, as 

described for the experiment used for generating the virtual patients, 

for input for Bayesian analysis. Also remove “dummy” carbohydrate 

values in code. 

 

 

• Test project with personal experimental data. 

 

• Verify if data appears to be correct, if not, correct errors and retest. 

 

• Derive statistical data (mean, median, confidence intervals, etc.) for 

formation of virtual patient—myself). 

 

• Mathematical modeling complete (Create virtual patient and 

controller) 

 

7. Overview of the Subsystems of the Model 

 

• Introduction 
 

The subsystems in this model produce unique variables contingent on the 

subsystem characteristics, which affect and alter blood glucose control. 

Obviously, humans cannot adequately predict or account for these 

variables in real-time. Hence, through development of these proven 

models, machines have superseded human performance and 

intelligence, with respect to insulin dosing, and can generally do a better 

job than humans can, despite diligent caretaking. 

 

If these equations are solved for in the order that they are stated, given 

the prior distributions are already defined in the program (see section 8), 

finding the mathematical solution for the desired parameters and 

equations will not be a problem. 

 



• Subcutaneous Insulin Absorption Subsystem 
 

The insulin absorption system represents how insulin is absorbed in 

subcutaneous tissue from an infusion set cannula installed in the 

subcutaneous tissue, in which an insulin pumps insulin through. This model 

consists of two parallel channels: fast and slow. Each channel comprises 

of a two compartment chain.  

 

The slow channel is described below: 

 

 
 

Where 1( )isQ t  and 2( )isQ t  [Units] (of insulin) are the insulin masses in the first 

and second compartment, respectively, ( )iu t  [Units/minute] [U/min] is the 

insulin infusion rate (provided input value from patient), ip  [unitless] is the 

portion of subcutaneous insulin that is absorbed through the slow channel 

(solved for in MCMC as a parameter), 1isk  and 2isk  [1/minute] [1/min] are 

the fractional transfer rate parameters (solved for in MCMC as a 

parameter), and bQ  is the insulin on board due to preceding insulin 

delivery  (solved for in MCMC as a parameter).  

 

 The fast channel is described by the following equations: 

 



   

 

Where 1( )ifQ t  and 2( )ifQ t  [Units] are the insulin masses in the first and 

second compartment, respectively, and ifk  [1/minute] [1/min] is the 

shared fractional transfer rate (solved for in MCMC as a parameter). 

 

Given the inputs and outputs, all of the equations in this subsystem can be 

solved for numerically as an initial-value differential equation integration 

problem, with solving of the parameters stochastically though the MCMC 

methods in tandem. However, some of these systems, such as with the 

second compartment of the fast channel, require the first compartment 

as input for a solution for the second compartment. 

 

• Plasma Insulin Kinetics Subsystem 

 

Plasma insulin kinetics are represented by one compartment: 

 

 

 

Where ( )iQ t  [Units] is the insulin mass in the plasma, ek  [1/minute] [1/min] is 

the fractional clearance rate (solved for in MCMC as a parameter), ic  

[Units/minute] [U/min] is the background insulin appearance (solved for in 

MCMC as a parameter), and ( )mI t  [unitless] is a multiplicative time-varying 



piecewise-linear function describing diurnal and other time-varying 

components of insulin kinetics (solved for in MCMC as a parameter). 

 

Given the inputs and outputs defined in the current and previous systems, 

all of the equations in this subsystem can be solved for as an initial-value 

differential equation integration problem, with solving of the parameters 

stochastically though the MCMC methods in tandem. This subsystem is 

dependent on the prior integration of the second compartments of the 

slow and fast channels of the Subcutaneous Insulin Absorption Subsystem 

(previously described). In addition, the initial value for iQ  which is defined 

as 0iQ  as a state-space variable can be solved for as the initial value of 

the differential equation by use of the MATLAB command sys = 

ssest(data,nx), or setting 0t =  in the ( )iQ tɺ  and solving for (0)iQ  as the initial 

value for integrating the initial-value differential equation. 

The plasma insulin concentration ( )pI t  [milliUnits/Liter] [mU/L] is obtained 

as: 

 

 

6( )
( )   10i

p
i

Q t
I t x

V w
=   

 

Where 190 [milliliters/kilograrm] [mL/kg]iV =  is the insulin distribution volume 

and w  [kilograms] [kg] is the subject’s weight. iQ  values are provided by 

the previously solved equation in this particular subsystem. This equation is 

only used for calculations in the following subsystem, the Insulin Action 

Subsystem. 

 

• Insulin Action Subsystem 

 

The insulin action subsystem includes three remote effects of insulin on 

glucose kinetics and is described by the following equations: 

 



 

 

Where 1 2 3(t), x (t), x ( )x t  [1/minute] [1/min] represent the (remote) effect of 

insulin on glucose distribution/transport, glucose disposal, and the 

endogenous glucose production respectively. 1 2 3, ,a a ak k k  [1/minute] 

[1/min] represent the fractional deactivation rate constants (solved for in 

MCMC as parameters), tS  and dS  [ 410 / minutes  per milliUnit/Liter− ]  are the 

insulin sensitivities of glucose distribution/transport and glucose disposal 

(solved for in MCMC as parameters), respectively, and 
4 [10  per milliUnits/L]eS −  (solved for in MCMC as a parameter) is the insulin 

sensitivity of endogenous glucose production. 

 

Given the inputs and outputs defined in the current and previous systems, 

all of the equations in this subsystem can be solved for as an initial-value 

differential equation integration problem, with solving of the parameters 

stochastically though the MCMC methods in tandem. These systems of 

equations are also dependent on the plasma insulin concentration 

equation ( )pI t  , as defined previously in the Plasma Insulin Kinetics 

Subsystem. 

 

• Glucose Kinetics Subsystem 

 

Glucose kinetics are represented by a two compartment subsystem that 

describes the distribution, production, and utilization of glucose and its 

control by insulin. The insulin-independent glucose utilization is assumed to 

be a saturable process. This subsystem is described as: 

 

( )
( )( )

1
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Where 1( )Q t  and 2 ( )Q t  [micromoles/kilogram] [umol/kg] represent the 

glucose in the accessible (where measurements are made) and the 

nonaccessible glucose compartments, respectively. 01F  

[micromoles/kilogram/minute] [umol/kg/min] is the noninsulin dependent 

glucose utilization (solved for in MCMC as a parameter), 0EGP  is the 

endogenous glucose production extrapolated to zero insulin 

concentration (solved for in MCMC as a parameter), ( )mU t  

[micromoles/kilogram/minute] is the meal glucose appearance (solved 

for in MCMC as a parameter), and the term 0 3(1 (t))EGP x−  is set to zero if 

3( ) 1x t ≥ . The novel component of the present work is the additive time-

varying piecewise linear flux ( )gf t  [micromoles/kilogram/minute] to model 

diurnal changes and other time-varying characteristics of glucose kinetics. 

 

1 10( )Q t Q=ɺ  is a state-space variable that can be estimated for as the initial 

value condition in MATLAB through the command sys = ssest(data,nx), 

which creates an initial value estimate for the differential equation, 

making 1( )Q t  theoretically able to be integrated and solved for as an 

initial-value differential equation, with solving of the parameters 

stochastically though the MCMC methods in tandem. 2 (t)Q  is solved for by 

integration of the differential equation by using the initial value of the 

differential equation provided, with solving of the parameters 

stochastically through MCMC methods in tandem. 

 

Although ( )mU t  has not been used or defined previously, as it is part of the 

Gut Glucose Absorption Subsystem, this variable does not have any 

dependencies besides the variables defined within the Gut Glucose 

Absorption Subsystem, which is independent of all other subsystems. Also, 

the Gut Glucose Absorption Subsystem is only utilized when a meal, 



depending on the amount of carbohydrates consumed, has recently been 

consumed. So, this particular system, which is about to be defined in the 

next section, is not of concern with respect to the solvability of this complex 

model. 

Also, the estimates for the plasma glucose concentration can be found 

by: 

 

1( )
( )

Q t
G t

V
=   

 

Where V=160 [milliliters/kilogram] [mL/kg] is the glucose distribution 

volume. 

 

• Gut Glucose Absorption Subsystem 

 

Gut absorption is represented by two absorption channels, each 

comprising a two compartment chain, to allow double-peak absorption 

profiles to be represented. Such absorption profiles were observed in 

previous studies in young individuals with type 1 diabetes who consumed 

a standard meal containing 120 grams of carbohydrates. Absorption 

channels share the fractional transfer rate. The model includes a 

multiplicative time-varying function to allow increased flexibility of 

absorption profiles, which vary between subjects. The meal subsystem is 

described as: 
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Where 1( )mU t  and 2 ( )mU t  [micromoles/kilogram/minute] are the 

appearances of the first and second absorption channels, respectively, 

( )mk t  (1/min) is a transfer rate parameter (solved for in MCMC as a 

parameter), d  [minutes] is the delay associated with the second 

absorption channel (solved for in MCMC as a parameter) , mp  [unitless] is 

the portion of meal carbohydrates absorbed through the first channel 

(solved for in MCMC as a parameter) , CHO [grams of carbohydrates] is 

the carbohydrate content of the meal (provided input value from 

patient), and ( )mf t  [unitless] is the time-varying piecewise linear function 

(solved for in MCMC as a parameter). 

 

8. Explanation of Prior Distributions of Parameters for the 

Markov Chain Monte Carlo (MCMC) Methods 
 

• Introduction 

 

There are 22 parameters to be solved for, in the Metropolis-Hastings 

MCMC method. All of the parameters are combined into a single 

Gaussian Mixture Model using the respective MATLAB function, to be 

solved for at all at the same time.  

 

Three of the parameters involve the use of random walks during solving of 

the Gaussian Mixture Model, at varying intervals of 15 and 30 minutes. 

Also, the insulin dosage is updated at 15 minute intervals, as an updated 

basal rate [units/hour]. Thus, the program must “split” the total allocated 

time from the “experiment” into elapsed time with 15 minute intervals. For 

the intervals lasting for 30 minutes, two 15 minute intervals must be used to 

calculate the parameter values at each 30 minutes elapsed time period, 

and this particular variable that affects insulin dosage is only updated at 

30 minute intervals, rather than the typical or expected 15 minute interval. 

 

The second value within the parenthesis of the prior distribution function is 

either the precision matrix (inverse of the covariance matrix of the prior 

distribution), represented as Ω , or the precision value (inverse of the 

variance of the prior distribution), represented as either Ω  or ε . 

 

• Background Insulin Appearance, ic     

 



The background insulin appearance, ic    [Units/minute] is used exclusively 

in the Plasma insulin Kinetics Subsystem. The prior distribution is represented 

as a truncated normal distribution, to ensure positivity of the result, as 

there is no such thing as a negative background insulin appearance.  

 

 
 

 MATLAB code: 

c_sub_i = … 
truncate(makedist( 'Normal' , 'mu' ,0, 'sigma' ,(inv(0.04))),0,inf);  

 

• Additive Time-Varying Piecewise-Linear Flux of Glucose Concentration, 

( )gf t   

The additive time-varying piecewise-linear flux ( )gf t  [micromoles/kg/min] 

was created to model diurnal changes and other time-varying 

characteristics of glucose kinetics, which appears in the Glucose Kinetics 

subsystem. The first value of  ( )gf t , which represents the first 15 minute 

segment, is the random walk function, presumed to be of first-order, as an 

intrinsic Gaussian Conditional Autoregressive (ICAR) model is used, which 

is improper, to solve for ( )gf t . j represents the 15 minute segments in which 

the random walks last. 

 

To eliminate convergence issues with an improper matrix (ICAR matrix) 

generated with use of the distribution information for use with random 

walks, a first order random walk function is likely used. So far the precision 

matrix has been solved for with the ICAR model, but I have yet to 

generate an ICAR matrix through the use of intrinsic Gausssian Markov 

random fields (IGMRF), which is essentially equivalent for use with MATLAB. 

In addition, due to convergence issues, the sum of the random walks, 

where a value is generated at a 15 minute interval, in this experiment must 

sum to zero, as the sum-to-zero function is included to prevent this issue. 

For the first random walk, the normal distribution, with variance 16gε =  is 

used. The MATLAB function file imgrf.m is used to generate the precision 

matrix for an intrinsic Gaussian Markov random field. 

 

 



 

  

MATLAB code (for first random walk): 

 RW_sub_g_of_1 = makedist( 'Normal' , 'mu' ,0, 'sigma' ,(inv(16))); 
 
 

• Time-Varying Piecewise-Linear Function of Gut Glucose 

Absorption, ( )mf t   

 

The time-varying piecewise-linear function of gut glucose absorption, 

( )mf t  [unitless] represents the variation of absorption of carbohydrates 

in the gut, dependent on intra-personal factors, such as meal size and 

time of day, that cannot be accounted for in other variables. This 

variable appears in the Gut Glucose Absorption subsystem. 
 
  

The first value of  ( )mf t , which represents the first 15 minute segment, is 

the random walk function, presumed to be of first-order, as an intrinsic 

Gaussian Conditional Autoregressive (ICAR) model is used, which is 

improper, to solve for ( )mf t . j represents the 15 minute segments in 

which the random walks last. The length of how long this random walk, 

in terms of time, is defined by:  

(0.233 1)p ceil CHO= + +   

This means that the value inside ceil is rounded up to the nearest 

whole-valued integer.  

To eliminate convergence issues with an improper matrix (ICAR matrix) 

generated with use of the distribution information for use with random 

walks, a first order random walk function is likely used. So far the 

precision matrix has been solved for with the ICAR model, but I have 

yet to generate an ICAR matrix through the use of intrinsic Gausssian 

Markov random fields (IGMRF), which is essentially equivalent for use 

with MATLAB. In addition, due to convergence issues, the sum of the 

random walks, where a value is generated at a 15 minute interval, in 

this experiment must sum to the natural logarithm of zero, as the sum-



to-zero function is included to prevent this issue. For the first random 

walk, the normal distribution, with variance 100iε =   is used. The MATLAB 

function file imgrf.m is used to generate the precision matrix for an 

intrinsic Gaussian Markov random field. 

 

 

• Insulin kinetics time-varying piecewise-linear function, ( )mI t   

 

The multiplicative time-varying piecewise-linear function describes diurnal and 

other time-varying components of insulin kinetics, which cannot be described in 

other variables. This variable is used in the Plasma Insulin Kinetics Subsystem. 

 

To eliminate convergence issues with an improper matrix (ICAR matrix) 

generated with use of the distribution information for use with random 

walks, a first order random walk function is likely used. So far the precision 

matrix has been solved for with the ICAR model, but I have yet to 

generate an ICAR matrix through the use of intrinsic Gausssian Markov 

random fields (IGMRF), which is essentially equivalent for use with MATLAB. 

In addition, due to convergence issues, the sum of the random walks, 

where a value is generated at a 30 minute interval, in this experiment must 

sum to zero, as the sum-to-zero function is included to prevent this issue. 

For the first random walk, the normal distribution, with variance 100iε =  is 

used. The MATLAB function file imgrf.m is used to generate the precision 

matrix for an intrinsic Gaussian Markov random field. 

 

• Variables from Partitioning Paper 

 

There is a numerical error in the final value of the mean values for the work 

described in this paper. I emailed the authors, and they acknowledged 



the error, which is corrected below. The shrinked covariance matrix is 

calculated through the MATLAB function file covshrinkKPM.m. 

 

 

[ 2.8, 5.7, 2.9, 3.7,3.7,1.6.6,9.7,6.4]P = − − − −   

1

1.5632 0.2166 0.3849 0.2050 1.3835 2.0581 0.3179 0.1181 0.3335

0.2166 1.5627 -0.1279 -0.1287 -0.5569 -1.1351 -0.9479 -0.3883 -0.0426

-0.3849 -0.1279 1.5634 0.1756 -2.3042 -1.6046 -0.8529 0.4669 -0.9201

-0.2050 -0.1287 0.17

g
−

− −

Ω =
56 1.5627 -1.0030 -0.8337 -1.8417 0.0765 1.3138

1.3835 0.5569 2.3042 1.0030 58.2625 17.3489 8.6122 1.6313 4.1101

2.0581 1.1351 1.6046 0.8337 17.3489 62.4180 7.6226 1.8195 1.6448

0.3179 0.9479 0.8529 1.8417 8.6122 7.6226

−
− − − −
− − −
− − − 30.1781 0.1624 6.0911

0.1181 0.3883 0.4669 0.0765 1.6313 1.8195 0.1624 4.5617 1.1032

0.3335 0.0426 0.9201 1.3138 4.1101 1.6448 6.0911 1.1032 13.7014

 
 
 
 
 
 
 
 
 
 −
 

− − − − 
 − − − − 

 

• Fractional Clearance Rate of Insulin, ek   

 

The fractional clearance rate of insulin can be calculated as: 

 

 

Where the mean of the normal distribution is -2.63 and the precision value 

is 4.49. A natural logarithmic function is used to ensure positive values of 

the function. 

 

• Insulin Kinetics and Insulin Absorption Parameters 
 

 

Natural logarithmic functions are used to ensure positive values for the 

variables. 



 

• Parameters associated with carbohydrate consumption 
 

These parameters exist as non-zero values for the length of the random 

walk which is dependent upon the amount of carbohydrates consumed. 

There are two values for each parameter, as there are two equations 

where these parameters are used. 

 

 

• Insulin on Board Parameter 

 

The insulin on board parameter is dependent on the amount of insulin remaining 

in the body, which has not affected blood glucose yet, but will in the future. 

View this as comparable to potential energy. 

 

 

• Channel absorption variables 

 

If insulin or food is absorbed through a particular channel, the distributions can 

be described as uniform, as seen below: 

 

 

 

 

 

 


